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ABSTRACT OF DISSERTATION

IN T EG R A T IO N  O F PARTIALLY OBSERVABLE M A R K O V  DECISION 

PR O CESSES AND R E IN F O R C E M E N T  LEA RN ING  F O R  SIMULATED R O BO T

NAVIGATION

This d isse rta tio n  presents a two level architecture  for goal-directed  robot control. 

T he low level actions are learned on-line as the robot perform s its tasks, thereby 

reducing the  need for th e  system  designer to  program  for every possible contingency. 

T he actions are ad ap tiv e  to  failures in sensors and effectors, allowing the robot to  

perform  its assigned tasks despite hardw are failure. R eactiv ity , deliberation, and  

learning are  an in tegral p a rt of the arch itectu re .

The arch itec tu re  uses a partia lly  observable M arkov decision process (PO M D P) 

model for planning, and  reinforcem ent learning (RL) for low level actions. In add ition  

to  the robot a rch itec tu re , this d isserta tion  presents an d  evaluates a new parallel 

PO M D P solution a lgorithm  and a  new algorithm  for using decision trees to  perform  

function approx im ation  in RL.

New low level actions may be in s tan tia ted  w ith no know ledge of what s ta te  tran si­

tion  they are supposed  to  accomplish. The p a tte rn s  of rew ard  and  punishm ent cause 

them  to each learn to  perform  their assigned s ta te  tran sitio n s . In the  event of sensor 

or effector failure, th e  low level actions ad ap t so as to  m axim ize reward even w ith  

reduced sensor inform ation  or effector availability.
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E xperim ents are conducted  in a sim ulated m aze-like environm ent to  com pare dif­

ferent versions of the arch itec tu re . In the  first experim ent, hand coded actions are 

used. T he rem aining experim ents com pare the perform ance of the  system using hand 

coded actions to  the perform ance of the  system  using learned actions. A final experi­

m ent dem onstrates th a t th e  system  can learn a new action  th a t was not pre-specified 

by th e  system  designer.

T h e  experim ents dem o n stra te  th a t the com bination  of PO M D P planning and 

reinforcem ent learning provides a very reactive system  th a t  can also achieve long term  

goals, ad ap t to failures, an d  learn new low level actions. In order to dem onstrate  the 

robo t control architecture, it was necessary to im prove or m odify existing approaches 

to  reinforcem ent learning an d  PO M D P planning. T h e  approach  to learning low level 

actions is different from any previous approach, and  th e  experim ental results indicate 

it perform s well in the  sim ulated  maze-like environm ent.

Lcirry D. P yeatt
D epartm en t of C om puter Science 
C olorado S ta te  University 
Fort Collins. Colorado 80523 
Sum m er 1999
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Chapter 1 

Introduction

This d isse rta tio n  presents a  two level a rch itec tu re  for goal-directed robo t control. 

Reactivity, de libera tion , and  learning a re  in teg ra l p a rts  of the  arch itec ture . T he low 

level actions a re  learned on-line as the  ro b o t perforins its tasks, thereby reducing the 

need for th e  system  designer to  program  for every possible contingency. T he actions 

are adap tive to  failures in sensors and  effectors, allowing th e  robot to  perform  its 

assigned tasks desp ite  hardw are failure. Xew actions can be created  and  learned on­

line under con tro l of the  higher level p lann ing  system . In addition , th e  higher level 

planning system  is reactive to  failures of th e  low level actions because, by design, the 

p lanner expects failures and  provides for contingencies.

1.1 M o tiv a tio n

This d isse rta tio n  is concerned with robo t nav igation  in a  sim ple s im ula ted  environ­

ment. R obot navigation  is curren tly  a very active research area, and th e re  are m any 

approaches un d er investigation. R einforcem ent learning is one approach  th a t pro­

vides re liab ility  and  continuous learning, b u t does not provide the ab ility  to specify 

a rb itra ry  goals. P lanning  can  provide th is  feature, but system s based on  planning 

tend  to be b r it tle  and  do not adequately  deal w ith  failures and  unexpected environ­

m ental events. T h e  goal of this research is to  com bine a  planning com ponent w ith

1
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reinforcem ent learning for low level actions, resu lting  in a  system  th a t  has th e  benefits 

o f b o th  approaches while avoiding the ir weaknesses.

T h is research relies on sim ulation  of th e  robot and  its environm ent. Simulation 

provides an  a lternative  to  the  m echanical problem s, high costs, and  long turnaround 

tim es associated w ith  cu rren tly  available robo t technology. S im ulato rs historically 

have not represented the  real world w ith  a sufficient degree o f accuracy  to allow 

lessons learned from sim ulation  to  be used reliably on a hardw are robo t. However, 

s im ulato rs are  becom ing increasingly detailed  and  sophisticated . W ith  increases in 

com puting  power, it is now feasible to  build sim ulators th a t a tte m p t to  accurately 

m odel robo tic  sensors, effectors, and  the environm ent. I have selected two simulators 

to  use in my experim ents: RARS and K hepera. The sim ulators were chosen for 

several reasons.

E x e c u t io n  s p e e d : Reinforcem ent learning m ay take many trials to  learn a low level 

action. Higher execution speed in the  sim ulator means th a t  the  experiments 

take less tim e to  run.

S to c h a s t ic  s im u la t io n :  In th e  physical world, there  is always som e uncertainty and 

stochastic  sim ulation helps to model th is uncertainty.

L e v e l o f  d e ta i l :  T he sim ulator should provide th e  sam e type o f sensor data and 

effector control as would be available on a real robot, while expending  as little  

com puta tional resources as possible. If the  sim ulator does not accurately re­

flect th e  physical world, then  there is no guaran tee  th a t any  agent architecture 

developed in sim ulation  will be useful in the  real world.

T h e  R obot A uto Racing S im ulator (RA RS) (T im in 1995) is designed to allow 

robotic  cars to  com pete in au tom obile  races. I perform ed several experiments in 

th is dom ain  to test ideas on reinforcem ent learning for low level actions and  ways to  

com bine them . Section 4.1 describes the sim ula to r in detail.
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Ivhepera is a small, m odular robot th a t includes a  sim ulator for developm ent. 

T he basic system  has two drive wheels, a processor, and  eight light sensors. O ther 

com ponents can  be added, such as a gripper or CCD cam era. T he  low num ber of 

sensors allows fast sim ulation and  reduces the  am ount of inform ation which must 

be processed by th e  controller. However, it also lim its the ab ility  of the  robot to 

make sub tle  d istinctions in its environm ent. T h is could lead to  difficulty in th e  robot 

knowing where it is. so reliable navigation w ith  this robot is difficult. Section 8.1 

describes th e  sim ulator in m ore detail.

C onsiderable current research in robotics is aim ed a t developing reliable, gener- 

alizable robo t control architectures for navigating in an  office or m aze environm ent. 

This d isserta tion  presents an approach to solving this problem. T he design criteria 

for my robot control system  are th a t it must be:

T a s k -D ire c te d :  able to accept a task  or goal and  th en  work to achieve th a t task 

or goal. Changing the goal should not require learning or changing the  control 

program .

R e a c t iv e :  able to  react quickly to  sensor inform ation and  select an ap p ro p ria te  ac­

tion  according to the  situa tion .

R e l ia b le :  high probability  of success a t achieving the goals th a t are  assigned, even 

when its own hardw are fails or when its knowledge of the  world is inaccurate.

A d a p t iv e :  should adapt to  long term  changes in the environm ent.

G e n e ra liz in g :  able to apply knowledge learned in one s itua tion  to  an o th er similar 

situa tion .

S e lf  E x te n d in g :  able to add new actions to  tak e  advantage of knowledge abou t the 

environm ent.

T he perform ance of the robot a rch itec tu re  will be m easured against these criteria.
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Some of the  most successful robo t control system s to d ay  use a m ulti-level ap­

proach where the lower levels con tain  short term  reactive mechanisms, w hile higher 

levels are responsible for long te rm  planning and goal a tta in m en t (H asem ann 1995: 

Brooks 1991a: Sm ithers and  M alcolm  1987). Each level can  be viewed as a  layer of 

control th a t is built on top of th e  layer beneath  it. H igher layers work a t  a high 

level of abstrac tion , while lower layers deal more d irectly  w ith  the  hardw are and  the  

environm ent.

Quick and correct reaction is essential to  m aintain  safety  of a  robot in its  environ­

m ent. If the  robot cannot react quickly to  events and  s itu a tio n s  in the  w orld, it may 

dam age itself and anything else in its pa th . Purely reactive system s m ake decisions 

based on current sensor inform ation. This allows for fast decision m aking, b u t does 

not always result in good long te rm  decisions and goal a tta in m en t.

D eliberation is also im portan t for goal-directed robot control. W ithout som e form 

of long term  planning, the robot is unlikely to accom plish any th ing  useful a n d  cannot 

readily accept new goals. T rad itional planning approaches require a lot of processing 

tim e, and work best at a  high level of abstraction , m aking them  u n a ttra c tiv e  fol­

low level reactive control. However, planning system s generally  include a d iscre te  or 

symbolic notion of sta te , which m ay be lacking in a  purely reactive system . This 

notion of s ta te  allows the robot to  p lan  sequential tasks in order to reach long term  

goals (M ataric 1992a). Some robot control systems th a t use only reactive m echanism s 

can provide fixed goal-seeking behavior, but changing the  goal in these system s is 

difficult (Dorigo and  C olom betti 1998: M ataric 1992a).

1.1.1 Layered A rch itectu re

Taken by themselves, neither reactive control nor p lanning  seem  to be sufficient for 

robotic control applications. A general consensus has em erged th a t some k ind  of lay­

ering is required in a general goal-seeking robot control a rch itec tu re  (Zelek a n d  Levine
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1998). T he  m otivation  behind the  m ulti-level approach  is to  exploit th e  benefits of 

b o th  reaction  an d  planning while avoiding th e ir  individual weaknesses (P y ea tt and 

Howe 1998). Providing ad ap ta tio n , learning, reactiv ity , and  deliberation  is th e  goal 

of m ost robo t control architectures. However, few arch itectu res address a ll o f these 

goals (Zelek and Levine 1998; Dorigo and  C o lom betti 1998). High re liab ility  of low 

level actions is often  seen as a necessity in robo t control system s, but high reliability  

is difficult to  achieve (Dorigo and  C olom betti 1998). M ost robot control system s w ith 

fixed actions tend  to  be b rittle  and  not ad ap tiv e  to  hardw are failures and  changes in 

th e  environm ent (Xehmzow 1994).

It is not always possible to  guaran tee  th a t  an  action  will succeed, or to  know a 

priori  w hat low level actions the  robot will need (D origo and C olom betti 1998: Matciric 

1992a). A robot has to  deal w ith problem s b o th  in the  environm ent and  w ith  its own 

sensors and  effectors. Sensors and  effectors can  becom e unreliable or cetise to  function 

a ltogether, m aking it difficult for the  robo t to  de term ine  the  s ta te  of th e  w orld and 

to  affect the  world in a predictable m aim er. A pproaches to  robot contro l th a t  rely 

on accu ra te  sensor inform ation and  reliable ac tion  execution often perform  poorly 

when th e  sensors and  effectors m alfunction. Ideally, the robot should ad ap t and 

perform  well, w hatever the situa tion  (Ferrell 1994). T he capability  for quick reaction 

to  unexpected  environm ental factors and  a d a p ta tio n  to  failed or unreliable sensors 

and  effectors should be built in from the  s ta r t ,  not added  as an  afterthought (Sm ithers 

and  M alcolm  1987: Sm ithers and M alcolm 1988).

In add ition  to  sim ply adap ting  to  failure an d  reacting  to  the  environm ent, the 

robot should learn new ways to  accom plish th e  tasks th a t are assigned (D origo and 

C olom betti 1998). This ability  to  learn new actions should be a basic requirem ent 

of th e  robot control architecture. Previous research in learning low level actions 

has e ither been constrained to learning actions th a t are pre-specified by th e  system  

designer or has relied on a fixed set of actions and  concentra ted  on finding ways to
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utilize those actions (M ahadevan and C onnell 1992: Bagnell. Doty, and  Arroyo 1998: 

K ontoravdis. Likas, and  S tafy lopatis 1992: S ingh 1991: Singh 1992b: Ring 1991; Ring 

1993a: Dorigo and  C olom betti 1998).

T he robot control a rch itec tu re  described in th is  d isserta tion  uses a  m apping of 

th e  environm ent th a t is inspired by the  m ap  th a t  is strongly  suspected  to  exist in 

biological system s. T here  is evidence th a t biological system s rely on different groups of 

neurons to  perform  various tasks (Fischer an d  Lazerson 1994). R esearch in psychology 

and  cognitive science su p ports  th e  position th a t  biological system s m ake a d istinction 

between knowledge ab o u t how to  affect the  w orld an d  factual knowledge th a t describes 

the  world (A nderson 1983: F itts  and  Posner 1967; Keil 1989: Sun 1995).

T he brain  ap p ears  to  be organized as a h ierarchical system  com posed of intercon­

nected s tru c tu re s  th a t have very different pu rposes (Coren. Porac. and  W ard 1984). 

For instance, a  large body of evidence has been  accum ulated to  su p p o rt the  notion 

th a t biological system s create  a m ap of th e ir  environm ent. T he  discovery of place 

cells in areas C’A3 and  CA1 of th e  ra t h ippocam pus (O 'Keefe and  D ostrovsky 1971) 

has led to  th e  idea th a t the  hippocam pus ac ts  as a  map space (O 'K eefe and  Xaclel 

1978). Cells th a t  fire as a function of th e  an im a l's  o rien tation  in space have also 

been evidenced in various o th e r regions of th e  ra t b rain  (Taube. M uller, and  Ranck 

1990). Some recent com puta tional models o f an im al navigation consider the  hip­

pocam pus as a  hetero-associative network (T ru llie r and  Meyer 1997; Schm ajuk and 

Thiem e 1992: M uller. S tead, and  Pach 1996) th a t  learns the  re la tionships between 

neighboring b u t d istinct places and learns how  places are connected to  one another. 

Section 7.1 describes the  m ap used in this a rch itec tu re .

1.1.2 S in g le  Layer A pproaches

Researchers have experim ented  w ith pure ly  reactive  system s based on reinforce­

m ent learning or genetic algorithm s. T h ey  have developed system s th a t exhibit
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good reactiv ity  and ad ap ta tio n , bu t lack th e  ab ility  to pursue dynam ically  specified 

goals (G ruau  and  Q ua tam aran  1996: S ingh 1991).

A m onolithic single layer approach to  goal-directed robot control using reinforce­

m ent learning is not p ractical for several reasons. Reinforcement learning m ethods do 

not scale efficiently to large tasks, so breaking down the  goal into sub-tasks and learn­

ing each task  independently  appears to  be th e  m ost viable approach  (Singh 1992b). 

Some of th e  m ain bottlenecks are temporal resolution  (expanding th e  unit of learning 

from th e  sm allest possible step  in the ta sk ), division and conquest (finding smaller 

sub tasks th a t  are easier to  solve), exploration, and  structural generalization  (general­

ization of the  value function between different locations) (Singh 1992a). One way to 

ex tend  reinforcem ent learning to perform  m ultip le tasks is to use different modules to 

learn the  solutions of the  different tasks (A nderson and Hong 1994). This indicates 

the  need for som e mechanism, such as a  layered architecture, to  com pose the  tcisks.

In a single layer m onolithic approach  using reinforcement learning, the  ability  to 

accept goals from an outside en tity  requires som e sort of input encoding of the  current 

goal. As m ore goals are added to the  system , m ore inputs are required. T he learning 

tim e for reinforcem ent learning does not scale well w ith the num ber of inpu ts (Dayan 

and  H inton 1993). and so far. no reinforcem ent learning algorithm  luis dem onstrated  

the  ab ility  to  dynam ically add  inputs, as would be necessary for a  robot th a t can 

learn new goals.

O rganism s with short lifespans learn (ad ap t) through evolution. For instance, 

the  individuals in m any species are  born  w ith  all of their responses hard-w ired and 

do not learn (adapt) much during the ir lifetim es. However, because they  reproduce 

prolifically. th e  species is able to ad ap t its hard-w ired reactions fast enough to keep 

up w ith environm ental changes. Species w ith  longer lifespans and  lower reproduction 

ra tes  m ust rely on learning (adap ta tion ) in each individual (Fischer and  Lazerson 

1994).
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M ost single level genetic a lgorithm  approaches to  robo t control have been lim ited 

to  insect-like actions. Several system s have been dem onstra ted  th a t are capable of 

walking, chasing  prey, feeding, and  perform ing o th e r com plex actions (G ruau and 

Q u a tam aran  1996). A lthough lim ited ad ap ta tio n  has been dem onstrated , these ap­

proaches lack th e  ab ility  to perforin long-term  p lanning  and  goal a tta in m en t where 

the  goal changes du ring  the  life of an individual. G enetic program m ing has been used 

to  evolve s im u la ted  robo ts for playing soccer (Luke an d  Spector 1996: Luke 1998). 

Low-level ac tions were hand coded, and  genetic program m ing was used to  generate  

rules for selecting  th e  actions. A lthough very successful for playing soccer, this ap­

proach d id  not resu lt in taskable robo t control. M ore powerful genetic encodings, 

which allow  for th e  creation  of layered s tru c tu res  of processing elem ents, ra th e r th an  

specifying each processing elem ent, m ay help allow genetic algorithm  approaches to  

incorporate  learning an d  adap ta tion  in an  individual as well as in the  species.

1.2 A p p r o a c h

I have developed a  two level robot contro l system  th a t provides goal-driven robot 

navigation an d  th e  ab ility  to learn new low level actions as needed. T h e  lower level 

provides actions, while the  higher level com poses actions to  achieve goals. Training 

and learning are intrinsic to both levels of the  arch itec ture .

A general a rch itec tu re  could conceivably require m ore th an  two levels. However, 

two levels a re  adequate  to  show the  capabilities of th is approach. W hat differentiates 

th is research from  previous approaches is th e  way th a t p lanning is perform ed and the 

way in w hich learning and  ad ap ta tio n  is supported .

The ro b o t control architecture uses actions  for low level reactive control. T he 

robot is perform ing an  action when it uses its effectors to  change th e  world s ta te . 

In m any ro b o t control architectures, an  action  is sim ply a  set of control signals sent 

to  the effectors. A ctions are often seen as d iscrete events th a t cause an  im m ediate
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Figure 1.1: System  overview.

change a t th e  nex t tim e step , bu t in my arch itec tu re , an  action nm y be executed for 

several tim e s tep s  and  m ay use sensory in form ation  a n d /o r  sh o rt te rm  mem ory to  

represent th e  cu rren t s ta te .

An action  w ith o u t short te rm  mem ory has no explicit rep resen ta tio n  of s tate , 

b u t may have im plicit s ta te . In th is arch itectu re , th e  higher level p lan n er does have 

explicit s ta te . A t each level, the  notion of s ta te  is different. A ctions are general 

enough to be used from  a variety  of initial p lanning  level s ta tes  a n d  result in many 

possible final s ta te s . T he  im p o rtan t feature of an ac tion  is how it changes  the  world 

s ta te . Several actio n s  which make changes in the  world s ta te  can  b e  applied  serially 

to  an  initial s ta te  in order to  reach a goal s ta te . Planning, in th is  fram ework, is the  

act of selecting an d  ordering  which actions to  ac tiva te  to  achieve long te rm  goals.

An overview of th e  system  is shown in F igure 1.1. T he a rch itec tu re  is covered in 

m ore detail in C h ap te r  7. T he two levels are  in tended to en cap su la te  two types of
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knowledge and op era te  w ith in  two different tim e frames. T h e  m ajor com ponents of 

the  system  are:

P O M D P  P la n n e r  T he  P lanning  Level im plem ents p rocedural knowledge by using 

a partia lly  observable M arkov decision process (P O M D P ) planner to generate  a 

policy for selecting th e  ap p ro p ria te  low level action for every possible s itua tion . 

PO M D P planning is a  form of reinforcem ent learning (S u tto n  and B arto 1997a). 

A review of PO M D Ps is given in C h ap ter 5. T he p lanning level is m eant to  

opera te  over a  longer tim e period  th a n  th e  individual low level actions. PO M D P 

planning was chosen prim arily  because re-planning is not needed if a low level 

action fails to  perform  as expected. T he system  sim ply selects another action 

and  continues execution. In o th e r words, plan execution is reactive. The actions 

are stored in a library, and th e  P O M D P  planner uses the  descriptions of the  

available actions during  planning.

A c t io n  E x e c u to r :  T his m odule perforins low level actions th a t are applied over a 

short tim e period. T he actions are  responsible for changing the current s ta te  

by sending control signals to  th e  effectors. The action  executor loads the  im ­

plementation  po rtion  of the  required  action from the  library  and  executes it. If 

learning occurs during  execution, th e  action  executor stores the  updated  action 

im plem entation back in the  lib rary  for future use. T he low level action has no 

notion of a  goal, and  its view of th e  world is based on very low level sensory 

d a ta . An action  sim ply maximizes th e  reward th a t it gets from the planner. 

Reinforcem ent learning is ideally su ited  for such requirem ents. An overview of 

reinforcem ent learning is given in Section 3.4.

T he division into two layers allows each m odule to  work a t an appropria te  level of 

ab strac tion  and  provides b o th  reactive control and deliberation . In a sense. PO M D P 

planning is b o th  reactive and  deliberative. D eliberation is perform ed to create a
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policy from the P O M D P  m odel of the world, and  reactive execution is perform ed to 

im plem ent the  policy. T he  ability  for PO M D P planning to  represent the world as a 

d iscrete s ta te  space is c ritical for supporting  learning a t th e  low level and provides a 

convenient m ethod for th e  specification of goals. New po ten tia l goals can be added 

sim ply by adding s ta te s  to  the  POM DP.

1.2.1 Low level A ctions

Psychologists d istinguish  between innate reflexes, over which the organism has only 

slight control, and  actions  which are organized abilities under voluntary control th a t 

allow flexible behavior th a t can be affected by rew ards an d  punishm ents (Fischer 

and  Lazerson 1994: B runer 1973). I define actions sim ilarly  in the robot control 

architecture. This is slightly  different th an  th e  definition th a t is used for behavior in 

behavior based robotics, which does not necessarily include rew ards and punishm ents.

O ne m ajor goal o f th is research is to show th a t the  robot can begin w ith few 

actions and learn actions as necessary. T he system  does not require the program m er 

to  specify a set of possible actions, because th a t inform ation is implicitly em bedded 

in the  PO M D P m odel. T he POM DP model is a com bination of the state  map th a t is 

provided by the program m er and the transition  probabilities th a t are learned by the 

robot. O ther system s have composed low level actions in order to reach long term  

goals, and some system s have been able to  learn pre-speeified actions. My work goes 

one step  further so th a t  actions are specified and  learned autom atically  as they  are 

needed. C hapter 7 explains how this is accom plished.

In Singh's (1991. 1992b) work, the system  learned to  use pre-program m ed actions 

to perform  useful functions. My work is sim ilar in sp irit to  Singh's approach, but 

does not allow for th e  creation of new actions. All actions in Singh's approach had 

to  be explicitly defined before learning could occur. Thus, th e  agent was not able to 

ex tend  its set of actions. T he approach of A nderson and  Hong (1994) did not require
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th a t  all actions be pre-defined, bu t did  not include a p lan n in g  com ponent, so th e  

goal s ta te  could not be a rb itra rily  specified. T he ir experim ents evaluated a  m odular 

reinforcem ent learn ing  approach  for solving the  pole balancing  problem , bu t give no 

indication of how well the  approach  would work in robot nav igation . My arch itec tu re  

allows the  robot to  have a  g rea t deal m ore control over w hat it learns at the  low level 

while still allowing an  a rb itra ry  goal s ta te  to  be specified a t an y  tim e.

1.2.2 P O M D P  P lan n in g

T he task  of the  P O M D P  p lanner is to  create  a policy for reach ing  th e  goal while deal­

ing w ith uncertain ty . T hus, it is a form  of model-based, reinforcem ent learning (S u tton  

and  B arto  1997a). M ataric  (1992b). D ean et al. (1993). an d  Koenig et al. (1996) 

have shown th a t P O M D P s provide a good approach for m eeting  th e  requirem ents for 

th e  planner level in a robo t. T he  PO M D P  model explicitly rep resen ts uncertain ty  in 

th e  execution of actions, u ncerta in ty  in the  sensors, and ap p ro x im ate  knowledge of 

th e  environm ent and  the  location  of th e  robot. T he fact th a t  it is based on an under­

lying M arkov m odel simplifies the  tasks of tracking the w orld s ta te  and generating 

reinforcem ent for th e  low level actions.

PO M D P p lanning  requires a topological m ap of the  env ironm ent. The topological 

m ap represents each possible position  and  orien tation  for th e  ro b o t. Some researchers 

have shown how such m aps can  be learned by the  PO M D P p lan n er (M ataric 1992b: 

Zim m er and von P u ttk am er 1994). A hierarchical m ap can  be learned on-line and  

used to  focus a tte n tio n  an d  reduce th e  num ber of sta tes th a t  m ust be considered a t 

one tim e (D onnart and  M eyer 1996). T he ability  to learn th e  topological m ap is not 

th e  focus of this d isserta tion , so in my experim ents, a topological m ap is given to the  

robot.

PO M D P plann ing  allows only one action  to  be active a t an y  tim e and th a t action 

is x’esponsible for controlling th e  robo t. It would be more difficult to  allow m ultiple
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actions to  be active a t the  sam e tim e as is done in som e o th er arch itec tures such 

as S ubsum ption  (Brooks 1991c: Brooks 1991b). M ultip le  sim ultaneous actions are 

difficult in the  robot control a rch itec tu re  due to  th e  problem  of assigning rew ards and 

track ing  th e  current s ta te . Allowing only one ac tio n  per tim e step is not a  severe 

lim ita tion  if each action is allowed to  control several effectors sim ultaneously.

E ach  tim e an action is executed , the  PO M D P p lanner tracks the ac tu a l s ta te  

tran s itio n  th a t occurs. T here  m ay be no s ta te  tra n s itio n  in th e  library th a t  could 

“explain" th e  transition  th a t ac tu a lly  occurred. In th is  case. it is safe to  assum e th a t 

an ac tio n  could be created  specifically to  cause th e  unexplained sta te  tran sitio n . In 

this way th e  robot can learn m ore efficient low level actions and  the PO M D P planner 

can learn  to  use those new low level actions. The m echanism  for learning actions is 

described  in C hap ter 7.

T h e  arch itec tu re  developed in th is research should  be general enough to  be used 

in a  w ide range of robotic app lications, including m obile robots and robo tic  arm  

assem blies. The only requirem ent is th a t the dom ain  can be expressed as a  d iscrete  

s ta te  space th a t can be m odeled as a Markov decision process. Most real world 

dom ains fit th is requirem ent: th e  robot designer has a g reat deal of flexibility in 

m odeling th e  environm ent.

1.3  R esea rch  G oa ls

"An cirtificial system  able to  learn an ap p ro p ria te  behavior by itself is th e

d ream  of anv developer." _ , ,
Marco Uongo ana Marco Colombetti
"Robot Shaping." 199S

The goal of this research is to  develop and d em o n stra te  a  system  which is capab le  

of genera ting  and  using new low level actions in a  sm all robo t navigation dom ain. 

A d ap ta tio n  and  learning a t th e  low level are in tegral to  the  robot arch itec tu re , and
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a d a p ta tio n  a t the planning level is also supported . T he  cen tral questions for the  

system  as applied to  th is dom ain are:

•  W hat forms of reinforcem ent learning are  relatively insensitive to learning pa­

ram eters. and can be scaled up to  work as a com ponent in the  architecture? 

In m any reinforcem ent learning system s, the  hum an investigator can tune  the 

learning param eters, but in the  robo t control a rch itec tu re , th e  system  will be 

generating its own param eters for each reinforcem ent learning action. It is 

im portan t to  have a reinforcem ent learning im plem entation th a t will reliably 

learn w ith a very broad range of learning param eters. Since action creation and 

learning is under control of the  P O M D P  planner, th e re  is no opportun ity  for 

the  program m er to adjust the  learning param eters.

•  Does PO M D P planning scale to  a  sm all robot dom ain? PO M D P planning is 

a  relatively new area of research. Previous work has shown promise, bu t there 

are problems associated w ith scaling PO M D P solution m ethods to even small 

real-world dom ains (C assandra. L iftm an , and Kaelbling 1996).

•  Does the com bination of PO M D P planning  and w ith  low level actions result in 

reliable navigation in the small robot dom ain?

•  Is the  combined P O M D P /R L  system  m ore reliable th a n  the  sam e system  using 

hand coded actions? How do learned actions com pare w ith hand coded actions 

when dealing w ith imperfect sensors, uncertain ty  and  failures in effectors and 

sensors? Reinforcement learning provides a m echanism  for adap ting  to  failures 

and  changes in the  environm ent, b u t how well will the  ad ap ta tio n  work under 

the  control of a higher level p lanner th a t may be uncerta in  abou t its s ta te  in the 

environm ent? T he sam e failures th a t necessitate ad ap ta tio n  a t the low level also 

degrade the ability  of the planning level to determ ine w here it is in the world.
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ancl therefore, its ab ility  to  assess how well a low level action  has perform ed  its 

function.

•  How well do the  learned actions generalize to  work in s ta tes  th a t they  were not 

tra ined  in?

• C an the system  discover and  learn new actions? How does learning new  actions 

affect the  efficiency and  reliab ility  of the  robot? An action  is useful if it allows 

the  robot to reach goals th a t  could not be reached w ithout the ac tio n , or if 

it allows the robot to  reach a goal more efficiently th a n  it could w ith o u t the  

action.

1.4 E x p er im en ts

The research goals a rticu la ted  in the  previous section m otivate th e  experim ents. T he 

experim ents described in C h ap te r 4 answ er the first question: W hat forms of reinforce­

ment learning are relatively insensitive to  learning param eters, and  can be scaled  up 

to  work as a com ponent in the  a rch itec tu re?  Experim ents w ith  reinforcem ent learning 

using the Robot A uto Racing S im ulator (RARS) (T im in 1995) were used to  explore 

these questions. At first. I used tab le  lookup and s tan d ard  backpropagation  to  esti­

m ate the value function. Table lookup is relatively insensitive to  learning p a ram ete r 

settings, but does not scale well w ith  th e  number of inputs. S tandard  b ackp ropa­

gation scales well, but th e  experim ents showed th a t it is very sensitive to  learning 

param eters and convergence cannot be guaranteed. Experiences with ta b le  lookup 

and backpropagation prom pted  me to  explore an a lte rnative  approach using  deci­

sion trees to  approxim ate the  value function. This m ethod is much less sensitive  to  

learning param eters th an  th e  backpropagation  approach and  scales much b e tte r  th an  

tab le  lookup. The results of experim en tation  showed th a t the  decision tree approach  

provided the  right mix of reliable learning and scalability.
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A fter finding a su itab le form  of reinforcem ent learning I began  experim ents on 

P O M D P  planning. T he m ajor problem  associated  w ith  P O M D P  p lann ing  is th a t it 

is ex trem ely  com putationally  expensive. It was necessary to  find a  way to  generate  a 

policy for problem s th a t are m uch m ore difficult th a n  those typically  found in PO M D P 

lite ra tu re . I developed a parallel algorithm , coupled w ith  som e m inor im provem ents to  

th e  best known PO M D P solu tion  algorithm . I ran  experim ents using som e s tan d a rd  

P O M D P  problem s in order to  verify th a t the  parallel PO M D P solver is faster than  

previous algorithm s. T he parallel a lgorithm  is adequate  for p lann ing  in a  sm all, bu t 

non-triv ia l dom ain. This is enough for testing  the  arch itec tu re . W ith  th e  PO M D P 

p lanner working. I ran  experim ents to  get a baseline on perform ance using a fixed set 

of pre-program m ed low level actions using the  K hepera  sim ulator. P O M D P  planning 

w ith  hand  coded low level actions was found to  be very reliable and  could scale to a 

sm all b u t non-triv ial robot dom ain.

T he  first two phases of th e  p ro jec t dealt w ith  creating  an d  testing  the  com po­

nents for the  two level system . In phase three. I com bined th em  to  show th a t the  

resu lting  system  was reactive, reliable, adaptive, and  generalizable. I replaced the  

pre-program m ed actions from phase  two w ith  reinforcem ent learning m odules to  pro­

vide th e  sam e set of actions. T hen . I m easured the  perform ance of b o th  system s 

under a variety  of conditions.

A final set of experim ents was conducted to  answ er the rem ain ing  question: Can 

th e  system  generate  useful actions? T he P O M D P planner was ex tended  to  evaluate 

s ta te  tran sitio n  probabilities th a t  are  learned as the  system  op era tes . T he  extended 

p lanner looks for transitions th a t  a re  not explained by any existing  low level action. 

W hen such a  tran sitio n  is found, a new action m odule is c reated  and  associated  w ith 

th e  new transition . The new action  m odule is tra in ed  on-line to  perform  the  new 

tran sitio n , thereby  extending th e  set of low level actions available to  th e  PO M D P 

planner.
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1.5 C o n tr ib u tio n s

The most significant con tribu tions are th e  new  reinforcem ent learning ancl PO M D P 

algorithm s presen ted  as p a rt of this d isse rta tio n . T h e  decision tree function  approxi­

m ation app roach  to  reinforcem ent learning a lg o rith m  provides scaling th a t is superior 

to tab le  lookup w ith  convergence superior to  backpropagation  based approach  using 

sigm oidal ac tiv a tio n  functions. O ther researchers a re  curren tly  ex tending  my decision 

tree approach  to  value function approx im ation .

T he P O M D P  solution algorithm  is cap ab le  of solving larger problem s th an  were 

previously possible. In add ition , my im p lem en ta tio n  of an  exact P O M D P  solver has 

verified the  only  o ther existing exact P O M D P  solver, w ritten  by C assand ra  (1998a). 

and will p rovide a te stb ed  for PO M D P researchers to  experim ent w ith  alternative 

algorithm s.

Secondly, th e  experim ents dem onstra te  th a t  th e  robot control a rch itec tu re  meets 

its design c rite ria  for the  dom ain in w hich it was tested . The th ird  contribution  

of this d isse rta tio n  work is an  approach to  learn ing  adaptive low level actions. It 

is the  combination  of reinforcem ent learn ing  w ith  PO M D P planning th a t results in 

this capability . Both com ponents provide reac tiv ity  a t different tim e scales. This 

com bination provides a very reactive system  th a t  can also achieve long term  goals, 

ad ap t to failures, and  learn new low level ac tions. In order to dem o n stra te  the  robot 

control a rch itec tu re , it was necessary to  im prove or m odify existing approaches to  

reinforcem ent learning and  PO M D P p lann ing .

1.6 T h e s is  O u tlin e  and  S u m m a r y

Section 1.2 presented  a high level view of th e  a rch itec tu re  th a t was developed for 

this d isserta tion . D etails are left for la te r ch ap te rs , since full un d ers tan d in g  of the 

arch itec tu re  requires some knowledge of top ics  covered in Section 3.4 an d  C hapter 5. 

The robot contro l a rch itec tu re  can be viewed as a  fram ew ork for a specific implemen-
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ta tio n . Later chap ters  discuss the details of the  current im plem entation, and  cover 

th e  architecture  in m ore detail. T he  rem ainder of th is d isserta tion  is organized as 

follows:

C hapter 2 reviews som e of the  robo t architectures th a t have been developed pre­

viously and relates them  to  the  work in this d isserta tion . It discusses th e  m ethods 

used in those a rch itec tu res  to  im plem ent low level actions and  the m ethods used to 

com bine the levels. T his is 110 m eans a  com plete listing of all robot arch itectures, but 

covers some th a t have characteristics in com m on w ith the  work in this d isserta tion . 

All of the arch itectu res covered try  to  solve the  opposing goals of reactiv ity  and  delib­

era tion . with varying degrees of success. This chap ter provides background m ateria l 

and  m otivation for th e  robot control a rch itec tu re . Section 2.4 covers some approaches 

to  planning under uncertain ty . Again, no a tte m p t is m ade to  review every approach 

in the  literature, b u t only to give an  overview of some of the  more notable planning 

approaches. This section provides background m aterial on planning as a  M arkov 

decision process and  provides justifica tion  for using a M arkov model approach.

C hapter 3 gives a  review of some approaches to im plem enting low level actions. It 

discusses the s tren g th s  and  weaknesses of these approaches and  provides justification  

for why low level actions were im plem ented using reinforcem ent learning. Section 3.4 

provides an in -dep th  review of reinforcem ent learning, and  m otivates the  work in 

decision tree function approxim ation  for reinforcem ent learning. This section covers 

basic reinforcement learning theory  and  presents the two most common approaches. 

Sarsa and Q -learning. Section 3.4.4 discusses some of the  problem s th a t can be 

encountered w ith reinforcem ent learning and  describes some of the  m ethods th a t 

have been proposed to  alleviate these problem s.

C hapter 4 presents a  new decision tree  based approach to  reinforcem ent learning. 

T his chapter presents some experim ents and  results com paring decision tree, tab le  

lookup, and backpropagation  based reinforcem ent learning.
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C h ap te r 5 provides some necessary background on P a rtia lly  observable M arkov 

decision processes. T he  PO M D P model is explained , followed by descrip tions of 

the  known exact so lu tion  algorithm s. Some ap p ro x im a te  m ethods are also covered 

briefly. T his section gives background m ateria l used to  explain the robo t control 

a rch itec tu re . It also highlights th e  difficulties involved in finding solutions to  large 

P O M D P  problem s.

C h ap te r 6  covers a  new parallel a lgorithm  for finding exact solutions to  P O M D P  

problem s. T his a lgorithm  modifies a previous a lg o rith m  to  ru n  efficiently in a coarse 

grained  parallel environm ent. T his algorithm  enabled  me to  find exact so lu tions to 

P O M D P problem s th a t  were too large to  be solved w ith  any  previous exact a lgorithm . 

A lthough  the  problem s tha t can be solved are s till considered too sm all to  be of 

any practical use in robotics, the  parallel a lgorithm  allowed me to d em o n stra te  the  

a rch itec tu re  in a  sm all, but non-trivial dom ain. T h is  ch ap te r presents ci perform ance 

com parison between the  parallel algorithm  and th e  non-parallel version for solving 

several s tan d a rd  P O M D P  problems.

D etails of how the  robot learns low level actions a re  presented in C h ap te r 7. T his 

ch ap te r explains how learning is m ade possible by th e  characteristics inherent in the  

p lanner and  actions. All of the background m ate ria l th a t  was covered in previous 

chap ters is draw n together in th is chapter to  form  a  com plete picture o f the  robot 

arch itec ture .

C h ap te r 8  presents the  experim ents and results. T h is  chap ter covers experim ents 

and  results w ith  b o th  levels of the  arch itectu re  in th e  K hepera  robot sim ulato r.

Significant contribu tions of th is work and  som e of th e  issues th a t it addresses are 

exam ined in C h ap ter 9. The architecture  presented in th is  d isserta tion  is com pared  to  

previous approaches to  robot control and th e  re la tive  s tren g th s  and weaknesses are 

assessed. T his ch ap te r also discusses significant co n trib u tio n s  to P O M D P solu tion  

m ethods and  to  function approxim ation in reinforcem ent learning. Finally. Section 9.5
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presents some of th e  rem ain ing  issues a n d  gives suggestions for possible fu tu re  work. 

T h e  approach to  learn ing  low level ac tions th a t is p resen ted  in th is d isserta tion  is 

different from any  previous approach , and  the experim ents show  th a t  it perform s 

well. T he m ajor hurd les to  be overcom e are in scaling th e  ac tion  an d  p lann ing  levels 

to  work on a larger ro b o t in a  m ore com plex environm ent.
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Chapter 2

Review of Robot Architectures and 
Planning

An architecture is a  descrip tion  of the  basic com ponents th a t make up  a  system  and 

and  how those com ponents work together to  form th e  whole (D ean and Wellman 

1991). This chap ter covers som e ex tan t robot a rch itec tu res  and com pares them  with 

the  architecture p resented  in this dissertation.

2.1  S e n se -M o d e l-P la n -A c t

T he earliest robotic arch itec tu res used a sense-m odel-plan-act approach  (Xilsson 1984: 

Doshi. Desai. Lam. and  W hite  1988). In this paradigm , inform ation from  sensors was 

gathered  and used to  build a  model of the curren t world sta te . B uilding the  world 

model usually involved feeding the  sensory d a ta  to a sem antic netw ork which, after 

a great deal of com p u ta tio n , produced a detailed  sym bolic descrip tion of the  world 

s ta te . Once the  m odel was constructed, a p lanner was used to c rea te  a step by 

step  procedure for reaching th e  desired goal s ta te . Finally, the p lan  was executed. 

P lanning  was perform ed using th is detailed descrip tion , which also consum ed a lot of 

com putation. Due to  th e  am ount of com puta tion  required , several m inutes or even 

hours could elapse betw een the  tim e the robot sensed its environm ent and  when it 

began to  act on th e  in form ation  it had gathered.
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T he sense-m odel-plan-act paradigm  assum es a  predictable or s ta tic  world between 

sensing and acting. T h is assum ption is usually not valid for real-world environm ents, 

which can change while th e  robot is m odeling and  planning. By the  tim e the robot 

acts, the  world can be very different from the  one th a t the  sensory d a ta  indicated. 

As a  result, these early  robo ts had to move very slowly, re-planning after every step . 

M ost a ttem p ts  to  im prove th is  m ethod of robo t control consisted of speeding up the  

sense-m odel-plan-act loop.

2 .2  R e a c tiv e  S y ste m s

R obots based on the  sense-m odel-plan-act paradigm  were able to  perform  reasonably 

well only in s ta tic  dom ains and were very slow to  act. In add ition , the  large com­

p u ta tiona l requirem ents precluded the  use of 011-boarcl processing. Clearly, a new 

paradigm  was needed th a t  could react in a tim ely fashion to  changes in the environ­

m ent.

2.2.1 S u b su m p tion  A rch itecture

In 1986. Rodney Brooks published a landm ark  paper on the  subsumption architec­

ture (Brooks 1986). which introduced a fundam entally  different approach to robot 

control. The subsum ption  approach allows m odeling of tight sense-act loops as finite 

s ta te  machines. W hile early  approaches to  robot control s ta r ted  w ith planning, sub­

sum ption  s ta r ts  at the  o th e r end and a tte m p ts  to  create intelligence by combining 

basic behaviors. Brooks (1991a) reasons th a t  the  artificial intelligence com m unity 

need not a ttem p t to  build  "hum an leveC intelligence into m achines directly from 

scratch. C iting evolution as an example, he claim s th a t we can first create sim pler 

intelligences, and  g radually  build on the lessons learned from these to work our way 

up to  more com plex behaviors.
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T he first set of behaviors in a  robo t m ight provide th e  ab ility  to  avoid collisions 

by moving away from approach ing  ob jects bu t otherw ise s tan d in g  still. A higher level 

behavior might cause the  ro b o t to  move in a  given d irec tion . T h is behavior dom i­

nates the obstacle avoidance behav io r by suppressing its  o u tp u t unless an  obstacle is 

detected. In th is way. higher level behaviors are built up . subsum ing  th e  function of 

lower level behaviors. T he  resu lt was a robo t th a t can m ove a ro u n d  for hours w ithout 

colliding w ith anything.

T he design of the  su b su m p tio n  a rch itec tu re  has been influenced by a philosophy 

of "no global world models'" an d  "no trad itio n a l A l p lan n in g .” T he  underlying a r­

chitecture is d is tribu ted , w ith  no sh ared  m em ory or g lobal com m unication network. 

T he subsum ption arch itec tu re  is based on networks of behav iors th a t are each imple­

m ented as an  augm ented finite s ta te  m achine (A FSM ). Each AFSM  has a num ber 

of s ta tes  and a set of inpu t a n d  o u tp u t po rts . Each in p u t p o rt has a buffer register 

th a t always contains the m ost recently  received message on th a t  p o rt. T he networks 

are built by wiring o u tp u t p o rts  of A FSM s to  inputs of o thers. Messages are sent 

over these wires. Each A FSM  changes its in ternal s ta te  according  to  the  messages it 

receives and possibly generates m essages, which are sent a long its outgoing wires.

The subsum ption approach  allows a decom position o f th e  world model. Each 

behavior can model the p a rt of th e  world th a t it needs in parallel w ith  the o ther 

behaviors. This resulted is fa s te r sense-net cycles, allow ing robo ts  to  move much 

m ore quickly th an  is possible w ith  th e  sense-m odel-plan-act parad igm . Due to the  

success of the  subsum ption  a rch itec tu re , the  focus of m ost robotics research shifted 

to sensing and acting, and  th e  em phasis on planning was reduced.

W hen designing robots w ith  a  num ber of behaviors, th e  subsum ption  architecture  

m ust be able to  decide which behaviors are  ap p ro p ria te  a t a given tim e and. from 

these, which one should be selected. Brooks (1991b) describes a  system  of activation  

which is m odeled upon anim al horm one system s. In th is system , som e of the AFSM s
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of the  basic subsum ption  a rch itec tu re  layers can be halted  or inh ib ited  by th e  presence 

or absence of a horm one. This co m p u ta tio n al mechanism is designed to  m odu la te  the 

ro b o t’s behavior by  threshold ing  th e  layers o f AFSMs and preventing th e  ac tiv ity  of 

those levels below the  threshold . T he horm onal m echanism  leads to  in tegra tion  of 

behaviors in the subsum ption  a rch itec tu re .

M ataric  (1992a) poin ts ou t th a t  the  d is tribu ted  na tu re  of th e  a rch itec tu re  allows it 

to  scale well. A lthough not yet dem o n stra ted , the num ber of layers in th e  subsum ption  

a rch itec tu re  and th e  com plexity of th e  resu lting  behavior is p robab ly  lim ited  (Brooks 

1991c). since the hum an designer can only m anage a lim ited am ount of com plexity 

in the  in teractions betw een behaviors. T he  addition of horm ones increases the  size 

of the  system  linearly, but th e re  is a lim it on the intersections betw een horm ones, 

effectively lim iting th e  system ’s overall size.

Subsum ption a rch itec tu re  dem onstra tes  the im portance and  power of low level 

behaviors. E xperim ents w ith th e  subsum ption  architectures also underscore th e  need 

for som e higher level coord inating  m echanism . Subsum ption a rch itec tu re  does not 

allow for learning of behaviors directly, so the system  designer is responsible for 

an tic ipating  every possible s itu a tio n .

Subsum ption is one type of behavior-based robot architecture . T hough  behavior- 

based robot a rch itec tu res are varied, they  share several com m on features, includ­

ing (A rkin 1998):

•  em phasis on the  im portance of coupling sensing and  action  tightly .

•  avoidance o f rep resen ta tional sym bolic knowledge, and

•  decom position of behaviors o r s itua tion-action  pairs into con tex tually  m eaning­

ful units.

Some o ther behavior-based approaches include m otor schem as (A rbib  1992). circuit
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arch itec tu re  (Rosenschein and  Kaelbling 1987). colony arch itecture  (Connell 1989). 

and  an im ate  agent arch itecture  (F irby 1995).

2.2 .2  C H ILD

T em poral T ransition  Hierarchies is a neural netw ork arch itec ture  th a t learns by adding 

new nodes to  a  basic network (Ring 1993a: R ing 1993c: Ring 1993b). T h e  new nodes 

dynam ically  ad just weights in the  existing netw ork. New nodes take th e ir  inpu ts from 

som e tim e in the  recent past, instead of the  cu rren t inpu ts, allowing th is  arch itec tu re  

to  opera te  in non-M arkovian dom ains. A M arkovian dom ain is one w here the  op tim al 

decision can be m ade based only on the curren t s ta te .

A Tem poral T ransition Hierarchies netw ork learns very quickly w hen com pared to 

recurrent neural networks on supervised learning benchm arks. T hey have no hidden 

un its  in the  trad itio n a l sense, and the  activation  functions are linear. However, the  

netw ork arch itec tu re  still allows it to  com pute non-linear m appings as w eighted sum s 

of linear functions.

C ontinual. Hierarchical Increm ental Learning and  Development (CH ILD ) (Ring 

1994) combines Tem poral T ransition  H ierarchies w ith Q-learning. At each step , the 

ro b o t's  sensory input from the current s ta te  is given to  the  transition  hierarchy net­

work which produces a value for each possible action. The netw ork’s response a t 

the  previous tim e step  is modified according to  the  m axim um  action value from the 

curren t tim e step . This system  is designed to  learn  continually  and ad ap t to  new s it­

uations and  environm ents. New hierarchies a re  added  for each skill or behavior, and 

new behaviors can be constructed from old ones by building onto ex tan t hierarchies. 

T h is allows th e  robot to encapsulate skills from early  learning into a  foundation  for 

la te r learning.

CHILD has been shown to  work well for nav igating  a maze-like environm ent where 

th e  inputs a t each tim e step  may not uniquely determ ine the  curren t s ta te  (Ring
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1993c: Ring 1994). T he ability  to  use inputs from previous tim e steps helps de te r­

mine the  ac tu a l s ta te  and choose an  app rop ria te  action. C H ILD  dem onstrates th a t 

reinforcem ent learning can be used to  solve problems in non-M arkovian domains.

2.3 R e a c t iv e  P la n n in g

A lthough th ey  paved the  way for several years of progress in robotics, the reactive 

approaches were seen as insufficient by som e researchers. T he m ain problem was 

the lack of long-term  planning for goal a tta in m en t. However, lessons w ith  the sense- 

m odel-plan-act paradigm  showed th a t p lanning for robotic  app lications needed to be 

re-thought to  provide b e tte r perform ance and  reaction to  changes in the  environm ent. 

One com m on approach has been to  plan a t different levels o f abstrac tion . The lower 

levels provide sho rt-te rm  reactive actions and  hide the d e ta ils  from the higher levels, 

which focus on achieving long term  goals. This approach  to  com bining the best 

features of p lann ing  and  reactive system s is known as reactive  planning.

2.3.1 R A P s

Reactive A ction Packages (R A Ps) (F irby  1989) are an approach  to  reactive planning 

for robot control. RAPS allow the  high level p lanner to  specify tasks, instead of 

actions, resulting  in more robust plans. A RA P groups to g e th e r and describes all of 

the known m ethods to carry  out a single task  in different s itu a tio n s. T he  higher level 

planner creates plans as a sequence of RA Ps to be used. T h is  allows a plan to be 

created w ithou t specifying w hat low level actions are to  be perform ed. As each RA P 

in the plan is selected for execution, th e  s itua tion  su rround ing  the  robot is used to 

index into th e  R A P and select th e  most appropria te  m ethod .

Execution m onitoring and local re-planning are in teg ra l to  the  RAPS system . 

Firby argues th a t b o th  capabilities are necessary p rim arily  because planning and  

prim itive action  execution take place a t  different levels o f ab strac tio n . A prim itive

26

R e p ro d u c e d  with perm iss ion  of th e  copyright ow ner.  F u r th e r  reproduction  prohibited without perm iss ion .



action  in s tru c ts  th e  robo t hardw are to perform  a well-defined, concrete  action in the 

real w orld and . thus, requires an  approp ria te  in itia l s ta te . O n th e  o th e r hand, the 

purpose o f p lann ing  is to  take  very high level goals and  produce sequences of sim pler 

tasks to  achieve those goals. A com m on m istake in early robo t con tro l system s was 

in asking th e  p lanner to  generate  task  sequences a t the  level of p rim itive  actions. In 

com plex, dynam ic dom ains, planners cannot produce accurate  p lans in such detail: 

therefore, in ap p ro p ria te  actions will inevitably be included. R A P s are  a mechanism 

for reducing the  p robab ility  th a t  the  plan will fail by  keeping th e  p lan  a t a high level 

of ab strac tio n . In essence, th e  system  perform s p lanning  a t a h igh level and selects 

from com piled p lans a t th e  low level. A system  th a t uses R A Ps qualifies as a reactive 

p lanning  system  since it provides a mechanism for quickly selecting  am ong different 

prim itive actions.

2.3 .2  C ypress

W ilkins et al. (1995) developed Cypress, a hierarchical p lann ing  system  based on 

S IP E  an d  PR S. In th is  system . PRS is used for reactive execution of p lans generated 

by th e  S IP E  deliberative  p lanner, and can invoke S IPE  to re -p lan  w hen necessary. 

PRS perform s low level p lanning  of actions to  m eet the  goals specified by SIPE. The 

po ten tia l search space is reduced by forming ab strac t plans in S IP E  and  expanding 

these in to  m ore detail in PR S. Thus. SIPE avoids th e  detail encoun tered  a t the  lowest 

level of planning.

2 .3 .2 .1  P R S

T he P rocedu ra l R easoning System  (PRS) (Georgeff and Ingrancl 1989b; Georgeff 

and  Ing rand  1989a) is a  hybrid  system  for reactive planning. P R S  has four m ajor 

com ponents:

1 . a  d a tab ase  called th e  W orld Model contain ing  current beliefs and  facts about 

th e  world.
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2 . a set of curren t goals to  be realized.

3. a set of plans describ ing  how c e rta in  sequences of actions and  tests m ay be 

perform ed to  achieve given goals o r to  react to  p a rticu lar situations, and

4. an intention s tru c tu re  contain ing  those  plans th a t have been chosen for eventual 

execution.

An in terpreter selects ap p ro p ria te  p lans based on  the W orld Model, places those 

selected on the in ten tion  s tru c tu re , an d  executes them . T he system  interacts w ith  its 

environm ent th rough  its W orld M odel w hich acquires new beliefs from changes in the  

environm ent and th ro u g h  its own actions.

PR S is designed to  be a  general pu rpose  reasoning system  particu larly  suited  

for use in dom ains in which there  a re  predeterm ined  procedures for handling the  

s itu a tio n s  th a t m ight arise. PRS in teg ra tes  trad itio n a l goal-directed reasoning and 

reactive behavior. T he  P rocedura l R easoning System  continuously tests its decisions 

against its changing knowledge abou t th e  world and  can redirect the  choices of actions 

dynam ically  while still pursu ing  long te rm  goals. One im portan t aspect of PRS is the 

fact th a t it m onitors its  cu rren t s ta te  an d  de tec ts  unexpected deviations.

2 .3 .2 .2  SIPE

System  for Interactive P lann ing  and  E xecution  m onitoring (S IP E ) (W ilkins 1984) is 

a classical hierarchical p lanner. T he decision to  im plem ent p lann ing  a t different levels 

of abstrac tion  is based upo n  th e  assum ption  th a t by avoiding th e  detail encountered 

a t th e  lowest level of p lann ing , the  p o ten tia l search space can be reduced by forming 

ab s trac t plans and  expand ing  these in to  m ore de ta il as needed. S IP E  uses an execu­

tion  m onitor to  verify th a t th e  p lan  s tep s  execute correctly and  to  select new steps 

by re-planning. S IP E  d e tec ts  and co rrects for interactions occurring  in the  plan by 

using plan critics. T hese critics, and  th e ir  associated  solvers, m ay use the re-planning
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actions provided by the execution m onitor to m odify plans. This allows plans to  be 

modified w ithout perform ing com plete  re-planning.

2.3 .2 .3  C om b in in g  S IP E  a n d  P R S

Cypress in tegrates trad itiona l p lann ing  (SIPE) w ith  reactive control (PRS). Cypress 

differs from previous approaches in th a t  it

•  allows for the  generation an d  execution of com plex plans w ith parallel actions.

•  in tegrates goal-driven and  event-driven activ ities during  execution.

•  uses evidential reasoning for dealing w ith uncertain ty , and

•  uses re-planning to handle run -tim e execution problem s.

The re-planning capabilities a re  of particu lar note, as Cypress is the first system  

th a t supported  asynchronous ru n -tim e re-planning w ith  a general purpose generative 

planner. W hile Cypress does no t address all aspects of activ ity  in dynam ic and  

uncertain  environm ents, it does provide a powerful system  for defining goal-directed, 

reactive robots th a t can opera te  successfully in challenging dom ains. Cypress gains a 

lot of power from the  use of PR S . which allows the  p lanner to  rem ain at a relatively 

high level of abstraction .

Cypress dem onstrates how a m ulti-level p lanner can be constructed from two 

existing A l technologies. One possible problem  w ith th is  approach is th a t it is difficult 

to re-plan while plan execution is tak ing  place. T h e  curren tly  executing plan m ay 

change th e  world s ta te  in som e way th a t is not expected  or desired in the new plan. 

This could lead to  an im m ediate failure in the new plan and require re-planning 

again. M eanwhile, execution continues, possibly changing the world s ta te  again in a 

way not expected or desired by th e  new plan. This cycle could continue indefinitely, 

w ith the p lanner always try ing  to  catch  up to  th e  cu rren t world s ta te . The p lanner 

could spend all its effort try ing  to  deal w ith changes in the  environm ent caused by
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p a rtia l execution of old plans. This problem  is som ew hat alleviated by th e  fact th a t 

th e  p lanner is w orking a t a relatively high level o f ab strac tio n  and can. therefore, 

g en era te  plans much m ore quickly th a n  an a rch itec tu re  based on the  sense-inodel- 

p lan -act paradigm .

2.3 .3  R A L P H -M E A

T h e  R ational Agent w ith  Lim ited Perform ance H ardw are -  M ultiple E xecution A r­

ch itectu res  (R A LPH -M EA ) is a  control a rch itec tu re  designed to  make intelligent de­

cisions in real tim e (O gasaw ara 1993). R A LPH -M EA  controls an  autonom ous under­

w ater vehicle. R A LPH -M EA  relies on decision theory, a well-principled fram ew ork 

th a t  explicitly  considers world uncerta in ty  and  m ultip le  objectives to  com pu te  the 

op tim al decision to  execute (Poole 1996).

R A LPH -M EA  uses m ultiple p lan execution a rch itec tu res (EAs) runn ing  in parallel 

to  select actions. An execution arch itec tu re  is a p rogram  m odule th a t selects an  action  

based on sensory inform ation. All of the  EAs in th e  system  receive the  sam e plan to  

execute, but each uses a different ty p e  of knowledge to  determ ine a best action  choice. 

A m eta-level control system  m onitors the  action selection of th e  EAs and determ ines 

an  overall best action. Because each EA operates on different knowledge types, they  

have varying cost of com pu ta tion  and  quality  of com puted  results. For exam ple, one 

EA  th a t uses "if < c o n d i t io n >  then  < a c t io n > "  rules will probably  have relatively 

low com puta tion  costs, bu t the  quality  of its ac tion  recom m endations also m ay be 

low. In con trast, a EA based on a decision-theoretie p lanning system  m ay have high 

relative com puta tion  costs, bu t correspondingly high quality  results. D epending on 

th e  dom ain, a com bination of the  resu lts of the  EAs is a b e tte r  strategy.

EAs come in four types. T he prim ary  one is based on decision theo ry  and  the  

o th er th ree  provide im proved execution speed by com piling knowledge in to  an easily 

accessed form. T he four types of EA  are:
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D e c is io n - T h e o r e t ic :  T he  expected u tility  of each ac tion  is com puted  and the ac­

tion w ith  th e  m axim um  expected u tility  is selected. T h e  Decision T heoretic 

execution a rch itec tu re  can  learn by op era tin g  in its environm ent and  recording 

the  resu lts  of its actions.

G o a l-B a s e d :  T he u tility  of s ta te  knowledge from a D ecision-T heoretic EA can be 

com piled into th is  representation which requires less co m p u ta tio n  to  select an  

ap p ro p ria te  action . However, changes in the  environm ent m ay make a Goal- 

Based EA obsolete.

A c t io n - U t i l i ty :  T h e  expected utility  of each action is s to red  and  used to select 

ap p ro p ria te  actions. This EA works ju s t like the  D ecision-Theoretic EA. bu t 

lacks th e  capac ity  to  learn and does not look beyond th e  current tim e step.

C o n d i t io n - A c t io n :  T his execution a rch itec tu re  is sim ilar to  s tan d a rd  rule based 

p roduction  system s. Condition-A ct ion EAs can be  com piled from Decision- 

T heoretic  EAs.

R A LPH -M EA  has been tested  011 a sim ulated  underw ater vehicle for the task  of 

m apping undersea m ine fields while avoiding detection . T h e  experim ents show th a t 

it perform s well in m ost situa tions and can react in a tim ely  m anner to  unexpected 

events. M uch of the  success is a ttr ib u te d  to  the  ab ility  of th e  system  to compile 

knowledge in to  forms which provide quick response tim e. R A L PH -M EA  is based 011 

th e  sense-m odel-plan-act paradigm  coupled w ith com piled p lans and  is intended to  

provide quick response w ith  lim ited com puta tional resources. I t dem onstrates one way 

in which learn ing  can take place in a robot arch itec tu re : com pila tion  of knowledge into 

easily accessible form. T he system  does not learn any th ing  new  ab o u t its environm ent, 

b u t it does com pile th e  knowledge needed to  react quickly to  a  specific s itua tion  into 

a  readily usable form  so th a t it can use its co m pu ta tional resources m ore efficiently.
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2 .3 .4  G L A IR

H exm oor et al. (1993) propose a  two level approach  w hich they  call GLAIR 

(G rounded  Layered A rch itectu re  w ith  In teg ra ted  R easoning). T his architecture has a 

low level layer for m odeling tasks th a t  require short tim es betw een sensing and acting 

and a  high-level layer for m odeling tasks th a t can to le ra te  delays between sensing and 

acting.

High-level reasoning is perform ed sym bolically in one m odule and  low level activ­

ities are perform ed a t two levels: Percep tuo-M otor (PM ) a n d  Sensori-A ctuator (SA). 

T his approach allows the  system  to  be easily parallelized. Each of th e  two levels may 

be im plem ented on different hardw are w ith com m unication betw een them .

At th e  perceptuo-m otor level, th e  behaviors th a t result in physical actions are gen­

e ra ted  by an au tom aton . T he  P M -au tom atons (PM A) a re  a  fam ily of finite sta te  ma­

chines represented by <Rewards. Goal Transitions. Goals. Action Transitions. 
Actions. Sensations>. T he PM A s are not required to  use all elem ents of the rep­

resentation .

G LA IR  incorporates a m echanism  th a t allows knowledge to  m igrate  from the 

higher to  the lower levels. A s tra teg y  th a t is initially fo rm ulated  from explicit rule- 

based reasoning can be com piled in to  an  implicit form of knowledge a t the  PMA. The 

next tim e circum stances m ake th is  action  applicable, it can  be selected for execution 

w ithout having to  resort to  high-level processes. This m echanism  allows behaviors 

to  be rem em bered and  re-used a t a fu tu re  tim e. However, behaviors can only be 

generated  using rule based reasoning which means th a t th e  system  designer must 

provide suitable rules and  knowledge. Therefore, the system  designer is required to 

include a  large set of rules.
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2.3 .5  D S S A

Dom ain Specific Software A rch itectu re  (DSSA) (H ayes-R oth. Pfieger. Laianda. 

M orignot. and  Balabanovic 1995) is an  architecture for adap tiv e  intelligent systems. 

T his architecture has two levels: cognitive and  physical. T h e  physical level interfaces 

w ith  the environm ent by perform ing actions and receiving sensory inputs. T he cogni­

tive level interfaces w ith  the  physical level by sending plans and  receiving perceptions 

and  feedback. T he com m unications are perform ed using message passing w ith bo th  

levels operating  concurrently  and  sending messages when necessary.

Internally, the  cognitive an d  physical level modules are  architecturally  identical. 

T he  internal com ponents are a  set of behaviors, a world m odel, and  a m eta controller. 

Each behavior has a set of triggering conditions. At any  point in time, several be­

haviors can be active. Each active behavior produces an  action . A m eta-controller in 

each level selects which action  is actually  performed.

This architecture  is in tended to  be m odular and to  su p p o rt the creation of a 

robot with any set of capabilities. W ith in  each level, th e  behaviors can be selected 

from a library for inclusion in a specific robot. Moreover, th e  inform ation base can be 

selected from a library  to  give th e  specific robot an area of expertise. This m odularity  

should allow a new robot to  be created  from library com ponents very quickly. The 

arch itecture  has been tested  by generating several robots an d  dem onstrating  th a t they 

m eet their design criteria . However, the re-usability of lib rary  com ponents is not very 

s trongly  supported . For each robo t, additional library com ponents were created, w ith 

very little re-use. DSSA dem onstra tes a multi-level arch itec tu re  and introduces the 

notion of behavior libraries which can be included in a robo t.

2 .4  N ew  F orm s o f  P la n n in g

M obile robots must be able to  m ake high level plans for achieving goals, but must also 

be capable of reacting in a tim ely  fashion to the environm ent. W hile many robotics
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researchers were experim enting  w ith  ways to  incorporate  reactiv ity  in to  existing ap­

proaches to  sym bolic planning, o thers began to  redefine the  notion of p lanning .

2.4 .1  P lan n in g  w ith  C ontinuous E xecu tion

All o f th e  p lann ing  approaches discussed so far are based on trad itio n a l sym bolic or 

plan space p lanning. T his form  of p lanning  is a search th ro u g h  th e  space of possible 

plans. O pera to rs  transform  one p lan  into ano ther by m an ipu la ting  sym bols. Plan 

space p lanning  includes evolu tionary  m ethods as well as p a rtia l o rder p lann ing  and 

o th e r m ore trad itio n a l sym bolic p lann ing  m ethods. P lan  space p lann ing  is difficult 

to  ap p ly  efficiently to  stochastic  problem s.

It is usually  not possible for th e  robot to have com plete know ledge abou t its 

environm ent, so p lanning everything in advance is not possible. W ith  p lan  space 

p lanning , it is necessary to  create  p a rtia l plans a t a high level of ab s trac tio n  and 

take care of the details only when necessary. Saffiotti (1993) suggests th a t there 

are two com m on approaches: try ing  to  extend a classical p lanner to  h an d le  reactive 

actions and  try ing  to  ex tend  a reactive system  to perforin  planning. He believes 

th a t b o th  of these approaches are inherently  flawed and  suggests th a t  an  in tegrated  

so lu tion  should a tta ck  b o th  sides a t th e  outset. He redefines the  n o tio n  of a  plan. 

Instead  of being a  partia lly  ordered set of operators, th e  plans he discusses are sets 

of s i tu a t io n ^ a c t io n  rules: and  instead  of specifying a  sequence of d isc re te  steps to  

execute, the  plan introduces biases on a  continuous reactive execution. T h is  is a form 

of state space p lanning. S ta te  space planning is viewed prim arily  as a  search  through 

a s ta te  space to find th e  ap p ro p ria te  action to  take in every s ta te .

2.4 .2  P lan n in g  as a M arkov D ecision  P ro cess

A com m on s ta te  space plan execution  model for robot contro l is to  allow  the  robot 

to  choose one action to  perform  a t each tim e step . C hoosing the  best ac tio n  requires 

th ink ing  ab o u t m ore th a n  ju s t th e  im m ediate effects of th e  actions. T h e  im m ediate
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effects are often  easy to  p red ict, b u t the  long te rm  effects are not alw ays as tran s­

parent. Som etim es actions w ith  poor im m ediate effects can have b e tte r  long term

ram ifications. Ideally, th e  robo t should  choose th e  ac tio n  th a t makes the  righ t trad e ­

offs betw een th e  im m ediate  rew ards and  the fu tu re  gains. W hen the  robo t is m aking 

decisions abou t w hat actions to  take, it is following a  policy. A policy is a  m apping 

tha t tells w hat action  to  tak e  in each possible world s ta te . Casting the  p lann ing  prob­

lem as a Mcirkov Decision Process (M D P) provides a  way to formalize th e  decision 

m aking process. W hen a rew ard is associated w ith  reaching some goal s ta te  or s ta tes , 

planning is the  search for a  policy th a t will m axim ize rewards.

T he  five com ponents of an  M D P model are

1. a finite set of s ta te s  S .

2 . a finite set of actions A .

3. a set of actions .4(.s) C A  for each sta te  .s £  S  th a t can be execu ted  in th a t

sta te .

4. a set of tran s itio n  probab ilities Pr(.s'|.s. a)Vs £  S .  s' £  S .n  £  -4(.s). and

5. a set of im m ediate rew ards ra(s)Va £  A(s) . s  £  S  th a t are available a fte r  tak ing  

any legal action  from  any s ta te .

The transition  probab ilities ju s t specify the p robab ility  th a t the s ta te  is s' given th a t 

the previous s ta te  was s an d  action  a was taken. P lann ing  in an M D P is considered 

to be a form of m odel based reinforcem ent learn ing  (S u tto n  and B arto  1997b). The 

object of this type  of p lann ing  is to  construct a  policy which, when execu ted , will 

select th e  action in each s ta te  th a t maximizes the  rew ards received.

2.4 .2 .1  C o m p lete ly  O b servab le M arkov D ec is io n  P rocesses

The s tan d a rd  M D P m odel is often referred to  as a  C om pletely O bservable M arkov 

Decision Process (C O M D P ). in order to  d istinguish  it from o ther varia tions. In a
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C O M D P m odel, it is assum ed th a t  th e  current s ta te  can  be fully determ ined  at 

each s tep . e.g.. a robot can determ ine  exactly  w hat s ta te  it is in from inform ation 

im m ediately  available from sensors. T h e  policy in a COM DP is a m apping from 

s ta tes  to  actions. W hen executing a plan, th e  robot first determ ines w hat s ta te  it is 

in. and  th en  consults the  policy to  find ou t w hat action to  take. One way to  find 

an  op tim al policy for an M DP is to  find the  optim al value function, which can be 

determ ined  by a sim ple itera tive algorithm  called value iteration (S u tton  and  B arto 

1997b). T h e  value of each s ta te  .s is s to red  in a  set V{s)  and  each value is initialized 

to  zero. T hen  value iteration  is ru n  for som e num ber of iterations or until th e  change 

m ade to  V( s )  on an  itera tion  falls beneath  som e threshold . Value ite ra tion  updates 

th e  estim ated  value of each s ta te  .s a t each ite ra tion  k  using the equation

Vk+l(s) = m ax Pr(V |.s. a) [r“(.s) +  ?V/,(V)J. (2.1)
a  s '

where 0  <  7  <  1 ad justs the learning rate .

C O M D Ps have previously been exploited as a paradigm  for planning in robotic 

system s (K oenig and Simmons 1994: Koenig. G oodw in, and  Simmons 199G). CO M D P 

planning is interesting because it allows for uncerta in ty  in the form ulation of a plan 

(i.e.. it allows for the  effects of actions to  be nondeterm inistic) and provides a  mech­

anism  for efficient re-planning by m odifying the  existing policy, which is often  more 

efficient th a n  creating a com pletely new policy.

2 .4 .2 .2  P la n n in g  w ith  C O M D P s

M ataric  (1992b) describes an arch itec tu re  th a t in tegrates a  map represen tation  into 

a  reactive, subsum ption  based m obile robo t. T he arch itectu re  is not sim ply a  com­

bination  of trad itiona l planning and  reaction, it a tte m p ts  to  integrate reaction  and 

p lanning into one system . T he m ap represen tation  m ay be useful because it allows 

p a th  p lann ing  to  be fast. T he m ap  is created  and u p d a ted  on-line. M aking a local 

greedy choice a t each m ap node results in th e  global shortest p a th  w ithin the  graph
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in O (n)  tim e, where n is th e  num ber of nodes in the  map. T iie m ap can be consid­

ered to  be a s ta te  d iagram  where each s ta te  corresponds to  a specific input p a tte rn . 

O nly one node in the  s ta te  d iagram  is active a t any tim e, ind ica ting  the  approxim ate 

position  of the  robot. This differs from Saffio tti’s approach because different actions 

are invoked to  move from one s ta te  to ano ther instead of in troducing  a bias on a 

continuous reactive execution. M ataric used determ inistic  s ta te  tran sitio n s  based on 

the cu rren t m ap position and  the heading of the  robot.

D ean et al. (1993) provide a m ethod based on M arkov decision processes for 

efficient p lanning in stochastic  dom ains. Goals are encoded as rew ard functions ex­

pressing the  desirability  of each world s ta te . T he planner m ust find a policy tha t 

m axim izes fu ture rewards. T he m ethod assum es th a t the environm ent can be mod­

eled as a stochastic  au tom aton . Such an au to m ato n  can be represented  as a set of 

s ta tes , a  set of actions, and  a m atrix  of transition  probabilities. Achieving a goal 

consists of perform ing a sequence of actions which result in a s ta te  satisfying the  goal 

conditions. They built a planning system  th a t a ttem p ts  to m inim ize the expected 

num ber of actions needed to  reach a given goal by adding s ta te s  to  an  envelope as 

needed. T he envelope contains a subset of the  s ta tes  in the  full M D P model and 

defines a simplified model th a t can be used to  generate  a policy m ore quickly th an  is 

possible w ith the  full model. There are two basic subroutines in th e ir  algorithm .

E n v e lo p e  e x te n s io n  adds s ta tes  to  the envelope, making it ap p ro x im ate  the  com­

plete M D P more closely.

P o l ic y  g e n e r a t io n  com putes an optim al policy for the  envelope. A com plete policy 

for the  com plete M DP is constructed  by augm enting the  policy  for the  envelope 

w ith  a  set of default actions or reflexes to  be executed for s ta tes  outside the 

envelope.

Failures of low level actions can trigger the  system  to  extend its envelope, providing a 

b e tte r representation  of the com plete MDP. This resu lts in a m ore accu ra te  assessment
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of th e  current s ta te , which helps the  sy stem  to  select the correct ac tio n , so th a t  failures 

are  less likely to  occur in th e  future.

D yna (S utton  1990: S u tto n  and B a rto  1997b) uses m odel based , or indirect  rein­

forcem ent learning to g en era te  a policy. D yna also incorporates m odel-free, or direct. 

reinforcem ent learning to  improve the  policy  directly, and  uses experience to  improve 

th e  m odel. This approach  has m ost of th e  features required for p lanning  in the 

P O M D P /R L  robot arch itec tu re , but does not account for pa rtia l observab ility  of the 

cu rren t s ta te .

2 .4 .2 .3  P artia lly  O bservab le M ark ov D ecision  P ro cesses

C O M D P m ethods do not work well in ro b o t p lanning tasks because ro bo ts  can rarely 

determ ine  the ir s ta te  from  im m ediate sensor observations. Exact s ta te  de term ina­

tion  is com putationally  expensive and  generally  requires expensive hardw are  or the 

presence of special, easily sensed, m arkers a t key locations in the  env ironm ent. This 

difficulty in determ ining  location leads to  a variation of M DP know n as Partially 

Observable Markov Decision Processes (P O M D P ). Instead of d irec tly  observing the 

cu rren t s ta te , the robot m akes sensor observations which provide evidence ab o u t what 

s ta te  it is in. T he observations can be p robabilistic : thus, an  observation  m odel must 

list th e  probability  of each observation c for each s ta te  in the  m odel. M ore formally, 

th e  PO M D P model is an  M D P w ith th e  ad d itio n  of a set of observation  probabilities 

P (c |.s . a)V.s G S .  a G A .  ~ G Z  which specifies th e  probability  of m aking  observation 

c given th a t action  a is taken  in s ta te  s.

T he policy is a m apping  th a t specifies w hat action to  take in each s ta te . For 

C O M D Ps. the  rep resen ta tion  for the  policy  is straightforw ard. E ach s ta te  is m apped 

to  exactly  one action. For a robot to  follow its policy, it de term ines w hat s ta te  it 

is in. looks up th a t s ta te  in the policy, and  perform s the  specified action . In the  

case of a PO M D P. however, the  robo t can  never tell exactly  w hat s ta te  it is in. T he 

cu rren t s ta te  is represented as a p robab ility  d is tribu tion  b over all possible s ta tes . This
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probab ility  d is trib u tio n  is usually referred to  as th e  belief state. T he value function for 

a P O M D P  is represented as a set o f vectors V in the  belief space. Each vector v E V 

is associated  w ith  an  action. At each tim e s tep , an  action is chosen by calculating 

the  vector do t product between th e  cu rren t belief s ta te  b and every vector in th e  

policy. W hichever vector has th e  largest do t p ro d u c t wins, and  the  action  associated 

w ith th a t  vector is chosen. C h ap te r 5 provides m ore inform ation on planning w ith 

PO M D Ps.

2 .4 .2 .4  P la n n in g  w i th  P O M D P s

Some im p o rtan t recent advances in robotics, m achine learning, and  control system s 

are a ttr ib u ta b le  to  POMDP research (K oenig. G oodw in, and Sim m ons 1996: Zhang 

and Lee 1998). A PO M D P framework was used in a  to u r guide robot a t the  X ational 

M useum  of A m erican History (R oy et al. 1998). T he  robot uses tra jec to ry  infor­

m ation  an d  coasta l navigation to  increcise positional accuracy. Cocistal navigation is 

inspired by trad itio n a l navigation in ships, which often  use the coastline of continents 

for nav igation  in th e  absence of b e tte r  tools such as G PS. The robot uses a map of the  

inform ation  content of states in its environm ent for planning. T he p lanner tries to  

find p a th s  th a t m axim ize inform ation con ten t, thereby  increasing positional accuracy. 

Such p lans tend  to  keep the robo t close to  fixed objects and away from  large open 

areas.

A m a jo r problem  with PO M D Ps is the  expense of solving for a policy due to the  

continuous n a tu re  of the  belief space. Belief d iscretization  provides a principled and  

prac tica l approach  for solving non-triv ia l P O M D P s. Belief  discretization, as the nam e 

implies, involves partitioning th e  continuous belief space into a  finite set of discrete 

intervals (G effner and  Bonet 1998). W ith  a d iscrete  belief space, value iteration  is 

relatively easy, since the  number of s ta tes  is finite. Using belief space discretization, 

dynam ic program m ing can be applied  to  find approx im ate  policies for relatively large 

PO M D P problem s (Geffner and  B onet 1998). R esu lting  solutions are no t necessarily
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optim al because th e re  is no way to  determ ine if the a lgo rithm  has converged, and  

belief d iscretization  introduces errors.

C assandra. K aelbling. and  K urien (1996) used value ite ra tio n  on the underlying 

C O M D P m odel of th e  environm ent in robot navigation task  to  find a COM DP policy 

and then  used th e  m ost likely s ta te  to  select the  action a t each tim e step. To execute 

the  policy, the  robot m aintains its PO M D P belief s ta te  b. which is used to  select an 

action from the  C O M D P policy. This approach allowed th e ir robot to navigate in 

an  environm ent th a t was too large for exact PO M D P m ethods while still providing 

some of the  benefits of the P O M D P  model. T hey experim ented  w ith three m ethods 

to  choose th e  action:

M o s t  L ik e ly  S ta te :  T he s ta te  in b w ith the  highest p robab ility  is taken to  be the 

actua l s ta te .

V o tin g : Each possible s ta te  s, votes by selecting an action  and the vote of each 

possible s ta te  s t is weighted by the  belief 6 , th a t the  robo t is actually  in th a t 

s ta te . T he  ac tion  values a re  sum m ed over all possible s ta tes , and the  action  

w ith the  highest value is chosen.

Q m d p : This is a m ore refined version of the  voting m ethod . T he value of each 

possible action a t each possible s ta te  .s, is weighted by the  belief 6 ; th a t the  

robot is ac tua lly  in th a t s ta te . T he action  values are sum m ed over all possible 

s ta tes , and  the action w ith th e  highest value is chosen.

They im plem ented these algorithm s and tested  the ab ility  of the  robot to  reach a 

goal from a known s ta rtin g  location. T hey found the "M ost Likely State" a lgorithm  

yielded superior perform ance.

O ne highly visible success in PO M D P planning for robotics is the  Xavier robot 

a t Carnegie Mellon University (Sim m ons and  Koenig 1995: Koenig. Goodwin, and  

Sim m ons 1996; Sim m ons. G oodw in. Haigh. Koenig, and  O 'Sullivan 1997). X avier
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uses PO M D P planning to  nav igate  in an  office environm ent. Tasks are specified 

by telling the robot w here to  go using verbal com m ands o r via a  W orld W ide Web 

interface. Xavier does no t t ry  to  create  a  PO M D P policy directly . Instead, it finds a 

policy for a CO M D P b u t m ain ta ins a  PO M D P belief s ta te  to  determ ine its cu rren t 

location. The belief s ta te  is used to  select an  action from th e  C O M D P policy using 

a voting m ethod sim ilar to  th a t used by C assandra. K aelbling. and  Kurien (1996). 

X avier is very reliable. O ver a  period of 81 hours of service, it successfully com pleted 

9 3 % of the  navigation ta sk s  th a t were assigned to it.

An approxim ate ap p ro ach  could be used in the P O M D P /R L  architecture, bu t for 

th is  work. I did not w ant to  in troduce ano ther unknown quan tity . T he goal of this 

d isserta tion  is to com bine P O M D P  and RL in a system  th a t can  learn new actions. 

T he  decision to use exact so lu tion  m ethods results in sim pler analysis of the  results. 

W ith  exact solutions, th e  qua lity  of the  PO M D P policy is not in question, which 

allows for b e tte r in te rp re ta tio n  of the  results. A lthough op tim al policies are probably  

not necessary for most ro b o t control tasks (C assandra et al. 1996: Simmons et al. 

1997). they  are used in th is  d isserta tion  to  avoid any bias th a t could be in troduced 

by using approxim ate solutions.

2 .5  R e la t io n sh ip  o f  T h e  P O M D P /R L  A p p ro a ch  
w ith  P a s t  W ork

W ith  the exception of C H ILD , none of the  robot arch itectu res th a t we have reviewed 

provide a mechanism for learn ing  directly  from the environm ent a t  the  low level. T he 

best th a t they can m anage is a  form of com piled plan, where inform ation  given to  the  

high level planner m igrates dow n to  the  reactive action level. CH ILD  does provide low 

level learning and a d ap ta tio n , bu t does not perform long te rm  planning and cannot 

pursue dynam ically assigned goals. This is not adequate for m ost dom ains. A tru ly  

useful goal-directed robo t m ust be able to  perform  reactive high level planning and
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low level learning an d  a d a p ta tio n . A daptive, low level, reactive contro l must be b u ilt 

in from the g round  up. not added  as an a fte rth o u g h t (Sm ithers and  Malcolm 1987: 

Sm ithers and  M alcolm  1988).

Xo m atte r how w ell-designed th e  robot, even tually  effectors and  sensors will fail. 

Ideally, the robo t shou ld  a d a p t to  these failures as well as to  changes in the env iron­

m ent. trea ting  th em  as ju s t one m ore environm ental p roblem  to  be overcome. T h e  

goal of the P O M D P /R L  a rch itec tu re  is to provide the  robust a d ap ta tio n  and learn ing  

com ponent th a t will enab le  th e  robo t to  carry  ou t its m ission even when th ings go 

wrong.

Section 1 .1  gave a  descrip tion  of th e  sim ulated  K hepera environm ent. Section 1 . 2  

gave a  high level descrip tion  of th e  P O M D P /R L  arch itec tu re . T his section discusses 

some of the advan tages of th e  P O M D P /R L  robo t a rch itec tu re  when com pared to  

o ther architectures. A m ore com plete descrip tion of the  P O M D P /R L  arch itec tu re  is 

presented in C h ap te r 7.

The P O M D P /R L  robo t contro l system  is a  two level a rch itec tu re . Two benefits 

of a multi-level app roach  are  th a t it m odularizes th e  design and  allows processing to  

be perform ed cit various levels of abstrac tion . Each level can  be im plem ented in a 

way th a t fits the  level o f ab s trac tio n  a t which it processes inform ation. However, a 

large num ber of levels can becom e cum bersom e to  m anage. A two level arch itec tu re  

is simple enough to  m anage while sufficiently com plex to  allow experim entation  w ith  

the interaction betw een layers.

T he arch itec tu re  is h ierarchical. At the lowest level, actions are  reactive and  use 

d a ta  from the sensors w ith  very little  ab strac tio n . T he p lanner level decides w h a t 

action to  activate  to  reach som e goal, and also incorpora tes  som e reactivity, bu t w ith  

a  longer response tim e th a n  th e  lower level. W hen  given a goal, it generates a policy 

th a t tells w hat ac tion  to  use for every possible contingency.
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T he architecture  is a  hybrid  system  and benefits from the  s tren g th s  of each of its 

com ponents. It also gains from  the  synergy betw een its com ponents, and  provides 

the  capability  to define and  learn  new actions as needed and  to  ad ap t to  failures in 

sensors and  effectors. T h e  P O M D P /R L  arch itec tu re  fits the  descrip tion for a  two 

layer architecture, b u t incorpora tes learning a t th e  reactive layer and  ad ap ta tio n  at 

the  planning layer.

T he P O M D P /R L  approach  uses some ideas from  subsum ption , but avoids the 

com plexity of having m ultip le  actions active a t th e  sam e tim e. Instead, the 

P O M D P /R L  approach  concentra tes on providing complex, adap tive  actions which 

can be switched on o r off by th e  planner. T he high level P O M D P  planner is given a 

goal and then  generates a policy th a t specifies w hat action  to  execute for every belief 

s ta te  in order to reach th e  goal s ta te . Serial actions were chosen in order to  avoid 

the  com plexity inherent in coord inating  the concurrent execution of several actions. 

Allowing only one ac tio n  to  be active a t any tim e results in a  system  th a t is easier 

to  understand  and debug , and  enables the planner to  assign a rew ard to each action 

for perform ing its ta sk . C red it assignm ent is critical for providing ad ap ta tio n  and 

learning a t the low level in th e  P O M D P /R L  architecture.

T he P O M D P /R L  approach  divides the navigation into different levels of abstrac­

tion  and  has some s im ila rity  to  a system  based on RA Ps. R A Ps provide most of 

the  functionality requ ired  for a general robot control system , b u t does not allow for 

learning. This m eans th a t every possible situa tion  m ust be an tic ipated  by the de­

signer. Such a system  can fail when faced w ith a  s itu a tio n  for which there is 110 

su itab le  action. As w ith  R A PS. PRS does not incorporate  learning, so th e  designer 

is responsible for an tic ip a tin g  every possible contingency.

In the  P O M D P /R L  arch itec tu re , the planner m onitors its current s ta te  and de­

tects  unexpected dev iations, b u t it uses a very different m echanism  th an  trad itional 

sym bolic planners. T h e  p lanner in the  P O M D P /R L  system  generates a policy tha t
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specifies w hat low level action  to  invoke for every possible contingency. One draw­

back to this is th a t it can  take hours or even days on current com puter hardware to 

construct the  initial policy. Once constructed , a policy can be efficiently stored for 

la te r use. providing th e  benefits of a  compiled plan approach. Existing policies can 

be modified to change th e  goal to a nearby  s ta te , reducing the  com puta tional require­

m ents. In addition, th e re  is some evidence th a t exact policies m ay not be necessary 

for reliable navigation (C assandra. K aelbling. and  K urien 1996: Sim m ons and Koenig 

1995).

Like Cypress, the  P O M D P /R L  robot arch itectu re  is also based on existing Al 

technologies, and  their com bination  results in capabilities th a t neither possess alone. 

T he P O M D P /R L  approach  uses reactive actions a t the low level and  reactive plan 

execution a t the  upper level. Using a  policy th a t specifies w hat action to take for 

every possible situa tion  prevents th e  type of re-planning cycle th a t is a potential 

hazard  for system s th a t do asynchronous run-tim e re-planning.

T he P O M D P /R L  approach  de tec ts  the poten tia l for new low level actions based 

on observations of s ta te  transitions and  then  creates low level m odules to  effect those 

actions. The P O M D P /R L  approach does not need to be to ld  w hat is possible, in 

the  way a decision-theoretie planner does. Instead, the P O M D P /R L  system  learns 

w hat is possible by observing. T he n a tu ra l stochasticity  of the environm ent helps the  

P O M D P /R L  arch itec tu re  to  discover w hat cictions are possible.

GLAIR requires th e  system  designer to  include a large set of rules. The 

P O M D P /R L  approach does not have this requirem ent. The designer must only pro­

vide a  map of the environm ent. T h e  system  learns for itself w hat low level actions 

are possible.

T he P O M D P /R L  approach, like DSSA. includes the notion of an action library, 

bu t library modules in th e  P O M D P /R L  architecture  are learned. Some actions may 

be initially hand coded, b u t the  robo t is capable of adding new actions to  the library.
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and can replace hand  coded actions w ith  adap tive, learned actions. The P O M D P /R L  

approach provides the  m odu larity  o f DSSA plus learning and  ad ap ta tio n  cit the  low 

level.
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Chapter 3 

Review of Low Level Behaviors 
and Reinforcement Learning

In robotic  control tasks, a low level control m odule is generally  required to  meet tim e 

constra in ts  and  provide robust control in a noisy environm ent. Several techniques 

have been used to  im plem ent low level behaviors, including behavioral cloning, rein­

forcem ent learning, and  subsum ption and  o ther finite s ta te  au tom aton  approaches. 

T his chap ter explains some of these techniques and  discusses their relative s treng ths 

and  weaknesses. Section 3.4 presents the  approach to  low level behaviors th a t  is used 

for th e  research in this d issertation.

M ost m ulti-level robot architectures can be described in term s of how behaviors 

are im plem ented. T here  are three bcisic approaches:

M o n o l i th ic  B e h a v io r :  All behaviors are im plem ented by one m odule. This ap ­

proach can lead to  large behavior modules which are difficult to  understand  

and  debug, bu t it has the advan tage of centralized control and  coord ination  

of behaviors. Also, all behaviors use the  sam e inform ation base. T hus, infor­

m ation  is not duplicated  between separa te  behaviors. T he m onolithic behavior 

approach provides tight coupling betw een behaviors, bu t can lead to  large and 

unwieldy program  modules.
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P a r a l le l  B e h a v io rs :  Behaviors are im plem ented in separate  m odules, and  more 

th an  one m odule m ay be active a t any tim e. This approach  requires some 

sort of coordinating  m echanism to  select or integrate th e  actions proposed by 

separate  m odules. T he parallel behavior approach helps to  m odularize the  im­

plem entation of behaviors, but requires a coordinating m echanism  which, like 

m onolithic behaviors, can be com plex and  difficult to debug.

S e r ia l  B e h a v io rs :  Behaviors are im plem ented in separate  m odules, and  only one 

m odule is active a t any tim e. This approach  requires a coord inating  m echanism 

for determ ining which behavior is active, but sidesteps th e  issue of coordinating 

several active behaviors. This approach  is a ttrac tiv e  because it is much easier 

to  coordinate th e  activities of m ultip le behaviors in series th a n  in parallel, but 

it may not be as efficient as approaches th a t allow m ultiple behaviors to  execute 

sim ultaneously, and  m ay have more com plex behaviors th a n  system s th a t allow 

parallel execution of behaviors.

The P O M D P /R L  approach  uses serial behaviors. The following sections describe 

som e a lte rnate  m ethods for creating behaviors, each of which falls into one or more 

of these broad categories.

3 .1  B eh a v io ra l C lon in g

Sam m ut (1996) describes a system  for au tom atica lly  building ru le based system s fol­

low level behaviors. Tasks such as piloting an aircraft require sub-cognitive reactions 

on the  part of the  p ilo t, while the pilot m ay not be able to describe in deta il how 

decisions are made. This precludes the  trad itio n a l approach to  building an  expert 

system  for the control system . Sam m ut uses an  approach referred to  as behavioral 

cloning to  create rules for the  control system . Behavioral cloning is a  m achine learning 

m ethod  for ex tracting  situa tion-action  rules from logs of actions taken  by a  hum an
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sub jec t. This approach to  low level behaviors was used to generate rules for flying an 

airp lane  th rough  a set of m aneuvers.

T hey  created  logs of hum an pilots using a  flight sim ulato r and then  used behavioral 

cloning to  generate a set of s itu a tio n -actio n  rules. T he flight plan consisted  of several 

d is tinc t maneuvers:

1. Take off and  fly to an a ltitu d e  of 2000 feet.

2. Level out and fly to  a d istance of 32.000 feet from the  s ta rtin g  po in t.

3. T urn  right to a compass heading of approx im ately  330°.

4. At a  X o rth /S ou th  distance of 42.000 feet, tu rn  left to  head back  tow ards the  

runway.

5. Line up on the runway.

6 . Descend to the runway, keeping in line.

7. Land on the  runway.

T he rules for executing each of these m aneuvers were learned separately , resulting 

in seven low level behavior modules, one for each stage of the flight. A higher level

controller determ ined which of the behavior m odules is active a t any  given instant.

T his is an  exam ple of how long term  goals can  be im plem ented in a high level module 

which selects serially from a set of low level reactive controllers. This system  was able 

to fly the  airp lane through the required course very sm oothly. However, th e  learned 

behaviors were not very generalizable. For instance, one behavior tu rn e d  right to a 

com pass heading of 330°. but it could not be used to  tu rn  to  any o th er heading. W ith 

a much larger set of behaviors, it m ay be possible to  build a more general system .

B ehavioral cloning results in behaviors th a t  have no representation  of goals. The 

rules are pure situation-action rules. T his can  lead to  a lack of robustness. W hen a
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s itu a tio n  occurs th a t  is outside of the  d a ta  th a t was used to tra in  th e  system , the 

clone can fail entirely. T his undesirable tra i t  can  be reduced som ew hat by tra in ing  in 

the  presence of noise, b u t it is still unlikely th a t  all possible s itu a tio n  action  pairs will 

be p resent in th e  tra in in g  d a ta . T he resu lting  system  may not be ab le  to select an 

a p p ro p ria te  action  in novel situa tions. Also, th e re  is no m echanism  for learning from 

m istakes, so perform ance will not improve beyond w hat is initially learned. However, 

th is  app roach  could be used to  develop behaviors th a t are difficult o r impossible to 

learn  by tr ia l and  error, particu larly  if erro rs can cause dam age to  th e  robot or its 

environm ent.

3 .2  N e u r a l C o n tro l for L ow  L ev e l B e h a v io r s

In general, neural system s tend  to  be robust to  noise and  p e rtu rb a tio n s  in the envi­

ronm ent. unlike trad itio n a l sym bolic approaches. For this reason, n eu ra l learning has 

been used for low level robot control (Torras 1994). X eural netw ork based error m in­

im ization system s have been used for solving inverse kinem atics for robot arm s and  

visual robo t positioning. X eural network based  correlational p rocedures have been 

used for hand-eye coordination  and  inverse dynam ics of robot arm s. Reinforcement 

learning techniques using neural networks have been used for m obile robo t navigation 

and  fine m an ipu la tion  for robot arm s. T he following paragraphs provide some indi­

ca tion  of th e  wide variety  of robot app lications tlm t are possible w ith  neural system s.

3.2 .1  M an ip u lation

Poo. A ng J r .. Teo. and  Li (1992) investigated th e  use of a neuro-moclel based controller 

a rch itec tu re  for a one link robotic arm . T h ey  show improved perform ance over a 

s ta n d a rd  m odel based control algorithm  in th e  presence of noise a n d  disturbance. 

M odel based robot control involves incorpora ting  the robot dynam ic model into the  

robo t contro ller to  transform  the  highly nonlinear robot dynam ics into equivalent
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linear system s. Linear contro l th eo ry  can  th en  be applied to  c rea te  closed loop control. 

T hey  use a backpropagation neural netw ork to  learn the  robo t dynam ics. The neural 

netw ork can then  be used as a rep lacem ent m odule for th e  m odeling com ponent in a 

s tan d a rd  model based controller app roach . T he  neural netw ork approach  allows the 

m odel to  adap t to changes in the  ro b o t dynam ics, resu lting  in a  m ore robust system .

Krishnaswamy. Ang Jr.. and  A ndeen (1991) present a  s tru c tu re d  approach to 

creating  neural network robot m otion  controllers. T his w ork is sim ilar to  the work by 

Poo. Ang Jr.. Teo. and  Li (1992) in th a t  b o th  system s use a  neural netw ork to model 

th e  inverse kinem atics. However, th is  w ork goes fu rther and  pu ts  the  actual control 

a lgorithm  in a neural network. T h e  goal for th is work was to  develop a  controller for a 

robotic  arm  w ith th ree  degrees of freedom . T he controller was required to  efficiently 

move th e  end effector to  any specified position . T hey  divided the  task  into three 

m odules: inverse kinem atics, acceleration  control, and  linearization . Each m odule 

was im plem ented using neural netw orks w ith  backpropagation  tra in ing . The inverse 

k inem atics network receives the  desired end effector position  in C artesian  coordinates 

an d  produces the desired jo in t coo rd ina tes . T he acceleration  controller receives the  

desired jo int coordinates along w ith  th e  a c tu a l jo int coord inates repo rted  by the  arm  

jo in t sensors and produces the  desired jo in t accelerations. T he desired accelerations 

are  passed to the  linearizer. which com pensates for non-linearities in the m anipu lato r 

an d  sends the ad justed  signals to  th e  ac tu a to rs . All of th e  netw orks were tra ined  on 

ac tua l d a ta  acquired from the  m an ip u la to r and  then  th e  netw orks were connected 

together. The system  perform ed well, providing sm ooth  an d  robust control for the  

robot. B oth  of the previous approaches provide reliable contro l, bu t a t the  cost of a 

great deal of tim e to  learn and  careful tu n in g  to  the  problem  th a t is being solved.

The GeSAM system , developed by Liu. Iberall. and  Beekey (1989). merges neural 

networks w ith symbolic system s. G eSA M  is a  robot hand con tro l system  based on hu­

m an prehensile function. It uses an  ad ap tiv e  neural netw ork to  learn the  relationship
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between o b jec t prim itives ancl a set o f grasp  inodes for picking up cylindrical objects. 

T he four g rasp  m odes are  modeled on the  ways in which hum ans grasp ob jects. T he 

system  learns to  select the  proper g rasp  m ode for a specific cylinder. T he in p u ts  to 

the  system  a re  the  d iam eter and height of th e  cylinder to  be grasped. A high level 

symbolic sy stem  controls overall functionality  while the  neural system  takes care  of 

the  low level details. T he  high level system  sim ply issues the  com m and to  g rasp  the  

object, w ith o u t considering its dim ensions. T he  neural netw ork considers the  d im en­

sions of th e  ob ject and  selects the  ap p ro p ria te  grasp m ode. U pdating  and im proving 

the neural netw ork perform ance can be done online.

Bullock. G rossberg. and  G uenther (1992) investigate using a neural netw ork m odel 

for the classical m otor equivalence problem , where m any different joint configurations 

of a redu n d an t m an ipu la to r can all be used to realize a desired trajectory . T hey  

show th a t th e  system  can com pensate for variable tool lengths, clam ping of jo in ts , 

distortions of visual inpu t, and unexpected  limb p ertu rba tions. They re la te  the ir 

approach to  neurophysiological d a ta . B oth  of the previous approaches have high 

com puta tional requirem ents.

3.2.2 L ocom otion

Dubrawski an d  Crowley (1994) present a  neural approach to reactive navigation. T he 

task  of the  system  is to  provide a steering  angle signal le tting  a robot reach a  goal 

while avoiding collisions w ith obstacles. T hey  use a  Fuzzy A RT neural self organizing 

classifier to  perform  a perceptual space partition ing  and  a neural associative m em ory 

to memorize th e  system 's experience and  combine influences of different behaviors. 

They test th e  system 's learning ability, s ta r tin g  w ith zero knowledge, and find th a t  it 

efficiently learns to reach its goals. T h is  approach  works well considering its sim plicity, 

bu t does not deal well w ith changes in  th e  environm ent.
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Tani and  Fukum ura (1994) used a neural netw ork  to  im plem ent a vector field 

approach  to  robot navigation. T he tasks assigned to  the  robot were to  hom e to 

a  p redeterm ined  goal and to  cycle through m ultip le  locations in a p redeterm ined 

sequence. T he  objective is to  construct a vector field in the  task  coordinates th a t 

converges to  th e  point representing the  goal. T h en  th e  robo t only needs to  follow the  

d irection  of th e  vector field from its current location  to  th e  goal. The robot learns 

each task  w ith  th e  help of a tra in e r who is assum ed to  know the  optim al p a th s . For 

each tra in ing  run . th e  robot is placed at an a rb itra ry  point and  guided by th e  tra in e r 

to  th e  goal position. G uidance to  the  goal is rep ea ted  from various s tartin g  po in ts  so 

th a t the  robo t learns a general robust homing schem e in the  work space.

A m ajor advan tage of neural system s is th a t th ey  can often com pensate for d ras­

tic changes in the  environm ent by learning continually . These features m ake neural 

networks an  a ttra c tiv e  a lte rnative  to  symbolic processing for low level control. How­

ever. neural netw orks often require long tra in ing  periods and  large d a ta  sets, which 

may be difficult to  acquire. A dditional problems m ay arise w ith some types of neural 

networks w hen they  are used in reinforcement learning. These problem s are detailed  

in C h ap ter 4. X eural networks seem to  have advan tages for low level control, b u t thus 

far. are  less useful for task-oriented planning and  long term  goal a tta in m en t. For th is 

reason, they  are  seldom  used for high level control in robot navigation.

3 .3  R e in fo r c e m e n t L earn in g  for  L ow  L evel 
B eh a v io rs

W hen using reinforcem ent learning, the robot con tinually  receives sensory inpu ts 

from the  environm ent and sends control signals to  th e  effectors. Along w ith  the  

sensory inputs, it receives a reinforcem ent signal a t each tim e step . The robot m ust 

m axim ize th e  average reinforcem ent which it receives over tim e by creating an  op tim al 

control signal selection policy. It does this by learn ing  th e  value of each possible
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con tro l signal in each s ta te . T he central idea of reinforcem ent learning a lgo rithm s is 

T em poral Difference (T D ) learning, which is a  com bination  of M onte C arlo  m ethods 

and  dynam ic program m ing (S u tton  and B arto  1997b).

Reinforcem ent learning has been used in  several ways to  provide low level behav­

iors. Singh (1991. 1992b) has im plem ented ci two level approach, called CQ -L. where 

th e  low level or elemental  behaviors use reinforcem ent learning an d  a task-sensitive 

g a tin g  m odule learns to  com pose the a p p ro p ria te  elem ental m odules over tim e in o r­

der to  achieve long te rm  goals. In this app roach , all elem ental behaviors a re  M arkov 

Decision Tasks (M D Ts) th a t  share the  Scime s ta te  set S .  action set A .  an d  the  sam e 

environm ent dynam ics. Each elem ental ta sk  hcis its  own reward func tion  based on 

th e  desired final s ta te . A composite task  is rew arded  when one of th e  su b task s  reaches 

its te rm ina l s tate . T h is arch itec tu re  was te s ted  in a  sim ulated  robo t nav igation  envi­

ronm ent and was able to  solve some com posite  tasks, such as m oving from  one point 

to  an o th e r and then  proceeding to a th ird  po in t. T his approach  shows th a t  reinforce­

m ent learning of low level behaviors can be m ade to  work when th e  exact behaviors 

are  specified, but provides no m echanism for th e  generation  of new behaviors by th e  

robo t itself. Also, it does not address the  issue of higher level p lann ing  and  is not 

taskable.

K ontoravdis. Likas, an d  S tafylopatis (1992) exam ined the  use of reinforcem ent 

learn ing  in control applications. Their gocil was to  guide a sim ple sim u la ted  robot 

th ro u g h  a series of left and  right tu rns using only low level behaviors. T h ey  showed 

th a t  th e  sim ulated robo t could learn to  avoid obstacles and  move around . T hey  

gave th e  robot no goal o th e r than  continuous m ovem ent w ithout h ittin g  any th ing . 

T h e ir work indicates th a t  reinforcem ent learn ing  m ay be used to  learn  m ovem ent 

in th e  environm ent while sim ultaneously avoiding obstacles. Because reinforcem ent 

learning maximizes long te rm  reward, and  ru n n in g  into obstacles is unlikely to  be a 

good way to  gain rew ard th e  low level actions au to m atica lly  learn to  avoid obstacles.
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Dorigo and  C o lom betti (1994) tra ined  a  robo t to  perform  a predefined target 

behavior using reinforcem ent learning. T hey  perform ed experim ents w ith b o th  sim­

ulated  and  real robo ts. Their goal was to  create  a  robo t capable of surviving in a 

real environm ent. T hey  tra ined  th e  robo t to  d isplay five different behaviors and  then 

defined four ways to  com bine these behaviors. T heir approach  differed slightly from 

most reinforcem ent learning strateg ies. Instead  of forcing the  robot to  learn w ith  no 

initial knowledge, th ey  gave the robo t some basic responses and then  used reinforce­

m ent learning to  im prove the  ro b o t's  knowledge. T he  basic behaviors are approaching 

an object, chasing an  object, entering a well-defined physical sta te  which is a function 

of a feature of th e  environm ent, avoiding con tact w ith  an  object, and  fleeing from an 

object. T hey  s tud ied  four ways to  com bine th e  low level behaviors:

I n d e p e n d e n t  s u m  Two or more independent responses are produced a t th e  sam e 

tim e, w ith  th e  effectors acting  on a w eighted sum  of the com m ands sent to 

them .

C o m b in a t io n  Two or more responses are com bined into a resulting behavior, using 

dom ain knowledge to guide th e  com bim ition.

S e q u e n c e  A behavioral pa tte rn  is built as a sequence of basic responses, thereby 

rem oving th e  possibility of sim ultaneous conflicting actions.

S u p p r e s s io n  A response suppresses a com peting  one based on a prioritization  of 

basic responses, so th a t higher priority  responses gain control.

The learning system  architecture is designed in such a  way as to  favor learning by 

exploiting th e  environm ent's  characteristics in order to  make learning possible. An 

external tra in e r then  makes suggestions th a t th e  robo t uses to create an effective 

control stra tegy . T he problem  w ith  th is approach  is in finding the  right balance 

between design, learning, and tra in ing . T hey rely heavily on experim entation w ith a 

sim ulated robo t and  its environm ent to  determ ine w hat th e  balance should be.
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M ahaclevan ancl Connell (1992) use reinforcem ent learning for au to m atic  program ­

ming of behavior based robots. They find th a t the  reinforcem ent learning techniques 

are capable of learning individual behaviors th a t som etim es ou tperfo rm  hand coded 

solutions. T hey also conclude th a t using a behavior based a rch itec tu re  speeds up 

reinforcem ent learning by converting th e  problem  of learning a com plex task  into 

th a t of learning a sim pler set of special purpose reactive subtasks. T hey have five 

requirem ents for a robo t learning algorithm .

N o ise  im m u n i ty  T he  technique should be able to  deal w ith noise. S ta te  descrip­

tions m ay som etim es be wrong, and  the  use of probabilistic  sm oothing tech­

niques is often required.

F a s t  c o n v e rg e n c e  T he technique should be able to converge in a reasonable number 

of trials  to  be feasible on a real robot.

I n c r e m e n ta l i ty  T he learning algorithm  should allow the  robot to  improve its per­

form ance while it is learning. Since the  exam ples are generated  by the  robot 

itself, th is allows the  robot to  explore its environm ent quicker and generate 

b e tte r  examples.

T r a c ta b i l i ty  T he learning algorithm  should be com putationally  trac tab le . T h a t is. 

every ite ra tion  of th e  algorithm  should be done in real time.

G r o u n d e d n e s s  T he technique should only depend on inform ation th a t can actually  

be ex tracted  from the  sensors on a robot.

They tra in  the  reinforcem ent learning a lgorithm  to perform  the following behaviors.

•  F inding a box

•  Pushing  a box

•  G e ttin g  unwedged
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Figure 3.1: An agent using reinforcem ent learning in teracts w ith  its environm ent 
by receiving states ancl rew ards from th e  environm ent, and g en era tin g  actions th a t 
change th e  environm ent.

T hey  find th a t reinforcem ent learning can  adequate ly  perform  the  requ ired  behaviors. 

T heir research also shows th a t  a  s im ula to r can  be used for in itia l tra in in g , bu t it is 

not apparen t how well th e  app roach  will scale w ith the  add ition  of new  behaviors.

3 .4  R e v ie w  o f  R e in fo r c e m e n t L earn in g

Reinforcem ent learning is an  approach  to  learning th rough in te raction  w ith  the  envi­

ronm ent (S utton  and  B arto  1997b). It is m odeled on the  type of learn ing  th a t occurs 

in na ture . W hen we do som eth ing  th a t brings a positive rew ard (p leasu re), we tend 

to  do the  sam e thing again . Likewise, actions th a t bring negative rew ard  are avoided. 

T he ability  to  link cause and  effect (som etim es incorrectly) is a basic ab ility  shared 

by even the  sim plest an im als. T he  cen tral idea of reinforcem ent learn ing  algorithm s 

is Tem poral Difference (TD ) learning (S u tto n  1988). The following sec tion  provides 

a  brief in troduction  to reinforcem ent learn ing  m ethods.

An agent using reinforcem ent learning receives sensory inpu ts  from  the  environ­

m ent and  uses them  to  select w hat action  to  take. As shown in F igure 3.1. the  agent 

receives a reinforcem ent signal from the  environm ent along w ith  th e  cu rren t s ta te  at 

each tim e step. At each tim e  step , the  reinforcem ent can be positive , negative, or 

zero. T he agent m ust m axim ize the  average reinforcem ent th a t it receives over tim e

56

R e p ro d u c e d  with p erm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



by creating  an  op tim al action selection policy. A policy is a function th a t maps s ta te s  

to  actions. T h e  reinforcem ent learn ing  agent finds a  policy by learning an  estim ate  of 

the  value of tak in g  each action  from  each s ta te . A nother way to say th is  is th a t th e  

agent learns to  approxim ate  th e  value func tion.  A value function V  is a  function th a t 

m aps inputs representing th e  cu rren t s ta te  s to  a  real num ber c th a t is the expected  

long-term  rew ard th a t can be earned  w hen s ta r tin g  from th a t s ta te .

A policy 7T is defined to  be b e tte r  th an  or equal to a policy if and only if 

V'“(s) >  V~' (s) V.s E S .  where S  is th e  set of all possible s ta te s  th a t th e  agent can be 

in. This sim ply says th a t if th e  value o f a  policy ~  is be tter th a n  th e  value of an o th er 

policy at every state, then  ~  is sa id  to  be b e tte r th an  . T h e  optimal  policy V"*(.s) 

is defined as

V*(s)  =  m ax V*{s)  Vs E S.  (3.1)

which is sim ply th e  policy th a t m axim izes value a t every possible s ta te . Since we are

interested in choosing actions given the  curren t s ta te , it is often  m ore convenient to

use the optimal action-value func tion ,  which we define as

Q ’ (s .a )  =  m ax Q ~ ( s . a )  Vs E S .  a E A .  (3.2)

Given the s ta te  s and  an action  a. th is  function gives the expected re tu rn  for tak ing  

action a in s ta te  s and thereafter following an op tim al policy. Given th is  function, it 

is easy enough to  choose the  best action  a t each s ta te  by evaluating  Q ’ (s .a )  Va E A  

and  choosing the  action w ith th e  m axim um  value.

Q* can be expressed in term s of V '  as follows:

Q*(s. a) = E  [rt+ i + ~jV'  (s t+ i) |s , =  s. at =  a] (3.3)

where E[.c] is th e  expected value o f x.  7  is a discount factor  th a t  weights the  im por­

tance of fu tu re  rew ards and 7-t+1 is th e  rew ard a t the  next tim e step . E quation 3.3
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shows th a t  th e  optim al act ion-value function is sim ply the expected  value of the  im­

m ediate rew ard for tak ing  action a in s ta te  s an d  then  following th e  optim al policy 

from th e  resu lting  s ta te .

T he B ellm an op tim ality  equation expresses th e  fact th a t th e  value of a s ta te  under 

an op tim al policy is equal to  the  expected re tu rn  for taking th e  best action from th a t 

s ta te . From  E quation  3.3. the  Bellman o p tim ality  equation for V '  is

V ' ( s )  =  nmx E  [rt+l +  7  V'* (.s£+i) |s £ - s. a t =  a] . (3.4)a **

and th e  B ellm an op tim ality  equation for Q * is

Q'{s.a) =  E r t+i 4 - 7 m a x Q '  (.s£+1.« )  |s£ =  s . a t = a (3.5)

These equations, com bined w ith mechanisms for exploring th e  s ta te  space, lead di­

rectly to  the  Tem poral Differencing (TD ) m ethods th a t are th e  core of reinforcement 

learning.

Given a s ta te  s. the  greedy action for th a t s ta te  is the  one w ith  the m axim al 

expected action  value from E quation 3.5. T he most common m ethod  for exploring 

the s ta te  space is to  choose the  greedy action  m ost of the tim e, bu t choose a random  

action w ith  som e probability  e. The p robab ility  of choosing th e  greedy action in 

s ta te  s is 1 — f +  and  th e  probability  of choosing som e o ther action is •

This m ethod  is referred to  as an  e-greecly policy. T he following sections explain two 

com m on T D  m ethods th a t use e-greedv policies.

3.4.1 Sarsa

There a re  two m ain classes of TD  learning algorithm : on-policy and  off-policy. On- 

policy m ethods evaluate or improve the  policy th a t is curren tly  being used to m ake 

decisions, while off-policy m ethods evaluate or improve a different policy th an  the  

one th a t is curren tly  being followed. In off-policy learning, the  policy used to  select 

actions is called th e  behavior policy, while the  policy th a t is being improved is called
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the  estimation  policy. In on-policy learning, there  is only one policy  th a t is used to 

select actions while it is being improved. B o th  m ethods use some sto ch astic  m ethod, 

such as e-greedy policies, to  select actions. S tochastic  action selection results in 

exploration the  s ta te  space and provides d a ta  needed to improve th e  approxim ation 

to the  policy.

T he sim plest on-policy TD update  rule, derived from E quation  3.5. is known as 

Sarsa. T he w ord Sarsa comes from S ta te . A ction. Reward. S ta te . A ction, and the 

a lgorithm  uses every element of the q u in tu p le  of events (s£. at . rt _̂ £. .s£+1. at~ i ) in the 

u p d a te  equation  (S u tton  and Barto 1997b). T he Sarsa update  eq u atio n  is

A Q t(st . a t) = ct [rt+l +  l Q ( s t+i . a £+1) - Q ( s £.a £)] (3.6)

where Q (s t . a t ) is the  estim ated value o f s ta te  .s a t tim e t given ac tio n  at . r £+1 is the 

reinforcem ent a t tim e f-f-1 . a  controls th e  learning ra te , and 7  controls th e  im portance 

of fu ture rew ards relative to im m ediate rew ard. At every tim e s tep , th e  update  rule 

ad justs the  estim ated  value function Q  so th a t  it m ore closely approx im ates the  actual 

value function Q*.

T he greedy action  selection policy chooses an action at tim e t which leads to the 

s ta te  s £t1  Inwing the  highest value at th e  next tim e step. In order to  choose the  s ta te  

w ith the  highest value, the action selection policy m ust know the  m apping from the 

current s ta te  s t to  the  next s ta te  .s£+1 given the  action  a for all actions a €  A (s). This 

is not always possible, especially in the  case where the  outcome o f tak ing  a  specific 

action in a  specific s ta te  is non-determ inistie. T he best th a t can be done in some cases 

is to  weigh th e  value of each possible next s ta te  s ' by the p robab ility  of transitioning  

to th a t s ta te  from  the  current s ta te  s. given action  a.

An e-greedy action  selection policy is used to  select the action th a t  will lead to the 

s ta te  w ith the  highest value, with some stochastic  selection to  encourage th e  system  

to  explore the  s ta te  space. In o ther w ords, the  system  may occasionally  perform 

an action th a t is not best according to  the  curren t policy. If th e  action  chosen in
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s ta te  s t is random  or if th e  ta sk  ends a t s ta te  s t . then  .st is a  te rm ina l s ta te . If 

is a  te rm in a l s ta te , th en  Q ( s t+i. a f+1) is defined as zero. T h is  can have a negative 

influence on learning (S u tto n  and  B arto  1997b).

3 .4 .2  Q -learning

T he difficulty of avoiding term ina l s ta tes  while tak ing  ran d o m  actions can be over­

come by using off-policy learning. The best known off-policy T D  control a lgorithm  is 

Q -learn ing  (W atkins 1989). which follows an  e-greedy policy while learning the  cor­

responding  greedy policy. Its  sim plest form, known as one-step  Q -learning. is defined 

by th e  u p d a te  equation

=  a ■rl+i -F 7  m axQ (.st+1. a) -  Q(.st . a t ) (3.7)

T he  goal of th e  reinforcem ent learning a lgorithm  is to  learn th e  value of each s ta te -  

action  pa ir in the  s ta te  space. In the case of Q -learning. the  function Q  th a t is learned 

is a  d irect approx im ation  of the  op tim al act ion-value function  Q*. T he  approxim a­

tion  can  be im proved a t each itera tion , independently  of th e  policy curren tly  being 

followed. In o ther words, th e  current policy does not have to  be optim al, or even 

near op tim al, in order for th e  approxim ation  Q  to  be im proved; random  actions a re  

no longer viewed as te rm ina l s ta tes . T he approx im ation  Q  has been shown to con­

verge w ith  p robability  1 to  Q * for tab le lookup m ethods, given th a t ail s ta te -ac tio n  

pairs are  continually  u p d a ted  and  th a t certa in  constra in ts  on th e  sequence of step-size 

param ete rs  are  observed.

In general, reinforcem ent learning m ethods m ay use tab le  lookup, neural network, 

or o th e r m ethods to  sto re  an  approxim ation  to  the  value function. M any function 

approx im ation  techniques are  available, and  evaluating  function  approxim ation  tech­

niques is an  im portan t area  of RL research.
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3 .4 .3  O ther RL M eth ods

S arsa  and  Q -learning are the  most com m on algorithm s for reinforcem ent learning, but 

th e re  are  several o ther approaches. For instance, the acto r-c ritic  m ethods divide the 

problem  into two parts: a value function app rox im ato r and  a  policy represen tation . 

T h e  policy representation is called the  actor  because it is used to  select an  action 

a t each tim e step . The value function approx im ato r is called th e  critic  because it 

critiques the  actions that are  selected. Learning is always on-policy. since the  critic 

m ust learn to  evaluate whatever policy is being followed by th e  ac to r. T hus, the  critic 

a tte m p ts  to  learn V '  directly by associating observations w ith  rew ards. T h e  T D  error 

is o u tp u t from  the critic and is used to  drive tra in ing  in b o th  the ac to r and  th e  critic. 

S tochastic  action  selection helps the  system  to  explore th e  s ta te  space by occasionally 

choosing actions th a t were not chosen by th e  policy netw ork. T his approach  effec­

tively decom poses the reinforcement learning task  into two subtasks: learning the 

value function and learning th e  policy. Several early reinforcem ent learning system s 

based on TD  m ethods were acto r-critic  system s (B arto . S u tto n , and  A nderson 1983: 

W itten  1977). The Adaptive H euristic C ritic  (AHC) (S u tto n  1984: A nderson 1989: 

A nderson 1986) is probably the  most well known acto r-c ritic  system . A ctor-critic  

system s are m ore biologically plausible th a n  Q -learning. bu t research in actor-critic  

system s lias lagged behind research in Q -learn ing  and o th er techniques due  to  th e  lack 

of convergence proofs. Recently, convergence proofs for ac to r critic  system s luive been 

presented  and  this may help to  accelerate acto r-critic  research efforts (P rokhorov  and 

W unseh II 1997).

R eal-T im e Dynamic Program m ing (R T D P ) (B arto . Bracltke. and  S ingh 1993) is 

a reinforcem ent learning a lgorithm  th a t is intended to  allow an  em bedded system  

to  im prove its performance w ith  experience. This approach  uses full value ite ra tion  

backups and  illum inates aspects of o th e r D P-based  reinforcem ent learning m ethods, 

such as Q -learning. RTDP is im p o rtan t for its con tribu tion  to  the  th eo ry  behind
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reinforcem ent learning approaches, and  gives som e insight into how Q -learning can 

be em bedded in a  robot control system . T hey  showed th a t R T D P  converges to  

optim al solutions when app lied  to  several types of real-tim e problem  solving tasks, and 

showed how D P can be ad ap te d  to  perform ing D P  up d a tes  concurrently  w ith problem  

solving and  control. R T D P  is a model-based, m ethod  because it requires an  explicit 

world model for the value ite ra tion . Finding a policy using m odel-based RL m ethods 

can be viewed as s ta te  space planning with a M arkov decision process (S u tton  and 

B arto  1997b). Section 2.4.2 covered this topic. P a rtia lly  observable M arkov decision 

processes are ano ther form  of m odel-based reinforcem ent learning (S u tto n  and  B arto  

1997a). This m ethod is used for high level p lanning in my robot arch itec tu re .

3 .4 .4  Im provem ents to  R einforcem ent L earning

T he previous sections reviewed approaches to reinforcem ent learning, including actor- 

critic. Q -learning. Sarsa. and  RTDP. Currently. Q -learn ing  may well be  the m ost pop­

ular approach, but there a re  problem s for which o th e r approaches yield faster a n d /o r  

more reliable convergence (S u tto n  and  Barto 1997b). Considerable research has been 

d irected a t im proving the  perform ance of reinforcem ent learning arch itectu res.

Lin (1992) exam ined reinforcem ent learning fram ew orks based on  AHC and Q- 

learning. He also evaluated  five extensions to b o th  learning frameworks. T he ex ten­

sions are  experience replay, learning action m odels from planning, teaching, a;-step  

prediction, and  TD(A).

E x p e r ie n c e  R e p la y : Reinforcem ent learning w ith  neural netw ork function approx­

im ation can be inefficient in th a t the inform ation  obtained  by tria l and  error 

is utilized to ad just th e  networks only once and  then  throw n away. This is 

wasteful, especially since some experiences m ay not occur very often  and  some 

experiences (such as those where the robot is physically dam aged) are costly to  

obtain .
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Experience rep lay  is a m ethod  for reusing inform ation . An experience can be 

stored as a q u ad ru p le  (x . a .  y. r ) which indicates th a t  action  a in s ta te  .r results 

in new s ta te  y  a n d  reinforcem ent r . Using experience replay is sim ply a  m atte r 

of saving a set S  of past experiences and presenting  th em  to  the  reinforcem ent 

learning system  as if they  had  ju s t occurred. T his speeds up the  process of credit 

assignm ent an d  can  result in the  system  learning m ore quickly. New experiences 

can be added  to  S  as they  are  encountered. W hen neura l netw orks are used to 

approxim ate  th e  value function, th is approach helps to  prevent over tra in ing  by 

keeping a  b road  range of tra in in g  d a ta  available for th e  neural network.

L e a rn in g  A c t io n  M o d e ls :  P ast experience can also be used to  c rea te  an action 

model. A n ac tion  m odel is a  m apping from a s ta te /a c t io n  pair (s t . a t ) to the 

next s ta te  an d  reinforcem ent (.st+1. r f+1). In o ther words, it is a  m odel of the 

environm ent th a t is bu ilt from experience. T he action  m odel serves as a replace­

ment for th e  real environm ent during reinforcem ent learning. In a stochastic 

environm ent, each action  m ay have m ultiple possible outcom es. In th is case, 

the action m odel m ust determ ine the next s ta te  an d  reinforcem ent probabilis­

tically. An accu ra te  action  m odel can help reinforcem ent learning by allowing 

it to experience th e  consequences of actions w ithout ac tu a lly  perform ing them . 

This allows th e  robo t to learn more quickly, if the  ac tion  m odel can be run  faster 

than  real tim e. It also allows the  robot to avoid m istakes in the  real world.

T ea ch in g : Since it s ta r ts  w ith  no knowledge, reinforcem ent learning requires th a t 

the system  be ab le  to  reach th e  goal through random  actions. If it is difficult for 

random  actions to  reach the  goal s ta te , learning can  tak e  m any tria ls . Teaching 

is a way to  im prove learning perform ance of reinforcem ent learning system s. 

In this approach , the  teacher provides the  learning system  w ith  one or more 

examples of ap p ro p ria te  actions necessary to  reach th e  goal s ta te . T he solution
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provided by th e  teacher does not need to  be o p tim al because it is only used 

to provide a s ta r tin g  po in t for the  reinforcem ent learning system  to begin its 

search for the  op tim al policy. T he  mechanism used is sim ilar to  th e  mechanism 

for experience replay, except th a t the actions com e from a teacher instead of 

from th e  robo t. T h is approach  can introduce a  s tro n g  bias tow ards what the 

teacher believes is th e  o p tim al policy, even w hen th e  teacher does not actually 

have the  o p tim al policy.

n -S te p  P r e d ic t io n :  In th e  one-step  RL m ethods covered previously, th e  reward 

from th e  next tim e s tep  is used to  update  the  cu rren t e stim ate  a t th e  current 

s ta te . T h e  e s tim ate  for the  curren t s ta te  can also be u p d a ted  using rewards 

from steps fa rth e r in th e  fu ture. For instance, tw o-step p red iction  uses rewards 

from the  next two tim e steps, and  n-step pred iction  uses rew ards from the next 

n tim e steps, averaged together.

T D (A ) This can  be viewed as cin extended form of /7-s tep  p rediction  where the rel­

ative im portance  of th e  re tu rn  from each tim e s tep  is w eighted by a A param e­

ter (S u tto n  1988: W atkins 1989). The one-step re tu rn  is given th e  weight 1 — A. 

The tw o-step  re tu rn  is w eighted by (1 — A)A. T he  th ree-step  re tu rn  is weighted 

by (1  — A) A", and  so on. In effect, the  weight of each subsequent re tu rn  fades by 

A. T heoretically , th is  m ethod  considers re tu rns from  infinitely far in the  future, 

but in p rac tice  it is necessary to  trunca te  the  re tu rn s  a t som e point n steps in 

the fu ture.

Lin experim ented  w ith  several com binations of AHC and  Q -learn ing  using replay, 

teaching, and m odeling. T h is s im ula ted  environm ent is a  25 x 25 cell world containing 

food, obstacles, and  enem ies. T h e  robot is required to  find food while avoiding 

enemies. The robo t and  each enem y can  move in any of four d irections on each time 

step . He found th a t  the  Q -learn ing  approach was best for th is  app lication . Replay.

64

R e p ro d u c e d  with perm iss ion  of th e  copyright ow ner.  F u r th e r  reproduction  prohibited without perm iss ion .



teaching , ancl m odeling were all found to  improve perform ance, bu t no a ttem p t was 

m ade to  use all three enhancem ents in a single robot.

Reinforcem ent learn ing  has been shown to converge w hen a  tab le  lookup m ethod 

is used to  sto re  the function  approxim ation . However, the  size of th e  tab le  grows very 

quickly w ith  the  num ber of inputs. Due to m em ory co nstra in ts , it is not feasible to  

im plem ent a function lookup tab le  for a large system . V arious a tte m p ts  have been 

m ade to  use less m em ory intensive general function approx im ato rs  such as backprop- 

ag a tio n  neural networks. T h ere  have been notable successes in several dom ains such 

as checkers (Samuels 1959). Backgam m on (Tesauro 1990). an d  robo t navigation (Lin 

1992). However, reinforcem ent learning w ith general function approx im ators is noto­

riously unstable. Boyan an d  M oore (1995) list several sim ple s itu a tio n s  where popular 

function approxim ation algorithm s such as polynom ial regression, backpropagation. 

and  local weighted regression fail to converge. G ordon (1995). T h ru n  and Schwartz 

(1993). and  Sabes (1993) give some reasons why these failures occur.

O ne reason is th a t, in order to guaran tee  convergence, any  change m ade to th e  

value function approxim ation  must be local to  the  current s ta te  (T h ru n  and  Schwartz 

1993: Singh and  Ye 1994: Sabes 1993). One way th is can be accom plished is by m ap­

ping the  continuous s ta te  variables into discrete intervals. For instance, if we have a

s ta te  variable .r £ [— 1 . . .  1 ]. we can m ap it to  a d iscrete space x (i £  ( .Yi. X>  A’.v)•

D oing th is for all s ta te  variab les yields a  set of sym bols th a t specify the  current s ta te . 

T he  discrete  space can be  enum erated , resulting in an o rd inal value for each possible 

s ta te . T he ordinal value can  be used to  index a tab le  which sto res th e  value function 

approx im ations for each s ta te . This lookup tab le  approach  guaran tees th a t only local 

changes are m ade to  th e  function approxim ation. Sparse, coarse coding of the input 

space w ith  tab le  lookup has also been shown to  converge m ore reliably th an  using 

d irec t backpropagation (S u tto n  1996).
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N eural reinforcem ent learning typically  uses a backpropagation  neural network 

w ith a sigm oidal activation function to  learn the value function, because th a t is 

arguably  th e  m ost popular and pervasive form of neural netw ork. One problem w ith 

using th is  approach  is th a t backpropagation  networks are  not lim ited to making local 

changes in th e  function approxim ation  (Boyan and M oore 1995: Baird 1995). A 

change to  th e  function for one set of inpu ts can have enorm ous effects for o ther 

sets of in pu ts . W hat this tran sla tes  to  in term s of reinforcem ent learning is th a t 

learning th e  value of a  specific s ta te  or s ta te  action pair m ay cause the  destruction  

of the  learned value of some o ther s ta te . T h ru n  and Schw artz (1993) discuss ano ther 

problem  w ith  using backpropagation networks. Due to  th e  n a tu re  of backpropagation 

and reinforcem ent learning, it is very easy for the system  to  consistently  overestim ate 

the  u tility  of s ta te-ac tion  pairs, resu lting  in im proper credit assignm ent. For these and  

o ther reasons, the backpropagation approach  with sigm oidal activation  functions is 

not guaran teed  to  converge. This problem  is alleviated som ew hat by using experience 

replay an d  o ther techniques, but a t the  cost of much higher com putation .

T here  have been several recent a tte m p ts  to improve the convergence of neural 

reinforcem ent learning techniques (T sitsik lis and Van Roy 1997: .Jaakkola. Jo rdan , 

and  Singh 1994: Singh 1993: A nderson 1993). Most of these a tte m p ts  fall into two 

broad categories: recoding the inpu t space and  modifying the  backpropagation algo­

rithm . O ne prom ising approach is th e  use of radial basis functions (RBFs) instead 

of sigm oidal activation  functions (K re tchm ar and A nderson 1997). This approach 

alleviates th e  problem s of non-local up d a te , but tends to  have problem s representing 

the value function a t th e  edge of th e  s ta te  space and in troduces som e waviness in th e  

value function. Selecting the param eters  of the  radial basis functions is also an active 

area of research.

A nother approach to  im proving convergence when using neural networks for func­

tion approx im ation  is to  change th e  netw ork equations for the  backpropagation algo-
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rith m . A m odification of backpropagation  called residual gradient algorithms m in i­

mizes th e  residual Bellm an equation  for reinforcem ent learning instead  of the  s ta n d a rd  

d irec t grad ien t a lgorithm  of tra d itio n a l backpropagation  (B aird  1995). It is g u a ra n ­

teed  to  converge, but m ay take a long tim e to  do so. Convergence can  be accelerated  

by using a com bination  of residual g rad ien t algorithm s and  d irec t grad ien t algorithm s.

M ahadevan and  Connell (1992) developed a  s ta tis tica l c lustering  approach to  func­

tio n  approx im ation  w ith  reinforcem ent learning on a robo t. T he  task  for their ro b o t 

was to  find boxes and  push them  against a  wall. They specified two behaviors for 

th e ir  robo t and  gave su itab le  rew ards w hen it achieved its task . T heir robot h a d  a 

lim ited  num ber of sensors, and th ey  pre-processed the  sensor d a ta  to  reduce it to  a 

very  sm all num ber of observations. T hey  exam ined two approaches: 9 bits of sensory  

inform ation  w ith a weighted H am m ing clustering approach  and  18 b its of sensory  

infornnition w ith s ta tis tica l c lustering. T hey  found th a t reinforcem ent learning was 

a  v iab le  approach  to  learning ind iv idual behaviors, producing  sim ilar perform ance to  

a  h an d  coded subsum ption  arch itec tu re  approach .

W hen th e  s ta te  can be described by a set of Boolean or d iscrete-valued variables, 

it is possible to  learn com pact decision trees for representing  the  value function . 

T h e  G -learning <dgorithm (C hapm an  and  Kaelbling 1991: K aelbling. L ittm an . a n d  

M oore 1996) s ta r ts  by assum ing th a t  no partition ing  is necessary and  tries to learn  

Q  values for the  en tire  environm ent as a single sta te . In parallel w ith  this process, 

it ga th ers  s ta tistic s , which are used to  determ ine  w hether it should m odify its s ta te  

space represen tation . It uses a T -te s t to  determ ine if there  is som e bit b in the s ta te  

descrip tion  such th a t th e  Q  values for s ta te s  in which 6 = 1  are  significantly different 

from  th e  Q  values for s ta tes  in which 6  =  0. If such a b it is found, th en  it is used to  

sp lit th e  decision tree. T he process is repeated  in each of th e  leaves. This m eth o d  

is ab le to  learn very com pact rep resen ta tions of the Q  function  in th e  presence o f an  

overw helm ing num ber of irrelevant, noisy s ta te  a ttrib u te s . It was used by M cC allum
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(1995) to  learn  behaviors in a  com plex driv ing sim ulator. However. G -learning cannot 

acquire p a rtitio n s  in which a ttr ib u te s  are  significant only  in com bination w ith  o th er 

a ttr ib u te s .

T h e  U Tree (U th er and Veloso 1998) algorithm  ex tends G -learning to  w ork in a 

continuous s ta te  space. Like G -learn ing . th is a lgorithm  keeps historical in form ation . 

O ccasionally, it does batch processing to  determ ine w hat s ta tes  need to  be sp lit. 

T hey  evalua ted  th e  Kolm ogorov-Sm irnov test and sum -squared  error as a m eans to  

d e term in e  w here an d  when to  split a  leaf node, but did not evaluate using th e  T -tes t.

I developed an  extension to  G -learn ing  th a t works in dom ains w ith real-valued 

variables. M y extension is sim ilar to  U Tree, but I explored some a lte rnative  m etrics 

for d e term in ing  when and where to  subdiv ide the space and  analyzed perform ance 

in different dom ains. Also, the  U Tree a lgorithm  uses batched  updating  of th e  s ta te  

space rep resen ta tio n  while my approach  does continuous updating . W ith  b a tch  up­

d a ting . all leaf nodes are inspected periodically. C ontinuous updating  inspects leaf 

nodes w henever th ey  are upda ted , which results in a m ore uniform d is trib u tio n  of 

evaluations over tim e, and avoids evaluating  leaf nodes th a t  have not been u p d a ted  

recently. M y approach  is covered in C h ap te r 4.

A gents need to  satisfy  two opposing  problem s regard ing  the ir internal s ta te  space. 

F irst, th e  agen t's  s ta te  space may have too many distinctions,  m eaning th a t an  ab u n ­

dance o f p e rcep tu a l datti is available but the  level o f d e ta il is too finely g ra ined  to  

be of any  p rac tica l use. In th is case, th e  agent needs to  app ly  selective percep tion  

to  p ru n e  away unnecessary d istinc tions and  focus its a tte n tio n  only on ce rta in  fea­

tu res. Second, even though there  cire too  m any d istinc tions in the percep tua l d a ta , 

th e  ag en t's  s ta te  space may sim ultaneously  contain too f e w  distinctions,  m eaning th a t 

p e rcep tu a l lim ita tions have tem p o rarily  hidden crucial features of the  environm ent 

from  th e  agent. In o ther words, th e  agen t's  s ta te  m odel is too coarse. This problem .
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called hidden state,  can  often  be solved by using m em ory of features from previous 

views to  augm ent th e  agen t's  perceptual inpu ts.

A ndrew M cC allum  (1994. 1993. 1995) developed an  approach to reinforcem ent 

learning called U tile D istinction M em ory (UDM ) th a t uses an instance-based ap­

proach to learn  th e  s ta te  space represen tation . UDM uses selective perception  and 

short-term  m em ory to  sim ultaneously p ru n e  and  augm ent the  s ta te  space provided by 

the  agent's p e rcep tu a l inpu ts. D uring learning, the  agent selects task-relevant s ta te  

distinctions w ith  a  utile distinction  test. T h e  utile  d istinction  test is based on s ta tis ­

tics. sim ilar to  G -learning. to  determ ine w hen a d istinc tion  helps the  agent predict 

reward. M cCallum  also advocates using instance-based learning for m aking efficient 

use of accum ulated  experience, and using a tree s tru c tu re  to  hold variabie-length 

memories. T he  basis of UDM is to use previous s ta te  inform ation to  d isam biguate 

the  current s ta te . UDM keeps a long h isto ry  of sensory inputs tha t can be applied  to 

learn the value o f new sta tes  th a t are discovered, thus it requires a large am ount of 

com puter memory.

Utile D istinction  M em ory scales much b e tte r  th an  tab le  lookup m ethods and  finds 

good approxim ations to  the  value function. M cCallum  explored four m ain variations 

on Utile D istinction  M em ory and showed very good results in several dom ains. In 

some cases, th e  UDM  perform ance was an  order of m agnitude b e tte r th an  previ­

ous algorithm s. UDM  m ay provide im proved perform ance over my sim pler decision 

tree based reinforcem ent learning, bu t a t  the  cost of significantly higher com puting 

resources.

H-learning is a  m odel-based, average rew ard approach  th a t has been shown to  con­

verge more quickly and  to  b e tte r policies th an  Q -learning in some dom ains (Tadepalli 

and  Ok 1994: T adepalli and  Ok 1998). B agnell. Doty, and  Arroyo (1998) com pared 

Q-learning w ith  H -learning on a real robo t. T hey  used C harm , a small, two-wheeled 

robot w ith lim ited processing capabilities, for the ir experim ents. The sensors and  ac-
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tu a to rs  on  C harm  are simple enough to  use a  tab le  lookup m ethod for reinforcement 

learning. H-learning worked b e tte r  th a n  Q -learning for C harm , b u t does not scale 

well to  a  m ore sophisticated  robo t. I use Q -learning to  allow scaling to  m ore complex 

robots.
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Chapter 4 

Reinforcement Learning of Actions

T he goal of this d isserta tion  research was to  develop a system  th a t  can learn adaptive 

low level actions. This required  som e initia l experim ents to  determ ine an appro­

p ria te  approach to  learning th e  low level actions. For te s tin g  a lternative  low level 

learning designs. I chose a dom ain  th a t required only low level actions w ith m inim al 

coordination  and no long-term  planning.

I te sted  reinforcem ent learning im plem entations for low level control using the  

R obot A uto Racing S im ulator (RA R S) (T im in  1995). in which different robots com­

pete  in autom obile races. T his sim ula to r is com plex enough to  be interesting, while 

sim ple enough th a t all the  variables can  be exam ined a n d /o r  controlled . The purpose 

of th e  prelim inary s tu d y  was to  gain knowledge about learning low level actions th a t 

m ay be applicable to  m ore com plex dom ains.

I ran  two sets of experim ents. T h e  first set of experim ents helped to select a 

reinforcem ent learning arch itec tu re  th a t  could learn to race in th e  RARS sim ulator, 

and  th a t could be m anually  ex tended  to  learn a new behavior for passing com peting 

cars. These experim ents resu lted  in a system  th a t perform ed adequately , but the  rein­

forcem ent learning m ethod  d id  not converge reliably and was sub jec t to  overtraining. 

T he second set of experim ents, covered in Section 4.3. evalua ted  an a lternative rein­

forcem ent learning m ethod  to  provide m ore reliable convergence and  im m unity from
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overtra in ing . These experim ents guided the design of a  m ore general robot navigation 

a rch itec tu re  described in C h ap te r 7.

4 .1  E n v iron m en t: S im u la ted  A u to m o b ile  R a cin g

R A RS is designed to allow different robots to  co m p ete  in autom obile races. T he 

p rim ary  user interface to  RA RS consists of a rich set of com m and line options. T he 

user contro ls the  number of robo ts partic ipa ting  in th e  race and  selects which robo ts 

to  use. which track to use. how m any laps in a  race, how m any races to  run. and  

w hether or not the physical m odel is determ inistic . RA RS provides the user w ith a 

real tim e  display of race s ta tis tic s , such as the  m axim um  and  average speeds for each 

car in th e  race, and the re la tive positions of each car. RARS can sim ulate from 1 to  

16 different robots sim ultaneously and  can display th e  race in real time, or can be 

called to  run  the race a t faster th a n  real tim e speed  w ith  or w ithout the display.

Each robot is im plem ented as a  subroutine  th a t is com piled in to  RARS. To achieve 

rea l-tim e sim ulation, each robo t subrou tine is requ ired  to  execute within a lim ited 

tim e. T h e  exact time depends upon the speed o f th e  processor and  the size of the  

tim e slice during  sim ulation.

R A RS is a  discrete tim e sim ulator. At each tim e step . R A RS updates the  position  

an d  velocity of each car. It th en  calls the  sub rou tine  for each robo t in the race. Each 

robo t rou tine  receives a s tru c tu re  containing in fo rm ation  a b o u t its position, current 

velocity, d istance to the end  of the  current track  segm ent, cu rv a tu re  of the  track, and  

relative position and velocity of nearby cars. T he  robo t ro u tin e  calculates com m and 

signals for accelerating an d  steering, which are re tu rn e d  to  RA RS for updating  and  

con tinu ing  the  simulation.

Several agents are included in the  s tan d ard  R A R S d is trib u tio n . These agents were 

c o n trib u ted  by program m ers from  all over the  w orld. All of th e  agents are heuristic, 

and  none have the capacity to  learn.
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F igure 4.1: Simplified agent a rch itec tu re  for RARS experim ents.

T he environm ent, its reflected in the required  control signals, requires the  robot to 

control two in teracting  effectors: accelerating  and steering. Thus, th is environm ent 

leaves little  question  of w hat ou tpu ts to  include in the arch itectu re , but how to 

coordinate th em  and  how to  code the  o u tp u ts  and sensors are open questions.

4 .2  R A R S  A g en t A r c h ite c tu r e

As shown in F igure 4.1. the  robot racing arch itec tu re  consists of two levels: low 

level behaviors and  a sim ple coordinating  m echanism . Each low level behavior was 

im plem ented as a reinforcem ent learning network.

The higher level coordinating m echanism  is ci sim ple set of heuristics responsible 

for ensuring th a t  the  car moves around th e  track . This coordinating  mechanism is 

a  placeholder for the  P O M D P planner in th e  com plete robot control architecture. 

As such, it provides ju s t enough functionality  to  test reinforcem ent learning design 

decisions in th e  RARS dom ain.

In add ition  to  the  reinforcem ent learning low level behaviors, one low level behav­

ior was hard-coded. If the  car leaves the  track , a hard-coded low level behavior pilots
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th e  car back on to  th e  track, returns the  ca r to  a  safe s ta te , and  ensures th a t progress 

will be m ade in th e  correct direction on  th e  next tim e step . T he hard-coded low 

level behavior is also given control whenever th e  car is moving in the  wrong direction 

around the track .

To be successful, th e  agent is required to  quickly respond to its environm ent and 

must have m astered  several skills: racing, passing, and  m aking p it-stops. A lthough 

th e  agent could have several behaviors available to  it. only one behavior was active at 

any tim e. T h e  active  behavior receives in p u ts  from th e  environm ent and  sends control 

signals to the  effectors. T he control m echanism  selects which behavior is active and 

assigns reinforcem ents. This architecture  is extensible and  provides a  m eans to  let 

the  agent learn  to  race w ith no other agen ts in th e  environm ent. Once the agent has 

learned its racing  behavior, new behaviors can  be added for interaction w ith  o ther 

agents.

4.2.1  Low L evel B ehaviors

T he final RARS agent had two learned behaviors and  one hand coded behavior. The 

core behavior for th is  dom ain is ra c e , which is responsible for driving the car around 

the  track  as quickly as possible when th e re  are  no o th er cars nearby. Each behavior 

m ust coordincite two com plex in teracting activ ities: steering and accelerating. The 

learned behaviors begin w ith no knowledge and  learn purely by tria l and erro r. Of 

course, this resu lts in a  lot of crashes. W hile th e  reinforcem ent learning netw orks 

were being tra in ed , the  system  used a hand  coded heuristic  behavior, r e c o v e r ,  to 

recover from crashes. T he re c o v e r  behavior was im plem ented as a set o f sim ple 

rules. A second learned behavior, p a ss , was added  in th e  second experim ent to  direct 

actions needed to  pass ano ther vehicle. T he  p a s s  behavior was critical for success 

when racing against o ther agents.
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All behaviors received th e  sam e set of in p u ts  to  indicate the  curren t s ta te . A 

behavior could use a  any  subset of the available inpu ts . The inpu ts were

1 . speed of th e  car.

2 . o rien ta tion  o f th e  car relative to th e  clii'ection of the  track.

3. d istance to  left edge of track.

4. d istance to  right edge of track.

5. velocity of th e  car perpendicular to  th e  d irec tion  of the  track.

6 . current se ttin g  of th e  wheel.

7. current se ttin g  of th e  pedal.

8 . radius of th e  cu rren t track  segment.

9. radius of th e  next track  segment, and

1 0 . distance to  end of cu rren t track segm ent.

1 1 . bearing to  nearest com peting  car.

1 2 . distance to  nearest com peting car.

13. bearing to  next nearest com peting car. and

14. distance to  next nearest com peting car.

Two distinct contro l signals were required  for driv ing the car: pedal and wheel. 

Each behavior was responsible for selecting th e  ap p ro p ria te  settings for b o th  of these 

control signals sim ultaneously. Each contro l signal was divided into th ree  possible 

actions. For th e  pedal, the  th ree  possible actions were to accelerate by 10 ft/sec . 

rem ain a t the  sam e speed, and  decelerate by 10 ft/sec . T he possible wheel com m ands
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were to  ad just steering left by 0 . 1  radians, do no t adjust steering, or ad just steering 

right by 0.1 radians. L im iting th e  set to  three possible actions is sim ilar to  the  bang- 

bang control stra tegy  used by A nderson (1989) for controlling an inverted pendulum  

and  has the  advantage th a t  it lim its the  num ber of possible actions and . therefore, 

lim its th e  control functions which m ust be learned.

4 .2 .2  C ontrol M ech an ism

T he purpose of the control m echanism  was to coord ina te  the settings for th e  pedal and  

wheel so as to  optim ize speed  and  com petitive advantage while m ain tain ing  safety. 

C oord ination  was achieved th rough  two mechanism s: behavior selection and rein­

forcem ent. T he behavior selection m echanism determ ined which behavior was active 

a t any given point, m eaning th a t the ir control signals were passed to  the  sim ulator. 

T he  behavior selection m echanism  was im plem ented as a pre-defined heuristic which 

sw itched control based on hum an in tuition  of w hen to switch. T he reinforcem ent 

signal coordinated the  learn ing  of separate  netw orks so th a t their actions worked 

toge ther ra th e r th an  clashing.

W ithou t a good reinforcem ent signal, the reinforcem ent learning networks m ay 

not provide the  correct response or may never converge. Two different reinforcem ent 

signals were used during  system  developm ent. T h e  first reinforcement signal was used 

to  tra in  the  reinforcem ent netw ork th a t was responsible for se tting  th e  pedal. T he 

reinforcem ent signal is set to  — 1 if the  car is off th e  track, or the  speed of car is less 

th a n  15M PH. or if the  car ju s t com pleted a lap an d  the  tim e for the  lap is g rea ter th a n  

the  tim e required to com plete tim e th e  previous lap. O therwise, the  reinforcem ent is

0. T his function provided negative reinforcem ent for leaving th e  track  and  for going 

slowly. T he slight bias in th e  netw ork obviated th e  need for positive reinforcem ent.

T he  second reinforcem ent signal was used to  tra in  the reinforcem ent netw ork th a t 

was responsible for se tting  th e  wheel. T he reinforcem ent signal is calcu lated  as: T he
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reinforcem ent signal is set to  — 1 if the car is off the track or if th e  car ju s t com pleted 

a lap and  the tim e for th e  lap is greater th a n  the  tim e required to  com plete tim e the 

previous lap. O therw ise, th e  reinforcem ent is 0. Since the steering netw ork was not 

directly  responsible for th e  speed of the  car. the  negative reinforcem ent for going too 

slowly was not included in th e  reinforcem ent signal. However, th e  steering  network 

could affect the tim e th a t it takes to com plete a  lap. For instance, by electing to  steer 

to  the  inside on curves, th e  steering  netw ork could reduce the d istance  traveled on a 

p a rticu la r lap. For th is reason, the  reinforcem ent signal for lap tim e was included.

4 .2 .3  E xperim ents

T hree  experim ents were perform ed to test design decisions. T he first experim ent 

tested  th ree  variations on neural network architectures for reinforcem ent learning. 

T he second experim ent com pared  a fourth  architecture to  the  best of the  original 

th ree architectures. T he th ird  experim ent verified th a t additional behaviors could be 

added to  the system .

Each reinforcement learning network was tuned, trained, and  tested  on a single 

track  in RARS. For the  first experim ent, perform ance was m easured in length of tim e 

needed to  complete one lap and  the failure ra te  after a certain  num ber of races. A 

failure occurred whenever th e  car left the  track . For the  second experim ent, "damage" 

was used as the prim ary  evaluation m easure. A car sustained dam age whenever it 

collided w ith ano ther car or left the track. Thus, the dam age m easure includes the 

sim pler failure m easure, b u t is more app ro p ria te  for measuring how well the  agent is 

doing when racing against o th e r cars. In b o th  experim ents, the  num ber of tim e steps 

required to  com plete each lap was also m easured. This m easure is inversely related 

to  the  average speed m ain ta ined  by the car for each lap. D uring th e  course of the 

experim ents, the reinforcem ent learning arch itec tu re , the input represen tation , and 

the  num ber of behaviors were changed.

77

R e p ro d u c e d  with perm iss ion  of th e  copyright ow ner.  F u r th e r  reproduction  prohibited without perm iss ion .



Figure 4.2: T h ree  reinforcem ent learning netw orks to  im plem ent the  race behavior. 
A) Single U tility  Single Action. B) Single U tility  M ultiple A ction. C') M ultiple U tility  
M ultiple A ction.

4 .2 .3 .1  E x p er im en t 1: M on olith ic  v s . D eco m p o sed

T he first experim ent used actor-critic  netw orks sim ilar to  those of B arto. S u tto n , 

and  W atkins (1989). A nderson (1989). an d  Lin (1992) for the  learned ra c e  behavior. 

Section 3.4.3 gave an  overview of ac to r-c ritic  reinforcem ent learning. This experim ent 

com pared th ree  organizations of ac to r-critic  reinforcem ent learning for the two control 

signals. T he m onolith ic network used a  single u tility  netw ork and a single action  

netw ork (SS). T h e  hybrid network used a  single u tility  network but m ultiple netw orks 

for choosing an  action  (SM). T he decom posed network used m ultiple u tility  and  

m ultiple action netw orks for speed an d  steering  (M M). F igure 4.2 shows the  th ree
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netw ork arch itectu res. T he  reinforcem ent learning networks had nine inputs, six 

h idden nodes, an d  one o u tp u t for each action.

T he decom posed approach  (M M ) exhibited the  best perform ance a fte r training. 

F igure 4.3 shows th e  relative perform ance for the th ree  approaches on the  two per­

form ance m easures. T he  two g raphs are sim ilar because fewer failures m ean less tim e 

spent recovering from  failure.

4 .2 .3 .2  E x p er im en t 2: T uning Learning

Following the  results of the  first experim ent. I used sep ara te  networks for each possible 

action. This approach  required each netw ork to learn the  u tility  for a single action. 

T he  experim ents w ith  acto r-critic  networks indicated th a t th is  approach  was superior 

to  using a single netw ork w ith m ultiple o u tp u t units. T he resulting  agent was able 

to  drive around th e  track , but still perform ed poorly when com pared to all of the 

agents in the RARS d istribu tion . This experim ent investigated w hether tun ing  of the 

learning networks could significantly improve perform ance.

T he input represen ta tion , learning algorithm , and reinforcem ent protocol were all 

changed for this experim ent. In the  first experim ent, the  networks were given inputs 

as a continuous inpu t signals. In the  second experim ent, inputs were represented by 

2 1  bit vectors, in which one of the  bits is set to one to indicate d irection while all 

o ther b its are set to  zero.

Since the first experim ent showed th a t the  MM approach worked best and  there 

appeared  to  be no advan tage to  sharing  the  critic netw ork between action  networks. 

I also used Q -learning instead of th e  actor-critic  approach to  reinforcem ent learning. 

O ne advantage to  Q -learn ing  was th a t  it only required a single netw ork for each control 

signal, as opposed to  the  acto r-critic  approach, which needed two networks. Since 

there  were fewer neurons to  tra in . I expected Q -learning to  converge more quickly 

th a t actor-critic . T he  single netw ork in Q -learning is used bo th  to  select actions and 

estim ate  the  value of those actions. T he neural netw ork has one o u tp u t for each
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Figure 4.3: C om parison of three reinforcement learning networks to  im plem ent the  
race behavior.
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possible action, and  uses the  current s ta te  s as in p u t. A t each tim e step . Q(.s.a) for 

all a is calculated and  th e  action w ith the highest value is chosen probabilistically.

T he im plem ent a t ion of Q -learning used 15-step tru n c a te d  TD(A) instead  of simple 

1-step returns. TD(A) is described in Section 3.4.4. T he  previous n s ta tes  were stored 

in a  queue and learning a t each tim e step was perform ed on the n th  previous sta te . 

T he re tu rn  R t~n to  s ta te  s t_n was calculated by th e  recursive equation

where R t was th e  tru n ca ted  re tu rn  to s ta te  t of fu tu re  rewards. rt was the reward 

given a t tim e t. and  Q(.st . a t ) was the  value of th e  s ta te  action  pair chosen at tim e 

t. W hen using th e  above equation. R t was in itially  se t to  zero. 7  is a decay term  

th a t discounted fu tu re  re tu rns. A is a param eter th a t  determ ines the weight of future 

re turns. Once th e  re tu rn  had been calculated, th e  value of the s ta te  action pciir 

Q ( s t- n. at- s) was up d a ted  using

A Q ( s t_n. at- n) was used to  tra in  the  neural netw ork o u tp u t unit corresponding to 

the  action at_n. T he o ther neural network o u tp u ts  were not tra ined  for th a t tim e 

step . This allowed the  algorithm  to com pute a m ore accu ra te  value for the  return 

and  causes reinforcem ent learning to  converge m ore quickly.

Tuning the learning significantly improved perform ance. As shown in Figure 4.4. 

the Q-learning approach  learned to  avoid failure m uch more rapidly. T he tim e to 

com plete a lap was much lower w ith the new ap p ro ach  and  was com petitive w ith 

some of the heuristic control strategies th a t were supplied  w ith  RARS. Some of the 

best heuristic stra teg ies could com plete a lap in under 600 tim e steps on average while 

the  worst heuristic stra teg ies took more th an  800 tim e steps. A fter sufficient training, 

the  Q-learning approach  could com plete a lap in a b o u t 700 tim e steps on average.

R t - 1 — 7 ' \Rt  + 0  + 7(1 — ^ ) Q ( s t- Qt) (4.1)

A Q ( s t - n . a t_n) = a [ R t_n -  Q (s (_n . a t_n)] . (4.2)
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4 .2 .3 .3  E xp erim en t 3: A d d in g  a  N e w  B ehavior

A lthough the agent perform ed well w hen it was the  only vehicle on  the  track, it did  

not have any s tra teg y  for avoiding o th e r vehicles. RARS d e te c ts  collisions betw een 

cars and  calculates dam age when a  collision occurs. When a c a r  has accrued enough 

dam age points, it is rem oved from th e  race. To solve this problem . I added the  p a s s  

behavior to  d irect th e  in teraction  w ith  o th e r agents on the  track  an d  allow it to  safely 

pass the  o ther cars.

W hen the high level contro l m echanism  detec ted  a car ahead , it gave control to  

p a s s , which steered  a ro u n d  the  o th er vehicle. P a ss  was given 15 tim e steps to  move 

around  the o ther car. If th e  car left th e  track  or ran  into the o th e r  car before the  15 

tim e steps had expired, a  rew ard of — 1 0  was given, and the r e c o v e r  behavior was 

given control. O therw ise, th e  p a ss  behavior was given a rew ard of 1 . and the  r a c e  

behavior was given control.

For train ing. I c reated  th ree  slow m oving rule-based cars: blocker 1. blocker'2. and  

blocker3. These three  cars were derived from the  simple "cntrlO" car which comes 

w ith RARS. Blocker 1 was ad justed  to  s tay  w ith  259c of the track  to  its left. Blocker2  

was set to s tay  at the  cen ter of the  track , and  Blocker3 was set to  s tay  w ith 759c 

of th e  track to  its left. T h e  blocker cars were set to run a t  35 miles per hour: th e  

average speed of a car in th e  RARS d is trib u tio n  is about 65 m iles per hour. If only 

one blocker was used, th e  norm al r a c e  behavior would learn to  s ta y  in a part of the  

track  where the  blocker was absent, reducing th e  need fo ra  passing  behavior. Using 

th ree  blocker cars forced th e  agent to  m ake passing maneuvers.

T he ra c e  behavior was trained  alone on the  track for 1000 laps, and then  the  

p a s s  behavior was initialized and tra in e d  on th e  track for 1 0 0 0  laps w ith  the th ree  

blocker cars. N eural netw ork weights were saved and used to  ru n  100 races against 

the  blocker cars. Each race ended w hen the  slowest moving ca r com pleted  two laps.
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Figure 4.5: Using the  passing behavior to  improve perform ance.
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T he passing behavior greatly  reduced th e  am ount of dam age susta ined  by th e  ear 

and decreased the  num ber o f tim e step s  required to com plete a lap. Figure 4.5 shows 

the dam age accrued by the  car and th e  tim e steps required to  com plete a lap during  

the test races w ith  and  w ithout the passing  behavior enabled. B oth  tests were s ta r te d  

w ith the  weights initialized to  the values saved after tra in ing  th e  passing behavior. 

The average speed for the  car was 63.5 miles per hour, slightly  slower th an  th e  65 

miles per hour average speed for the  best five cars in the  RA RS d istribu tion , bu t a 

considerable im provem ent over earlier perform ance. T he period icity  in the  g raphs of 

Figure 4.5 is a  result of the  periodic alignm ent of the blocker cars. Since they  are  all 

running a t fixed speeds, there  is a period ic  alignm ent of the  blocker cars, presenting 

a more difficult passing situa tion .

4.2 .4  R esu lts  o f In itia l E xp erim en ts

The first experim ent confirmed th a t for the  RARS environm ent, a m onolithic archi­

tecture is not only less m odular, and  so harder to  extend, bu t also learns less quickly 

and achieves a lower overall level of com petence.

T he second experim ent showed th a t  reinforcem ent learning w ith  neural netw orks 

can be m ade to  work in this dom ain, bu t requires careful tu n in g  of param eters. As 

expected, tun ing  th e  learning is c ritical for perform ance. T his is a d isappoin tm ent 

because it m eans th a t for an agent to  build its own low level behaviors it m ay need 

both  considerable tim e to  tune them  an d  knowledge about how to  do so.

T he th ird  experim ent dem onstra ted  th a t the  hum an developer can add new behav­

iors easily to  th e  decom posed behavior set. The passing behavior was incorporated  by 

creating a new netw ork w ith an  identical input representation and  learning a lgorithm  

to the o th er behaviors. A reinforcem ent schedule was designed for the passing be­

havior. and  a sw itch added to  the  heuristic  control selection m echanism . T he passing 

behavior was tra ined  together with th e  norm al race behavior.
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The final agent usecl Q -learning w ith  sep a ra te  netw orks for each of th ree behav­

iors. coarse coded in p u t, and a coord ina tion  m echanism  com bining  sim ple rule-based 

selection of behaviors, reinforcem ent signals and  synchronized  train ing . T his best 

agent differed significantly from the  first pilot agent th a t was b u ilt. Increm ental te s t­

ing of the design decisions was used to  develop an agent th a t  was well su ited  to  its 

environm ent.

My prelim inary w ork showed th a t  learning and com posing low level behaviors is 

feasible for th is dom ain. D ecom posing th e  behavior into sep a ra te  m odules for steering  

and  acceleration resu lted  in b e tte r perform ance th an  using a  single m onolithic contro l 

m odule. T he RARS work also resu lted  in a  b e tte r u n d e rs tan d in g  of su itab le  neural 

network reinforcem ent learning a rch itec tu res and  p aram ete r settings.

4.2 .5  C oncerns and Q u estion s

T he agent could be fu rther im proved by finding a more a p p ro p ria te  function approx i­

m ation technique. N eural networks were less th an  ideal because they  do not perform  

localized learning. W hen the  netw ork ad ju sted  the value of one sta te , the  weight 

change could affect o ther, very different s ta tes . This is a  very undesirable fea tu re  in 

reinforcem ent learning. Table lookup m ethods provide localized learning, and  rein­

forcement learning has been proven to  converge for these system s. However, tab le  

lookup does not scale well w ith the  size of th e  input space. Reinforcem ent learning 

would benefit g rea tly  from a function approx im ation  techn ique which com bines th e  

scalability  of neural networks w ith th e  localized learning of ta b le  lookup m ethods.

A lthough this prelim inary  work has shown th a t reinforcem ent learning can  be 

used for low level control, it was not clear how higher level p lanning  can best m ake 

use of this learning ability. In the  RA RS dom ain. I used a  sim ple high level contro l 

stra tegy  to  select behaviors to execute. T h is strategy' will p robab ly  not work well for
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a  m ore com plex agen t. Also, in this sim ple form, th e re  was no m echanism  for learning 

new  behaviors th a t  are  not explicitly specified by th e  program m er.

A lthough neu ra l netw ork based reinforcem ent learning worked adequately  for per­

form ing in RA RS. som e problem s rem ained. T h e  m ain  problem  w ith  neural reinforce­

m ent learning was a  tendency  towards over-tra in ing  and  forgetting. Once the netw ork 

h ad  learned an  ad eq u a te  policy, the system  no longer visited s ta te s  th a t were not along 

th e  optim al tra jec to ry . T hus, the  inform ation used to  tra in  th e  neural network cam e 

from  only a  sm all p o rtio n  of the  input space. T he  problem  w ith  using neural netw orks 

in th is  s itua tion  was th a t train ing  in one p o rtion  of the  s ta te  space caused errors to  

increase in o th e r p a r ts  of the  s ta te  space. In effect, the  netw ork forgot the  values 

for s ta tes  th a t it had  not visited recently. T his typically  resu lted  in a cycle where 

th e  robot learned to  perform  the  behavior well and  then  suddenly  began to perform  

very poorly. E ventually , it re-learned w hat it had forgotten  a n d  its perform ance im­

proved again. T h is  problem  is significant, because the  behaviors in a more genem l 

arch itec tu re  should  be reliable so th a t h igher level planning is not d isrupted.

A nother concern  is why the  reinforcem ent learning m ethod  never reached average 

perform ance com pared  w ith  the  heuristic cars. O ne possible exp lanation  is th a t the  

neu ra l network function  approxim ator d id  not accurately  learn  th e  value function. 

T h is  could be affected by the  input rep resen ta tion , neural netw ork learning ra te , or 

several o ther factors. My next set of experim ents were designed to  test a relatively 

unexplored ap p ro ach  to  function approx im ation  in reinforcem ent learning w ith the  

goal of im proving perform ance and reducing tu n in g  requirem ents.

4 .3  D e c is io n  T ree F u n ctio n  A p p r o x im a tio n  in  R e ­
in fo r c e m e n t L earn in g

R epresentation  of th e  value function is a  m ajo r concern when im plem enting a rein­

forcem ent learn ing  stra tegy . Q-learning is g u aran teed  to  converge as long as certa in
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constraints are  m et in the  im plem entation  of the value function  ancl the  size of the 

step  th a t is tak en  a t each ite ra tion . O f m ajor im portance is the  p roperty  of local 

support  in the  value function approx im ation  m ethod (Boyan an d  Moore 1995). W hen 

updating  the  value function for a  given s ta te , the u p d a te  should  generalize som ew hat 

to nearby s ta tes , bu t should not affect s ta tes  th a t are d is tan t. This section explains 

my decision tree  function approx im ation  technique for reinforcem ent learning.

4.3.1 T able Lookup

A popu lar approach  for representing the value function in reinforcem ent learning is 

the tab le  lookup m ethod. T his approach is guaranteed to  converge, subject to some 

restrictions on th e  learning param eters  (Sutton  and  B arto  1997b). However, table 

lookup does not scale well w ith  the  num ber of inputs. T h e  stra ightforw ard  table 

lookup m ethod  subdivides th e  input space into equal intervals. Each part of the  s ta te  

space has the sam e resolution. Some variations of th is approach , such as sparse coarse 

coding and  hashing (S utton  1996). have been used to im prove scalability som ew hat.

Even the  sim plest behavior for the  RARS robot uses seven inputs. Using table 

lookup w ith  each input dim ension divided into 10  regions would result in 1 0 ' table 

entries. Xot only does this require a lot of memory in the  com puter, but it makes the 

algorithm  converge very slowly. Each of the  10' s ta tes  m ust be visited m any tim es 

before an  accu ra te  approxim ation  to  the  value function is learned, resulting in slow 

convergence. A b e tte r  approach  would allow high resolution only where it is needed 

and lower reso lu tion  everywhere else. This would result in fewer s ta tes overall and 

still afford high resolution where it is needed.

4.3.2 N eu ra l N etw ork

The naive approach  to  reinforcem ent learning w ith neural networks typically  uses 

a backpropagation  neural netw ork w ith a sigmoidal activation  function to learn the 

value function. T h is approach can solve larger problems th a n  tab le  lookup, b u t it is

88

R e p ro d u c e d  with p erm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



not g u aran teed  to  converge. In practice, th e  neural netw ork approach o ften  perform s 

poorly  even on relatively sim ple problem s (B oyan an d  M oore 1995).

Some techniques are designed to reduce th is  learn-forget cycle, b u t th e  basic prob­

lem is th a t  local upd a te  is critical for RL to  work re liab ly  (G ordon 1995). In the 

experim ents of Section 4.2.3. two techniques were used to  minimize th is  behavior: 

reducing th e  learning ra te  as learning progressed, a n d  carefully tu n in g  th e  neural 

network param eters. This g reatly  reduced th e  period of the  learn /fo rge t cycle, but 

did not to ta lly  alleviate  the  problem . A lim ited  form of experience rep lay  was imple­

m ented. b u t d id  not result in m easurable reduction  in th e  learn /fo rget cycle.

In the  experim ents of Section 4.2.3. the  learn /fo rg e t cycle was not a m a jo r prob­

lem because there  were only a few behaviors. Each behavior would w ork correctly  

for ab o u t 909c of the  tim e and then  perform  poorly  for 109c of the  tim e. W ith  only a 

few behaviors, th is was acceptable because th e  p robab ility  of more th a n  one  behavior 

being in the  forget part of the  cycle a t any tim e  was still relatively low. b u t because 

it executes behaviors serially, th is could cause poor perform ance when a  behavior is 

executed while in the  forget phase. However, as the num ber of behaviors increases, 

more of them  will be perform ing poorly a t a given tim e. T his may cause severe prob­

lems as the  system  tries to  recover from m ultip le  failures caused by m alfunctioning 

behaviors.

4.3 .3  D ec ision  Trees

Decision trees (M urthy  1996) divide the space w ith  varying levels of reso lu tion . Fig­

ure 4.6 shows an  exam ple of a decision tree  th a t divides the s ta te  space  into five 

regions. Each decision node in th is exam ple m akes a decision abou t one o f the  input 

variables. T h is type of decision tree  is referred to  as axis-parallel because decision 

boundaries are  always parallel to  the  axes. T h e  decision tree  m aps any in p u t vector
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Decision Nodes

State Nodes

State Space

Figure 4.6: Dividing the s ta te  space w ith a decision tree.

from  the  s ta te  space to  one of the s ta te  nodes, which corresponds to  a region in the 

s ta te  space.

Given a decision tree  th a t  m aps inpu t vectors onto  s ta te  space  regions, reinforce­

m ent learning can be used to associate a  value w ith each region. T his is just a  

generalization of the  tab le  lookup m ethod , since a  lookup ta b le  can be represented 

as a decision tree. However, the more general tree  rep resen ta tion  allows stcite space 

regions to  vary in size. T h e  decision tree  has high resolution of th e  s ta te  space where 

it is needed and low resolu tion  elsewhere, thereby  reducing th e  num ber of discrete 

s ta tes . Reducing th e  num ber of sta tes can  g rea tly  reduce the  am ount of tim e needed 

for reinforcem ent learn ing  to  find a  good policy.

Using a decision tre e  to  approxim ate th e  value function is not a new idea. Sec­

tion 3.4.4 describes som e previous approaches. M y approach ex tends G -learning to 

a continuous s ta te  space, while requiring less h istorical inform ation  th an  UDM. The 

decision tree is learned along  w ith the policy. My work is very sim ilar to  the  U Tree 

a lgorithm , but I explored som e a lte rnative  m etrics for determ in ing  when and where 

to  subdivide the  space and  analyze perform ance in different dom ains. Also, the U
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Tree a lgorithm  uses batched  u p d a tin g  of th e  s ta te  space rep resen ta tion  while we do 

continuous u p d a tin g . W ith  ba tch  u pdating , all leaf nodes a re  inspected periodically. 

Continuous u p d a tin g  inspects leaf nodes whenever they are u p d a ted , which results in 

a more uniform  d istribu tion  of evaluations over tim e and avoids evaluating leaf nodes 

th a t have not been updated  recently.

Variable reso lu tion  dynam ic p rogram m ing (Moore 1991) is one m ethod for per­

forming reinforcem ent learning in real valued s ta te  spaces w here straightforw ard dis­

cretization w ould fail due to  the  curse  of dim ensionality. In th is algorithm , a kcl-tree 

(sim ilar to a decision tree) is used to  p a rtitio n  the s ta te  space into coarse regions. 

T he coarse regions are refined in to  detailed  regions, but only  in pa rts  of the s ta te  

space which a re  predicted  to  be im p o rtan t. This notion of im portance  is obtained 

by running "m ental trajectories" th rough  th e  s ta te  space. This algorithm  proved 

effective on a  num ber of problem s for which full high-resolution arrays would have 

been im practical. It has the d isadvan tage of requiring a guess a t an  initially valid 

tra jec to ry  th ro u g h  state-space.

4.3 .4  Im p lem en tation

T he decision tree  contains two types of nodes: decision nodes and  leaf nodes. A 

decision node represents a single decision abou t one input variable. This decision 

determ ines w hich branch to take to  find the next node. Each leaf node stores the  

estim ated  values for its corresponding region in the  s ta te  space. T he algorithm  uses 

Q-learning as described in Section 3.4.2. and each leaf node sto res one value for each 

possible action  th a t can be taken , along w ith  a  history of th e  inpu ts  and  tem poral 

difference erro rs th a t have been received. T he  history list is used to  decide w hether 

the  region represented  by the  node should be split.

The decision tree s ta r ts  out w ith  only one leaf node th a t represents the entire 

input space. As th e  algorithm  runs, the  leaf node gathers in form ation  in its history
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1. Receive input vector c and reward r t for time t.

2. Use input vector c to find a leaf node representing state .s( .

3. Select the action a with the largest value of Q ( s t . a) .  or select a random action
with some small probability p.

4. If p  >  p,mn then p  — p  x decay,  were 0 <  decay <  I.

5. If the action was not chosen at random, calculate AC2(s*_i. a t - i ) and update
Q ( s t - i . a , - i ) .

G. Add AQ( . st_ a n d  r  to the history list for the leaf node corresponding to 
St -  i-

7. Decide if .st_ i should be divided into two states by examining the history list for
St —I-

(a) if historyJist-length <  history_list_min_size then split :=  False

(b) else

i. calculate average p  and standard deviation a  of A Q ( s t - 1 • a t - 1 ) hi the 
history list

ii. if | / tj  < 2 it  then split := True
iii. else split := False

S. Perform split, if required

9. Save r t . a t and s t so that they can be used for training on the next iteration.

10. Return a t .

Figure 4.7: A lgorithm  for decision tree  based reinforcem ent learning.
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list. W hen it has enough in form ation , a te s t is perform ed to  determ ine w hether 

the  leaf node should  be split (see S ection  4.3.4). If a  sp lit is required, the  test also 

determ ines th e  decision boundary. A new  decision node is created  to  replace the  leaf 

node, and  tw o new leaf nodes are c rea ted  and  a tta ch ed  to  the  decision node. T he old 

leaf node is th en  deleted. In th is m anner, th e  tree  grows from the root downward, 

continually  subd iv id ing  the  input space  into sm aller regions. Figure 4.7 sum m arizes 

th e  a lgorithm .

The decision ab o u t w hen a node shou ld  be split and  w here to  place each decision 

boundary  is crucial. I investigated th re e  m ethods from the  decision tree  lite ra tu re  

plus a new m e th o d  th a t is sim ilar to  G -Iearning. All four o f the  m ethods use m ean and  

s tan d a rd  dev iation  of A Q ( s t .cit ) (covered in Section 3.4.2) over some fixed h istory  to 

determ ine if a  node should be split (see F igure 4.7). bu t they  use different algorithm s 

to  choose a  decision boundary. T h e  decision ab o u t where to  place th e  boundary  

is m ade by te s tin g  the  im provem ent in so rting  the  sam ples in the h istory  list by 

A Q (s t . a t ). p lacing a boundary  a t th e  m ean betw een each pair of sam ples, and  then  

perform ing th e  test on each input variable. T he b o u n d a ry /in p u t variable pair th a t 

results in th e  best partition ing  of th e  inpu t space, as determ ined  by th e  partition ing  

m ethod, is used to  split th e  node. T h e  four m ethods are:

I n f o r m a t io n  G a in  T his is the  classic m ethod  used in Q u in lan 's  ID3 (Q uinlan 1986). 

It m easures the  inform ation ga ined  from a p a rticu la r split. The boundary  w ith 

the  largest inform ation  gain is used to  split the  node.

G in i  I n d e x  T h is m etric is based on  th e  G ini C riterion  by Breim an et al. (1984). 

bu t m odified as in OC1 by M urthy . Kasif. and  Salzberg (1994). T he Gini Index 

m easures th e  p robability  of m isclassifying a set of instances. T he boundary  

w ith th e  lowest probability  of m iselassification is used to  split the  node.
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T w o in g  R u le  This m etric , also proposed by B reim an et al. (1984) ancl used by 

M urthv. Kasif. and  Salzberg (1994). com pares the  num ber of exam ples in each 

category on each side of the  proposed split. T he b o u n d ary  th a t  most evenly 

divides the  sam ples in to  two groups is used to  split th e  node.

T - s t a t i s t i c  This approach  is based on the  T -sta tis tic . T he  a lgo rithm  calculates the 

m eans and  variances for each input variable. If the  node has no t received any 

positive AQ(.st . a t ) in its h istory  list, then the  inpu t variable w ith  th e  highest 

variance is chosen as th e  decision variable for the  new decision node. O therw ise, 

the  decision is m ade by calcu lating  the T -sta tis tic  for each variab le  and selecting 

the variable w ith th e  highest T -sta tis tic . This approach  is s im ilar to  th a t used in 

G-learning. a lthough  I remove th e  restriction th a t all inpu ts  be binary, allowing 

the algorithm  to  learn  in a continuous s ta te  space.

4.3 .5  E xp erim en ts on  D ec ision  Tree R ein forcem en t Learning

To assess the  perform ance of the  decision tree based reinforcem ent learning algo­

rithm s. I com pared them  to  tab le  lookup and neural netw ork reinforcem ent learning 

on three problem  dom ains. T he s tu d y  focused on answ ering the  following questions:

1. How quickly does each algorithm  learn?

2. W hich reinforcem ent learning algorithm  perform s best a fte r tra in ing?

3. Is the  decision tree  based approach  less prone to  the  learn /fo rg e t cycle th a n  the 

neural network approach?

The perform ance s tu d y  used the  RA RS dom ain, described in Section 4.1. and  two 

sim pler dom ains from th e  reinforcem ent learning lite ra tu re .

M o u n ta in  c a r  is a  classic reinforcem ent learning task  where th e  goal is to learn  the 

proper acceleration to  get out of a  valley and  up a m ounta in  (B oyan an d  Moore 

1995). T he car does not have enough power to  sim ply climb up th e  m ountain , so
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it has to  rock back and  forth  across the valley un til it gains enough m om entum  

to  carry  it up the m ountain.

P o le  b a lan ce  is an o ther classic problem  where th e  goal is to  balance a pole th a t 

is affixed to  a  cart by a hinge (B arto. S u tto n , and  A nderson 1983). T he cart 

moves in one dim ension on a  finite track . At each tim e step, the  controller 

decides w hether to  push the  cart to  the left o r to  the  right.

T he neural network approach  used a baekpropagation  network w ith  sigm oidal 

activation  function. T he d param eter, which contro ls the  steepness of th e  activation  

function, was set to 1 .0  for all experim ents. The learn ing  ra te , o r step size, param eter 

was set to  0 .0 1  for the pole balance and m ountain  car problem s, and was set to  0 .1  

for RA RS. T he  m om entum  term  was set to 0.0 for all experim ents. These param eters 

were chosen a fte r some trials in each dom ain w ith  various param eter settings. For 

the  pole balance problem , the  netw ork had four inpu t nodes, six hidden nodes, and 

2 o u tp u t nodes. For m ountain  car. there were two input nodes, three hidden nodes, 

and  th ree  o u tp u t nodes. For RARS. there were two networks, each w ith nine inputs, 

twelve hidden nodes, and  three o u tp u t nodes.

For each m ethod. Q(A) (W atkins 1989) was used. For pole balance and  m ountain  

car. A was set to  0.75 and  7  was set to 0.95. For RARS. A was set to  0.8 and  7  

was set to  0.99. The random  ra te  param eter, p was in itially  set to  0.25 and  was 

recalculated  as p p x 0.99 011 each iteration  of Q(A) where p >  0.001. T he tim e 

step  for sim ulating m ountain  car and  pole balance was 0.02 seconds. T he  tim e step  

for the  RA RS sim ulation was 0.0549 seconds. For the  decision tree approach, the  

m inim um  history  list length  before a node could be considered for sp litting  was set 

to 200. In general, long history  lists result in slower learning, while short h istory  

lists clo not provide enough inform ation. A history  list length  of 200 provides enough 

inform ation to  make good decisions abou t when an d  where to  split the  nodes while 

allowing th e  system  to learn  a t a reasonable rate .
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For each problem  dom ain. I ran  th e  reinforcem ent learning a lgorithm s w ith  the 

six representations for a  fixed num ber of trials  and  th e n  divided th e  to ta l num ber 

of trials for each a lgorithm  into  four periods. T he num ber of tria ls  in each dom ain 

was determ ined by how long it took the algorithm s to  reach a s tab le  policy. On 

the m ountain car problem . I ran  each algorithm  for a  to ta l of 10.000 trials: each 

tria l lasted for 10.000 tim e steps o r until the car reached the  goal s ta te . On the  pole 

balancing problem , we ran  each algorithm  for 2 0 .0 0 0  tria ls  of 2 .0 0 0  tim e steps or until 

the  controller failed to  m ain ta in  the  pole in a balanced position w ith in  the  confines of 

the  track. E xtending  the  trials  beyond 2.000 tim e steps d id  not affect the  results. In 

the  RARS dom ain, each algorithm  was run for 300 laps around the  track, regardless 

of how m any tim e steps were required.

All experim ents were run  10 tim es in each dom ain, and  I calcu lated  the  average 

perform ance for each tria l. For the  M ountain car dom ain. I collected the num ber of 

steps taken to  reach th e  goal. For pole balancing. I collected the  tim e th a t the  pole 

rem ained balanced. For th e  RARS dom ain. I collected th e  tim e th a t the  car took  to 

com plete each lap a round  the  track .

How long does it take for each algorithm  to  reach a good, s tab le  solution? Fig­

ures 4.8-4.10 show th e  perform ance of the various algorithm s.

M o u n ta in  c a r :  This is th e  easiest of the  th ree  problem  dom ains, having only two 

inputs and th ree possible actions. As shown in F igure 4.8. all of the  m ethods 

converged to ab o u t the  sam e level of perform ance, w ith little  difference in the  

tim e th a t they took to  find a good solution.

P o le  b a la n c e : This dom ain is a  little  more difficult th a n  the  M ountain  car problem . 

Figure 4.9 shows the  relative perform ance of th e  various a lgorithm s on this 

problem . T he T -tes t decision tree m ethod converged to a s tab le  so lu tion  after 

less th an  2 .0 0 0  tria ls  on average and successfully balanced th e  pole thereafter. 

The tab le  lookup m ethod  took a little longer, bu t still found a  so lu tion  in only
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Figure 4.10: Sm oothed learn ing  perform ance for RARS.
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Table 4.1: Perform ance during the  fourth  period. Each colum n shows average and 
s tan d a rd  deviation .

Mountain Car Pole Balance RARS Crashes RARS Times
A* a A* a A* <7 y. (7

Gini 206 0.7 Xo result 15.7 22.4 3617 751.8
Info Gain 170 2.2 2000 0 1.1 1.9 2956 82.8
XX 328 45.4 1999 0.004 2.8 4.6 1172 566.0
Table 160 13.6 2000 0 Xo result Xo result
T-test 170 0.3 2000 0 0.01 0.1 723 14.8
Twoing 219 53.4 1848 360.2 1.4 2.7 1869 418.0

5000 tria ls . T he  neural netw ork approach  found a  good solution in fewer trials 

th an  any o th e r m ethod, b u t showed some instability  even after 1 0 .0 0 0  trials.

R A R S : T his problem  is too large to  be solved using the  tab le  lookup m ethod, so I 

only com pare the  perform ance of the  various decision tree  m ethods and the neu­

ral netw ork approach. F igure 4.10 shows the perform ance of these algorithm s. 

T he T -tes t decision tree m ethod  quickly finds a good s ta te-space  representation 

and achieves good perform ance. The neural network approach  also finds a good 

policy. T he o th er decision tree  m ethods do not perform  as well: they  were still 

searching for suitable sta te-space  representations a t th e  end of the  run.

O verall, it appears  th a t the  T -tes t decision tree m ethod  perform s best. The 

neural netw ork approach  worked well in all th ree  dom ains, bu t showed evidence of 

overtrain ing  in all cases. O vertrain ing  causes the upw ard tre n d  in tim e steps after 

7000 trials on the  m ountain car problem , the  small perform ance dip between trials 

12000 and  14000 on the  pole balance problem , and the  upw ard trend  in the RARS 

d a ta  after 250 laps.

For each problem  dom ain. I ran  all of the  reinforcem ent learning algorithm s (neu­

ral netw ork, tab le  lookup, and four variations of decision tree) and then  divided the  

to ta l run tim e for each a lgorithm  into four periods. AXOVA is a statistica l tech­

nique which tests differences in m ean values of a dependent variable between two or 

m ore categories of independent variables. I calculated a  one way AXOVA on each
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period  w ith  algorithm  as th e  independent variable and  perform ance as th e  dependent 

variable. For all problem s. P  < 0.01. indicating s ta tis tica lly  significant perform ance 

differences (m ountain  car: F  =  113.45. pole balance: F  — 219.67. RA RS lap tim e: 

F  — 506.13. and RA RS crashes: F  =  29.43). Table 4.1 shows th e  perform ance 

for each algorithm  over th e  fourth  period, where learning should be com plete and 

perform ance should be s tab le .

M o u n ta in  c a r : T he tab le  lookup m ethod perform ed b e tte r  th a n  any o th e r m ethod. 

However, in form ation  gain and  T -tes t decision tree m ethods also perform ed 

well. I perform ed a  one tailed T -test of inform ation gain vs. T -tes t m ethods 

and  found no significant difference (t — 1.35. p  < 0.18). T he tab le lookup 

m ethod had higher s tan d a rd  deviation than  e ither inform ation gain or T -test. 

indicating th a t th e  s ta te  space representation of the  decision tree  approaches 

may have been b e tte r  su ited  to the  problem  th a n  the  fixed grid representation  

used in tab le lookup.

P o le  b a la n c e : Inform ation  gain, tab le  lookup, and  T -tes t all achieved perfect per­

formance and  were able to  balance the  pole for 2 0 0 0  tim e steps for every trial 

in period four. T h e  neural netw ork approach found a good solution, but failed 

occasionally due to  overtrain ing. T he twoing decision tree  converged to  a s tab le  

solution during period  four.

R A R S : T he T -test app roach  shows significantly b e tte r  perform ance th a n  the o ther 

m ethods. The neural network approach perform ed well, bu t crashed a great 

deal more often th a n  any  of the  top  three decision tree  m ethods.

Overall, the T -tes t m ethod  perform ed best, providing the  best lap tim es and the 

lowest num ber of crashes in the  RARS dom ain, and  giving perfect perform ance in 

pole balancing. O n the  m oun ta in  car problem , the  T -te s t m ethod  was slightly worse
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on average th a n  tab le lookup, bu t perform ance had  far less v a ria tion  from  one trial 

to  the  next.

T he  m ain  m otivation for th is  work was to  overcom e the lea rn /fo rg e t cycles th a t 

I had  encountered using th e  neural network approach . I assessed w hether a m ethod 

suffered from  a learn /forget cycle by exam ining th e  learning curves and  com paring 

s ta n d a rd  deviation (shown in Table 4.1) in its  u ltim a te  (period four) perform ance.

M o u n ta in  c a r :  The neural netw ork approach  in itia lly  found a good policy, but be­

cam e overtrained a fte r ab o u t 6.000 tria ls . T h e  high s ta n d a rd  deviations show 

th a t th e  neural netw ork and  twoing value approaches were unstab le . Figure 4.8 

shows th a t the perform ance of the neura l netw ork m ethod ac tu a lly  deteriorated  

noticeably  during period  four. The T -te s t. G ini. and in form ation  gain m ethods 

had  low s tan d ard  deviations, indicating th a t they  had reached a  s tab le  solution.

P o le  b a la n c e :  The T -tes t. tab le  lookup, an d  inform ation gain m ethods all had zero 

s tan d a rd  deviation and  perfect perform ance. T he twoing m ethod  found a good 

so lu tion  during period  four, as shown in F igure 4.9. T h e  neural network ap­

proach found a good so lu tion , but occasionally  failed due to  overtraining.

R A R S : T he  T -test m ethod  had  the  lowest s ta n d a rd  deviation  in b o th  perform ance 

m easures indicating th a t it had found a s tab le  solution. T h e  neural network 

approach  perform ed alm ost as well as th e  T -tes t based decision tree m ethod 

for som e time. However, after abou t 250 tria ls , the neura l netw ork became 

overtrained. Its high s tan d a rd  dev iation  indicates th a t it d id  not converge to 

a s tab le  solution a t th a t  tim e. F igure 4.10a shows th a t th e  perform ance of 

th e  neural network approach  was good th roughou t period  th ree  and  actually  

decreased during period  four.

In all th ree  of the dom ains, th e  neural netw ork approach showed signs of overtrain­

ing. T he  T -tes t approach perform ed best in tw o of th e  dom ains and  was outperform ed
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by tab le  lookup in one dom ain. T h e  table lookup m ethod  gave the  best perform ance 

in th e  m ountain  car and  second best on pole balancing, b u t could not be used on the 

RA RS dom ain d ue  to  th e  num ber of inputs.

4 .3 .6  C on clu sion s for D ecision  Tree R ein forcem en t Learning

Decision tree function  approxim ation  for reinforcem ent learn ing  provides good learn­

ing perform ance, m eets m y needs for more reliable convergence th a n  the  neural net­

work approach, an d  did not exhibit overtraining in the  dom ains tested . It also has 

lower m em ory requ irem ents th an  the  table lookup m ethod  and  scales b e tte r to large 

input spaces.
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Chapter 5 

Review of POMDP Planning

A Partially  O bservable M arkov Decision Process (PO M D P) m odel can be viewed 

as a generalization to  an  M DP m odel in which the exact s ta te  m ay not be observ­

able (L ittinan  1996). O ne exam ple is a robot lacking enough sensors to  tell exactly  

where it is. or is able to  determ ine its exact s ta te  only by runn ing  a tim e consum ing 

vision system .

A PO M D P model, in troduced  by A1 Drake (P latzm an 1998). consists of

•  a finite set of s ta tes  S  =  .........

•  a finite set of actions A  = {a0.ai.ci-2.........

•  a set of actions A(s)  C A  for each s ta te  s £ <S th a t can  be executed in th a t  

state .

•  a set of transition  probabilities Pr^s'l-s. a) Vs £  S..s'  £  S .  a £  A(.s).

•  a set of observations Z  =  {co- ~i - ~ 2 .........~\z\-i}-

•  the observation probabilities Pr(_|.s'. a)\fz  £  Z . s '  £ S .  a £  -4(.s).

•  and a set of im m ediate rew ards r “(.s)Va £  A(s)..s  £  S  th a t  are available a fte r  

taking any legal action from any sta te .

T he transition  probabilities sim ply specify the  probability th a t  th e  s ta te  is s' given 

th a t the previous s ta te  was s and  action  a was taken. T he observation  probabilities
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specify th e  p robab ility  of seeing observation  r  given th a t th e  current s ta te  is s'  ancl 

action  a was taken  in the  previous s ta te . A more general case of PO M D P problem  

would include stochastic  rew ards in s tead  of determ inistic  rew ards. However, th is 

would g rea tly  com plicate  the  process of finding a policy.

A lthough the  underlying dynam ics of th e  PO M D P a re  s till assum ed to  be M arko­

vian. there  is no direct access to  th e  cu rren t s tate . T he  problem  now becom es one 

of d isam biguating  th e  current s ta te  in order to make th e  op tim al action choice. To 

solve th is problem , th e  current s ta te  is represented as a  probability  d is trib u tio n  b 

over S  known as th e  belief state. In  th e  PO M D P m odel, a fte r each action, a  sensor 

observation is m ade, and  the belief s ta te  b is updated . U p d a tin g  the p robab ility  dis­

tr ib u tio n  ju s t involves using the  tra n s itio n  and observation probabilities a long w ith 

the  current belief s ta te , the  action  chosen, and the observations received to  calcu la te  

a new probab ility  d is tribu tion  b over S .  T he exact m ethod  is covered in Section 5.1. 

At each tim e step , the  next belief s ta te  is fully determ ined by the  current belief s ta te , 

the  action  chosen, and  the  observations received. Since th e  process of m ain ta in ing  the 

belief s ta te  is M arkovian, it provides th e  sam e inform ation as if the  com plete h isto ry  

were m ain tained . A lthough there  m ay  be m any ways to  arrive at the  cu rren t belief 

s ta te , the  curren t decision and th e  nex t belief s ta te  do not depend on w hat p a th  was 

taken  to  arrive a t the  current belief s ta te . The following section explains how the  

action  is selected a t each tim e s tep  an d  defines some term inology. L ater sections in 

th is  chap ter describe several a lgorithm s for finding the  op tim al action selection policy 

for a PO M D P.

5 .1  P O M D P  B a sic s

T his section describes how actions a re  selected from the  P O M D P  policy and  how the  

belief s ta te  is u p d a ted  a t each tim e s tep . M uch of the m ateria l in this section is derived 

from C assandra (1998a). Ju st as in th e  C O M D P model, th e  robo t selects an  ac tio n  a t
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each tim e step  by consulting  its policy. For th is  discussion, assum e tha t a  policy been 

found for some P O M D P  problem , and  th a t  policy is being used to  select an  action a t 

each tim e step . T h e  policy in a P O M D P  is a  function tt(6 ) —+ a th a t maps belief sta tes

vecto r having a n  associated  action. It is com m on in th e  PO M D P litera tu re  to  refer 

to  V as the  policy, a lthough  it is m ore p roperly  referred to  as the  value function. The 

d istinc tion  betw een value function and  policy is seen as unnecessary for a PO M D P 

because the value function  m aps d irec tly  to  th e  policy. Each action a is associated 

w ith  a  set of vectors V (a) C V such th a t V (a) D V (a') =  0 V a. a' £  A .  a ^  a!. At each 

tim e step t. the  ac tion  to  perform  is defined as

In o ther words, th e  do t p roduct is taken  betw een the  curren t belief s ta te  and  each 

vector in the  policy. T h e  vector w ith the  h ighest dot p roduct wins, and its associated 

ac tio n  is chosen. T he action  is then  executed, and the  belief s ta te  is updated  for the  

next iteration.

Consider a very sim ple PO M D P w ith  tw o s ta tes  ( S  =  {sn■ s L}). two actions ( A  =  

{fl0- and th ree  observations ( Z  — {~0. Cj. c-j}). F igure 5.1 shows liow belief space 

for th is problem  can be represented.

Since there are  two s ta tes  and th e  belief space m ust satisfy th e  constrain t 

^ € 5 &s =  1 . th e  belief space can be represented  as a  single, thick line between .s0 

an d  s i. In general, th e  belief space of a P O M D P  w ith n s ta te s  can be represented as 

th e  hyper-plane in n — 1 dim ensions for which =  1- T he two s ta te  exam ple

is labeled by belief s ta te  (1 .0) on the  left and  (0 .1) on the right. On th e  far left, 

th e  probability  of being in s ta te  .Si is 0 . which m eans th a t the  probability of being 

in s ta te  .s0 is 1. O n th e  far right, the  p robab ility  of being in s ta te  .S[ is 1 . and  there 

is 0 probability  th a t  .s0 is the  tru e  s ta te . If the  current belief s ta te  is som ewhere in

to  actions. T he policy is sto red  as a set V of vectors (or line segm ents), w ith  each

nt =  argm ax I m ax (b ■ v) 
a€A \ueV(a)

(5.1)
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Current B elief State

( 1 , 0 ) (0 , 1)

All points that satisfy 
the constraint So 4- .sy =  1

0
0

Figure 5.1: A graphical representation  o f belief s ta te  showing how the  belief s ta te  for 
a tw o-sta te  P O M D P  problem  can be represented  as a point on a  line segment or as 
a dot in a bar connecting the  two s ta tes .

between, as shown in the Figure 5.1. th e n  th e  actual s ta te  is unknow n, but the true  

s ta te  is .Si w ith some probability  or .s0 w ith  probability b0 — 1 — 6 t .

A ssum e th a t the  robot s ta r ts  w ith a  p articu la r belief s ta te  b. takes action <j[. and 

receives observation a fter taking th a t action . There are a  finite num ber of actions 

and a finite num ber of observations: so given any belief s ta te , there  are a  finite num ber 

of possible next belief s ta tes . These correspond to  each com bination  of action and 

observation. Since the exam ple has tw o actions and th ree  observations, there are 

exactly  six possible new belief states. N ote  th a t there m ay be some cases where one 

of the  six possible new belief s ta tes is identical to  the  curren t belief s ta te . Figure 5.2 

shows th is  process graphically, w ith arcs representing the  possible transform ations of 

the  belief s ta te .

T he arcs along the  top of the  graph represent possible outcom es w hen ciQ is chosen, 

while th e  arcs on the  b o tto m  represent w hat can happen w hen a i is chosen. Knowing 

which action  was chosen and  w hat observation  was m ade com pletely determ ines the
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New belief state after 
choosing rii ancl 

observing Ci

F igure 5.2: The new belief s ta te  depends on the  action chosen and  the observation 
received after executing th a t action. T h e  th ree  arcs at the  top  represent possible t r a n ­
sitions when a0 is chosen, while th e  arcs a t th e  bo ttom  represent possible transitions 
when ai is chosen.

new belief s ta te . Xote th a t th e  new belief state  can be determ ined , bu t this is not th e  

sam e as determ ining the  exact state.  T he  new belief s ta te  6“ (-s') can be calcu lated  

w ith  the  belief s ta te  m aintenance equation

P r l : W . a ) Z ^ s P ^ \ s . a ) b U )
' =  -------------------P rfT jfT o )------------------- < ° '2 )

where

Pr(_-|6 . a ) =  £
' & S

P r ( 4 s \ a )  ^ P r ( . s ' | . s . a ) 6 (.s)
i€ .S

At each tim e step. Equation 5.2 is evaluated  for all s £  <5. In term s of Figure 5.2. 

E quation  5.2 selects which arc is followed to  find the new belief s ta te .

T he process of m aintaining the  belief s ta te  is M arkovian. T he next belief s ta te  

depends only on the  current belief s ta te , action , and  observation. This p roperty  m eans 

th a t a discrete space PO M D P problem  can be seen as a  continuous space C’O M D P 

problem . Discrete space CO M D P problem s can  be solved w ith  value iteration , and  

the  value iteration  algorithm  can be ad ap ted  to  work w ith  a continuous space belief 

space. T he transitions of this new continuous space C O M D P are easily derived from  

the  transition  and observation p robabilities of the  PO M D P using E quation 5.2. T h e  

problem  is reduced to solving a C O M D P  by using value ite ra tio n , bu t the C O M D P 

does not have discrete sta tes , so th e  value ite ra tion  a lgorithm  m ust be adap ted .
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( 1 , 0 ) ( 0 , 1 )

Figure 5.3: A g raph ical representation  of a  policy for a  two s ta te  POM DP. T he  solid 
lines represent th e  value of tak ing  action n>. while th e  clashed line represents th e  value 
o f tak ing  action ao■ At th e  current belief s ta te , represen ted  by the  dot. th e  value of 
ac tion  « 0 is g rea te r th a n  th e  value for ac tio n  a t . so a 0 is th e  best action to  take.

5.1 .1  P rob lem  o f C ontinuous S ta te  Space

V alue iteration  can n o t be applied d irec tly  because the  belief s ta te  space is not dis­

c re te . In discrete s ta te  C O M D P value ite ra tio n , a  tab le  w ith  one entry  per s ta te  is 

m ain tained . T he value of each s ta te  is sto red  in th e  tab le , providing a finite represen­

ta tio n  of the value function . Since the P O M D P  has a  continuous belief s ta te  space, 

th e  value function m ay be som e a rb itra ry  continuous function. Obviously a tab le  

represen tation  canno t be used. Thus, th e  first problem  is how to  easily represent th is  

value function.

T he PO M D P form ulation  imposes som e restric tions on the  form of the  so lu tions 

to  th e  continuous space C O M D P th a t is derived from th e  POM DP. It has been 

show n th a t the  finite horizon value function is piecewise linear and  convex (P W L C ) 

for every horizon leng th  (P apad im itriou  cind T sitsik lis 1987: Sondik 1971). Since th e  

value function is P W L C . it is only necessary to  find a finite num ber of linear segm ents 

th a t  make up th e  value function at each ite ra tio n , and  th a t set of line segm ents is 

all th a t  needs to  be sto red . Rem em ber th a t  a lth o u g h  th e  value function in the  two 

s ta te  example is m ade of lines, the  PW LC  p ro p e rty  is also tru e  as lines becom e planes 

in higher dim ension problem s. Figure 5.3 shows a sam ple value function over belief
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space for a  PO M D P. T h e  value function is th e  upper surface of a finite num ber of 

linear segm ents. In the  figure, the  current  belief s ta te  m aps to  a  line segm ent labeled 

a0 and  to  o th e r line segm ents labeled a r. T he a 0 line segm ent provides a  higher value 

for the  cu rren t belief s ta te , so it is chosen as th e  action  for th is tim e s tep . If the 

current belief s ta te  were close to  .s0. then  the  w inning line segm ent would be th e  a t 

line segm ent on th e  left side of th e  figure. Likewise, if th e  belief s ta te  were close to

•St then  th e  w inning line segm ent would be the  ay line on the  right of the  figure. In

e ither case, th e  action  chosen would be a L.

T he following parag raphs present a  quick exam ple of how the action is chosen, 

given a  P O M D P  policy. T h e  lines in Figure 5.3 represent the  policy V =  U iP (« i)- 

where V (a0) =  {ty> =  260 +  36t } an d  V(cq) =  {iq =  ob0 — obx. c-) — — 6 6 0 +  6 6 1 }. 

For sim plicity, th e  linear equations are represented as vectors, by tak ing  only  their 

coefficients. T hus. V(n0) =  {F0 =  (2 .3)}  and V (a i) =  {iq =  ( 5 . - 5 ) .  F> — ( —6 . 6 )}. 

T he belief s ta te  represented in F igure 5.3 can be represented by the  vector b = 

(0.3. 0.7). To find the  correct action  to take in th is belief s ta te , the  value of each 

action a t th e  cu rren t belief s ta te  is calculated, an d  the  action  w ith the  largest value 

is selected. T h is is expressed w ith th e  PO M D P action  selection equation:

tt(6 ) — a =  argm ax I limx F- b ] . (5.3)
ueA Vyevi'a) J

A pplying th is  equation  to  the  current problem  yields:

F0 • b =  2 x 0.3 +  3 x 0.7 =  2.7

Fi ■ b — 5 x 0.3 — 5 x 0.7 =  —2

u-> ■ b =  —6  x 0.3 +  6  x 0.7 =  2.4

T he vector th a t  m axim izes the  dot product is c0. an d  since c0 6  V(u0). a0 is chosen.

R epresenting th e  value function for each horizon as a  set of vectors provides a  conve­

nient m eth o d  for choosing actions. T he value of a  belief s ta te  is given by th e  largest 

dot p ro d u c t o f every vector in V w ith  the belief s ta te . From  now on. the  n o ta tiona l
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( 1 , 0 ) ( 0 , 1 )

« ( )

Figure 5.4: How tlie value function  partitions belief space.

arrow  is d ropped , and  it is assum ed th a t th e  policy and  belief s ta te  are represented 

as vectors.

Instead of vectors or linear segments over belief space, another way to  view the 

value function is th a t it partitions belief space into a  finite num ber of regions. Fig­

ure 5.4 shows how th e  linear segm ents are re la ted  to  partitions of belief space. The 

value function and  th is  partition ing  representation  are both  used to  explain the algo­

rithm s. The two representations are more or less interchangeable.

5.1.2 F in d in g  th e  V alue of P ossib le  N ex t S tates

R epresenting th e  Vcilue function as a set of line segm ents solves the problem  of the  

continuous belief space by allowing us to  p a rtitio n  belief space into a finite num ber 

of regions. This p a rtitio n in g  is possible because the  value function is always PW LC. 

However, the  continuous belief space causes fu rther problems when value ite ra tion  is 

applied.

The horizon indicates how far rewards have been propagated. For instance, a 

value function a t horizon of 25 indicates th a t  rew ards from 25 steps in the  future 

are incorporated  in th e  value function. Value ite ra tion  starts  a t horizon one and 

iteratively  updates th e  value function to include rew ards from the next longer horizon. 

For each ite ra tion  of value ite ra tion  in a d iscrete  s ta te  space COM DP. a s ta te 's  new 

value a t horizon h +  1 would be found by looping over all the possible next sta tes
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and  sum m ing th e  values a t horizon h.  w eighted by th e  probability  of ending up in 

th a t s ta te  and  th en  adding  in the im m ediate  rew ards to  each s ta te . T he belief s ta te  

representation  transfo rm s the  PO M D P in to  a  C O M D P w ith belief s ta te  replacing th e  

tru e  s ta te . However, it is impossible to  enum erate  over all possible next belief s ta te s  

because the  belief space is continuous an d  therefore  the num ber of belief s ta tes  is 

uncountably  infinite. Using the  P W L C  value function, the value for any one nex t 

belief s ta te  can  be found, bu t since th e  belief space is continuous, the  value for all 

belief s ta tes  canno t be found by enum erating  over belief sta tes.

There are several different approaches to  solving the  problem  of value ite ra tio n  

over a continuous belief space, and th ey  rely on the  fact th a t the  value function for 

a PO M D P is P W L C  so as to  avoid en u m erating  all possible next belief states. T h e  

problem  is now reduced to the  following: G iven a set of line segm ents (or vectors) 

representing th e  value function for horizon h. generate  the set of line segm ents for 

the  value function of horizon h +  1. T hus, the  line segm ents p a rtitio n  the  belief space 

into a finite num ber of regions so th a t enum eration  can  be perform ed.

5.2  F in d in g  P o lic ie s  For P O M D P s

This section gives an  exam ple of value ite ra tio n  011 a simple PO M D P up to  a horizon 

length of two. T he  sim ple PO M D P problem  described in Section 5.1 is used.

At horizon zero, the  value of each s ta te  is assum ed to  be zero. Thus, when finding 

th e  value function  a t horizon one. no fu tu re  rew ards are considered: so only th e  

im m ediate rew ards are used to determ ine  the  new value function. T he im m ediate  

rewards are p a rt of th e  PO M D P model. In  th e  exam ple, there are two s ta tes  and tw o 

actions: so th e  PO M D P model will include four sep ara te  im m ediate rew ard values. 

These are the  values of doing each ac tion  in each s ta te . These values are defined over 

th e  discrete s ta te  space of the PO M D P. b u t it is easy to get the value of doing a

111

R e p ro d u c e d  with p erm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



S tate A ction Reward

•s0
ao 1

«i 0

•Si ao 0

ai 1.5

Table 5.1: Im m ediate rew ards for th e  sam ple problem .

( 1,0) (0, 1)

r t ( )

Figure 5.5: Value function a t horizon one.

p a rticu la r action  in a p a rticu la r belief s ta te , because th a t is sim ply the probabilities 

in the  belief s ta te  weighted by the value of each s ta te .

As an  exam ple, suppose th a t the im m ediate rewards for th e  problem  are described 

by T able 5.1. F igure 5.5 shows how these these values can  be displayed over the  

belief space. T he im m ediate  rewards for each action  specify a  linear function over 

belief space. Since the  goal is to choose th e  best action , whichever action gives 

the  h ighest value is chosen. Thus, action  selection depends on the  particu lar belief 

s ta te . F igure 5.5 also shows the p a rtitio n  of belief space th a t  th is value function 

im poses. T he  region on the  left is defined by all belief s ta te s  where a0 is the best 

choice, while the  region on the  right represents all belief s ta te s  where o.j is best. If 

the  belief s ta te  is [0.25 0.75]. then the  value of doing action  a0 in th is belief s ta te  is

0.25 x 1 +  0.75 x 0 =  0.25. and  action  cii has value 0.25 x 0 +  0.75 x 1.5 =  1.125. 

Therefore. is chosen.

T h e  horizon two value function can now be constructed  from the  horizon one 

value function . T he goal in building th is new value function is to  find the  best action
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(or highest value) achievable using only two consecutive actions (i.e.. the  horizon is 

two) for any initial belief s ta te . T he exp lanation  of how this is accom plished will 

be presented in three stages: com puting  the  value of the current belief s ta te  for a 

fixed action  and observation, com puting  th e  value of a current belief s ta te  given only 

an  action, and  com puting th e  value for a  current belief s ta te  while considering all 

possible actions and observations. T he  exp lanation  is broken down in th is way to 

m ake it easier for the  reader to  understand .

5.2 .1  Value for a F ixed  A ctio n  and O bservation

Given a  particu lar belief s ta te , b. w hat is th e  value of doing action a 0 if. after the  

action. c0 " 'as  observed? Using value ite ra tion , the  value of a belief s ta te  b for 

horizon two. given action a. is defined as the  value of the best next action a' taken  

from the  next belief s ta te  b'. In general, the  best possible value would include all 

possible sequences of the  two actions. However, the  problem  will be restric ted  to 

a single im m ediate action a 0 so th a t the  im m ediate value is fully determ ined. This 

will sim plify the explanation and  represents the  approach taken by most solution 

m ethods.

T he goal is to find the  best achievable value for the  belief s ta te  b' th a t results 

from the in itial belief s ta te  b when action  n0 is perform ed and  is observed. Since 

th e  in itial belief sta te , the  action, and  th e  resulting  observation are all known. Equa­

tion  5.2 is applied to  find a new belief s ta te . This new belief s ta te  will be the belief 

s ta te  when there is one more action  to  perform , since the horizon length is two and 

one of the  actions has already been determ ined . T he best values for every belief s ta te  

when there  is a single action to  perform  is exactly  w hat the horizon one value function 

specifies.

Suppose th e  belief s ta te  b is [0.75 0.25] and  E quation  5.2 is applied to  tincl the new 

belief s ta te  b' — [0.3 0.7]. As covered in th e  previous section, th e  horizon one value
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( 1 , 0 ) ( 0 , 1 )  ( 1 , 0 ) ( 0 , 1 )

Value Function
Horizon One ~i)

Value Function w
'  ^  * -  -  -  CL\ u.

Figure 5.6: T h e  value function can be transform ed to  give th e  value for the new belief 
s ta te  b' w hen tak ing  action a 0 ancl observing from any in itia l belief sta te .

of doing ac tion  aQ in belief s ta te  b is 0.75 x 1 + 0 .2 5  x 0 =  0.75. T h e  single step  value 

of taking action  a0 in b' is 0.3 x 1 + 0 .7  x 0 =  0.3 and the value of taking action cq in 

b' is 0.3 x 0 +  0.7 x 1.5 =  1.05. Thus. rq is the  best action  to  take in belief s ta te  b' . 

and th a t ac tion  is chosen. A dding the values for taking a 0 in b ancl cq in b' results in 

a to ta l value of 1 .8  for s ta rtin g  in belief s ta te  b and  perform ing action  a0. observing

and th en  perform ing cq. T his is the best value for s ta rtin g  in b. perform ing « 0 ancl 

observing cq. ancl also determ ines the best action  to  take in the  next belief s ta te  b' .

This process can be repeated  to find the  value for a different initial belief sta te  

given the  sam e action ancl observation. T he sam e result can  be obtained  by simply 

transform ing the  belief s ta te  using Equation 5.2. then using th e  horizon one value 

function to  find the  value of the  new belief s ta te . Finding the  value for all the belief 

points given th is fixed action  ancl observation seems a little  m ore difficult, since the 

belief space is continuous, and  therefore, the  num ber of belief s ta te s  to  be transform ed 

is uncountably  infinite. However, it is possible to  transform  the  value function itself, 

instead of transform ing  each belief s ta te  individually.

Since th e  action  ancl observation are fixed, the  horizon one value function is a 

function of th e  transform ed belief sta te  b' which is a function of the  initial belief s ta te  

b. It tu rn s  o u t th a t a  function over the  entire belief space can be constructed  from 

the  horizon one value function th a t has the  belief transfo rm ation  built in (Cassan­

d ra  1998a). This results in a function th a t m aps the  value of each belief s ta te  to
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( 1,0 ) (0 , 1) ( 1,0) (0 , 1)

«0

-0

Figure 5.7: T he  transform ed value function  m ust account for all possible observations.

its corresponding  value after the  ac tio n  «o is taken  and observation ^  is seen. Fig­

ure 5.6 shows this transform ation . T h e  transfo rm ation  preserves th e  num ber of linear 

segm ents, b u t changes the value o f th e  segm ents over the  belief space.

S(a .  z)  represents the  transfo rm ed  value function for a p a rticu la r action  and  ob­

servation . This function will be described  la ter. The following parag rap h s assum e 

th a t S (a .  z)  can  be found.

5.2.2 V alue for a F ixed  A ctio n

The preceding  sections showed how to com pute  the  conditional value of an  individual 

point by g e ttin g  its im m ediate rew ard  value and  then  transform ing  it to  find the 

resu lting  belief s ta te  value. T his is the  value if observation z x is seen. However, 

because th e  observations are p robabilistic , th e re  is no guaran tee  th a t will be seen. 

In this exam ple, th e  th ree  possible observations each lead to  a sep ara te  resu lting  belief 

s ta te , as in F igure 5.7.

Even th o u g h  the  action is know n, th e  observation cannot be known in advance. 

To get th e  tru e  value of the belief po in t b. it is necessary to  account for all of th e  pos­

sible observations. Each observation  for a given belief s ta te  has a  certa in  p robability
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associated  w ith  it. If the value of the  resulting  belief s ta te  for a  given observation  is 

known, th en  the  value of the  belief s ta te  can be found w ithou t knowing th e  observa­

tion . T h is is accom plished by sim ply weighting each resu lting  value by the  p robab ility  

of each observation.

Suppose th a t the  values of th e  resulting belief s ta te s  for belief sta te  b. ac tion  c/0 

and  all th ree  observations have been com puted, an d  th e  values for each resu lting  belief 

s ta te  are V'(-o-«o) =  0 .8 . V '(-i-ao) =  0-~- ancl =  1-2. These are  th e  values

th a t were in itia lly  calculated when tak ing  one belief point a t a time. W eighting by 

the  probab ilities of each observation occurring, th e  probabilities of getting each of the  

th ree  observations for the given belief s ta te  and ac tion  are found to  be Vr(~o- a0) =  O.G. 

V ( z i . a 0) =  0.2-5. and  V(z->.ao) =  0.15. The horizon two value of the belief s ta te  b 

for action  a0 is 0.6 x 0.8 +  0.25 x 0.7 -I- 0.15 x 1.2 =  0.835 plus the  im m ediate rew ard 

of doing action  ci0 in b. This is the  S { a . z )  function  th a t was m entioned earlier. 

T he  transfo rm ed  value function S (a 0. z i )  ac tu a lly  factors in the  probabilities of the  

observation. So in reality, the  S(a .  z) function is no t qu ite  w hat was originally claim ed. 

T he S(a .  z) function already has the  probability  of th e  observation built in to  it.

F igure -5.8 shows the transfo rm ation  of the  horizon one value function  for the  

action  and  all th ree observations. Notice th a t  th e  value function is transfo rm ed  

differently  for all th ree observations and  th a t each of these transform ed functions 

p a rtitio n s  th e  belief space differently. How the value function  is transform ed depends 

on th e  specific observation probabilities, s ta te  tran s itio n  probabilities, and  im m ediate  

rew ards in th e  PO M D P model. W hat all th is im plies is th a t the  best next ac tion  to 

perform  depends not only upon the  in itial belief s ta te , bu t also upon exac tly  which 

observation is received.

T h e  horizon two value of a belief s ta te , given a p a rticu lar action a i a t  tim e t 

depends no t only on the value of doing action b u t also upon what ac tio n  is per­

form ed a t tim e t +  1 . However, the  next action  will depend upon what observation
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Figure 5.8: Each possible observation has a different transform ation.

b

Figure 5.9: P a rtitio n s  for the belief space given initial belief s ta te  b and action  a0.

is received. For a given belief s ta te  and observation, the  corresponding S  function 

partition  can be used to select the  next action .

Figure 5.9 shows the S  partitions from th e  previous figure all together. T he light 

regions of the  bars are  the belief sta tes where action  a v is the  best next action for each 

observation, and  th e  dark  regions are where a 0 would be best. S tarting  a t the  belief 

point b shown in Figure 5.9 and  perform ing action  a0, the  best next action would be 

a0 if e ither c0 or z2 is observed and would be action  a t if is observed. T he best 

s tra tegy  a fte r doing action a0 from any in itia l belief s ta te  is apparent from the  figure.
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The problem  now is to  find th e  best value of a  belief s ta te  b given th a t the  first action 

is fixed to  be a0 regardless of which observation is seen.

Since each of th e  p a rtitio n  regions actually  corresponds to  a  line in the  S  function, 

the value of th e  belief point b can easily be found. This is the  horizon two value, but 

the im m ediate rew ard from doing action a0 m ust also be added  to  th e  value of the  

functions S ( a 0. c0). S ( a 0. Ci). and  S(a.Q. c2) a t belief point b. If th e  action  is fixed to be 

a0 and th e  fu tu re  s tra teg y  is fixed to  be the sam e as it is a t po in t b. then  the  value of 

every single belief point for th a t  particu lar s tra teg y  can be found by sim ply sum m ing 

all of the  ap p ro p ria te  line segm ents. The line segment for th e  im m ediate rewards 

of the «o ac tion  and  the line segm ents from the S  functions for each observation 's 

future s tra teg y  are used. This results in a single line over all belief space representing 

the value of adop ting  the s tra teg y  of doing a 0 and the fu tu re  s tra teg y  of (c0 : u0. 

~i : a i. z-> : a0). T he  n o ta tion  for the  future stra teg ies ju s t indicates an action for 

each possible observation.

This p a rticu la r fu ture s tra teg y  was derived from the belief point b. and  it is the  

best fu tu re  s tra teg y  for th a t belief point. However, ju st because th e  value of this 

future s tra teg y  can be com puted for each belief point d o esn 't m ean it is the  best 

stra tegy  for all belief points. A line can be draw n through th e  p a rtitio n  diagram  at 

an a rb itra ry  belief point b' to  show the  best fu tu re  s tra teg y  for th a t belief point.

Since th e re  are th ree  observations and two actions, there  are  a to ta l of 23 =  8 

different fu tu re  strateg ies. However, some of those stra teg ies are not the  best s tra tegy  

for any belief points. Given th e  partition ing  figures, all th e  useful fu tu re  strategies 

are easy to  pick ou t. For the  exam ple, there are only four useful fu tu re  strategies. 

Figure 5.10 shows these four stra teg ies and th e  regions of belief space where each is 

the best fu tu re  strategy.

Each region in Figure 5.10 corresponds to  a different line segm ent in the  value 

function for th e  action  a0 and  horizon length two. Each of these  line segm ents is
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Figure 5.10: P artitions for th e  belief space as in tersections in lines th a t form the value 
function.

constructed  by adding th e  im m ediate rew ard  line segment to th e  line segm ents for 

each fu tu re  strategy. T he line segm ents for each of the  four fu tu re  strateg ies are 

shown a t the  top of F igure 5.10.

N ote th a t each one of these  line segm ents represents a p a rticu la r two action s tra t­

egy. T he first action is a0 for all of these segm ents and the second action  depends 

upon th e  observation. If th e re  were only th e  ac tion  a0 in the  m odel, then  the value 

function shown in the  previous figure w ould be th e  horizon two value function. How­

ever. because there is an o th er action, its  value m ust be com pared w ith  the  value of 

action  «i to  find the  tru e  horizon two value function.

T he  whole process can be repeated for action  a\  to find the  value function for 

th a t  action. Figure 5.11 shows the value function  and  partition  for action  cii. In this 

case there  are  only two useful future s tra teg ies . T h e  value functions for each action 

can be draw n together to  see where each ac tion  gives the  highest value, as shown in 

F igure 5.12.
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( 1 , 0 ) ( 0 , 1 )

Figure 5.11: P a rtitio n s  for th e  belief space given in itia l belief s ta te  b ancl action a\.

( 1,0 ) (0 , 1) ( 1,0 ) (0 , 1)

« [ )  

a I
a i Oq

Figure 5.12: C om bined ao ancl rii value functions.
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The left side of F igure 5.12 shows th e  combined value function for an and  

This figure shows th a t there  are two regions where action  aQ is preferred and  two 

regions where a i is th e  best choice. Two of the line segm ents from the « 0 action 

value functions are not needed, since there  are no belief po in ts where it will yield 

a higher value th a n  som e o th e r im m ediate action and fu tu re  strategy. These two 

vectors are said to  be dominated  by the  o ther vectors, while a  vector th a t forms part 

of the upper PW LC  surface is said to  dominate  over a p a r t of the  belief space. The 

simplified horizon two problem  is shown on the  right of F igure 5.12. Xote th a t  the 

new partition ing  is m ade from intersections of the lines from  the original a0 and  

value functions. T he  p a rtitio n  shown below the  value function in Figure 5.12 shows 

th e  best horizon two policy, indicating which action should be taken in each belief 

state.

The horizon th ree policy can be constructed  from the horizon two policy in the 

sam e way as the  horizon two policy was constructed  from  th e  horizon one policy. 

T he general algorithm  for one step  of value iteration  for solving PO M D P problem s 

is (C assandra 1998a):

1 . Transform  the curren t value function V  for each action  a £  A  and each obser­

vation z £ Z .  T his will result in |M| x \Z\ sets of line segm ents (or vectors).

These sets are often  referred to  as the  S'" sets or the  S(a .  c) functions.

2. C reate the  s tra teg y  for each action by adding the im m ediate  rewards and  the

S ( a . z )  functions for each of the  useful strategies. T h e  p artitio n  tha t this value 

function will im pose is easy to  construct by simply looking a t the partitions of 

the S ( a . z )  functions. This will result in \A\ sets of vectors, each set represents 

the  optim al s tra teg y  for one action. These are usually referred to  as the S a sets 

or S(a)  functions.
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3. M erge the S a sets together ancl see which line segm ents can  be discarded. A line 

segm ent can be d iscarded if it does not form part of th e  upper surface. Such a  

line segm ent is said to  be dom inated  by th e  o ther line segm ents. The resu lting  

set is V . the  new policy set.

T he concepts and  procedures can be app lied  to  any horizon length. The following 

sections provide an  overview of several a lgorithm s for solving P O M D P  problems. O n  

a com puter w ith infinite precision, they  w ould find the  value function  exactly for any  

horizon length. All of th e  exact solution m ethods are  based on som e variation of th is  

value ite ra tion  procedure.

5 .3  E x a c t S o lu tio n  M e th o d s

Several algorithm s can com pute the op tim al policy for a PO M D P. bu t these m ethods 

are  very com puta tionally  expensive. All of th e  current exact so lu tion  m ethods find 

th e  optim al value function by exhaustive search.

For all of the  exam ples, let V' be th e  set of vectors th a t a re  desired for th e  next 

s tage  of value ite ra tion  and  V be the  set of vectors th a t were ob ta ined  from th e  pre­

vious stage. T he stages of value ite ra tion  sim ply correspond to  succeeding horizon 

lengths. Each vector in V' is constructed by com bining the vectors in V and the  im m e­

d ia te  rewards. M ore precisely, each vector is constructed  from th e  im m ediate rew ards 

and  th e  transfo rm ation  (using the S  functions) of V. T he next section presents a 

short overview of th e  algorithm s. C h ap te r 6 covers the Increm ental Pruning  algo­

rith m . which is curren tly  the  most efficient PO M D P algorithm , in m ore dep th .

5.3 .1  S ond ik ’s O ne-Pass A lgorith m

Sondik (1971) proposed the  first exact P O M D P  algorithm . T his algorithm  s ta r ts  

w ith  an  a rb itra ry  belief point, constructs a  vector for th a t po in t and  then defines a
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Figure 5.13: Sondik 's first region.

set of constra in ts  over the belief space w here this vector is gu aran teed  to be dom inan t. 

Thus, it opera tes by defining a belief space region for th e  po in t.

T he region defined, called th e  Sondik  region, is ac tu a lly  th e  intersection of th ree  

easier to  describe regions. W hen a  vector is constructed  from  a belief point b. th a t  

vector represents a  known stra tegy . T his s tra teg y  is th e  b est one for th a t belief po in t 

and som e nearby  belief points. However, it m ight not be the  best s tra teg y  for all 

belief points. W hen  moving aw ay from b. there  are two ways th a t this s tra teg y  m ight 

not be the  best s tra teg y  for o th e r belief points: e ither th e  im m ediate action d o esn 't 

change and  the fu tu re  s tra teg y  changes, or ano ther action  m ight become be tte r. A ny 

change is guaran teed  to  be discrete.

T he first region th a t con tribu tes to  th e  Sondik region assures th a t even if the  best 

action doesn 't change, the  fu tu re  course of action d o esn 't change either. This region 

is derived from th e  S(a .  z) sets as shown in Figure 5.13. T h e  endpoints of th is region 

must be checked to  see which vectors are dom inant on e ith e r side.

Sonclik:s second region assures th a t th e  best vector for th e  current action  is not 

exceeded by each of the  curren t best vectors for each of th e  o ther actions. Even 

though some ac tio n  a' and fu tu re  course of action isn 't as good  as a at the  point 6. 

there  could be a nearby  point w here th a t action  and  course o f action  becomes b e tte r.

It may be th a t  a' and its cu rren t fu tu re  course of ac tion  will never be b e tte r  th a n  

the  current best action  a and  its best fu tu re  course o f ac tion . However, a' an d  a 

different course of action  m ay becom e b e tte r  th an  the  cu rren t best action a and  its
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Second Region
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b

Figure 5.14: Sonclik's second region.

course of action. T h e  region m ust be restricted  to  incorporate  this. R estriction  is 

accom plished by defining the  lim its of each action ’s best region.

F igure 5.14 shows action  a and  the  first region defined above. T he dashed  line is 

the  best vector for th is  o ther action  a' a t belief point b. X ote th a t th e re  are  belief 

s ta te s  w here a' is b e tte r  th an  a. even though a is best a t the  belief point 6. This 

second region assures th a t  the  region is restricted  such th a t the  best action  does not 

change. It can be seen from the  p icture th a t the  first region by itself would include 

poin ts where the value of perform ing a is not the  best a tta in ab le  value.

T he  dashed line represents a p articu la r future s tra teg y  for the  non-optim al action. 

In o th e r words, the  dashed  line represents the best s tra teg y  to  do if th a t ciction must 

be taken  first. The second region covers belief points where th is  s tra teg y  is not b e tte r 

th an  the  s tra teg y  a t belief point b.

Sondik’s th ird  region covers the  case where not only does the  best action  change, 

bu t the  best s tra teg y  for th a t o ther action changes from w hat is the  cu rren t best 

stra tegy . T he dashed line in F igure 5.14 only shows p a rt of the  s to ry  for w hat is 

happen ing  for the  o th e r action. T he dashed line represents the  best fu tu re  s tra teg y  

for th a t  action  a t po in t b. but noth ing  is known abou t o ther fu ture s tra teg ies for th a t 

action.
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Figure 5.15: Sondik 's th ird  region.

Sonclik Region 
Third Region 

Second Region 
First Region

Figure 5.16: The com plete Sondik region.

To ensure th a t the Sondik region covers only belief points where the  action and 

fu ture  s tra teg y  doesn 't change, the  region where the dashed line is the  best s tra tegy  

for the  o ther action is also included. T his Figure 5.15 shows the th ree  different 

stra teg ies for th e  other action. The region where the  original dashed line dom inates 

the  o th er dashed lines is the th ird  region.

T he intersection of the three regions is th e  region where action a is always the  

best one. F igure 5.16 shows the  com plete region th a t is imposed by Sondik 's one-pass 

algorithm . However, note th a t the  Sondik algorithm  is too restrictive. Some points 

to  the  left of th e  Sondik region still have th e  a vector as the best one. b u t because of 

the  th ird  region, those are not included in the  final region.
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Linear program m ing can be used to  find the m axim um  point on th e  edge of the  

Sondik region. T h a t point also lies on th e  boundary  of a  region adjacent to  the current 

region. In effect, it gives us a point in ano ther region, m aking  the  job  easier. T he 

a lgorithm  can s ta r t  a t the  left edge and  work across, discovering each Sondik region 

one a t a  time.

U nfortunately, th e  regions defined by Sondik 's a lgo rithm  are extrem ely conserva­

tive. T he Sondik region is not g u a ran teed  to  be th e  com plete  region in which the  

vector is dom inant. T hus, it m ay genera te  the  sam e vector for m any belief points.

5.3 .2  M on ah an ’s E n u m eration  A lgorith m

T he task  is to generate  a finite set of po in ts so th a t all o f th e  vectors in V  can be 

constructed . T he  a lgorithm  proposed by M onahan (1982) generally ignores try ing  

to  find these points. Instead, it sim ply generates all th e  possible vectors th a t can 

be constructed  by com bining the  vectors in V and the  im m edia te  rewards. For each 

observation, a vector v £  V is selected, then  all the  vectors are transform ed cind 

com bined to construct a po ten tia l vector for V’.

This approach generates £i large num ber of vectors. M any of the  vectors are not 

useful, since they  are com pletely dom inated  by o ther vectors over th e  entire belief 

space. The a lgorithm  can elim inate th e  useless ones a t th e  expense of som e com puting 

tim e, bu t enum erating the  vectors takes a long tim e, even for sm all problem s. It is 

possible to construct a problem  where every one of those vectors enum erated  is useful 

over som e portion  of belief space. T hus, in th e  worst case, th e  general problem  of one 

step  of value ite ra tion  on a P O M D P  is very hard, and  th is  a lgorithm  will perform  as 

well as any o ther in the  worst case.

5.3 .3  C h en g’s L inear S u p p ort A lgorith m

T he next algorithm , proposed by C heng (1988). s ta r ts  w ith  Sondik 's idea, but relaxes 

the  constraints. C heng's linear su p p o rt a lgorithm  does not focus on actions and
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( 1,0) (0 , 1)

F igure 5.17: F irst vector found by C heng 's algorithm  (solid line w ith d o ts  a t the  
endpoin ts) and  second vector (dashed line).

fu tu re  courses of actions. It sim ply picks a po in t, generates the  vector for th a t  point, 

an d  th en  checks th e  region of th a t  vector to  see if it is the  correct one a t all corners 

(vertices) of the  region. If not. it adds the  vector a t th a t point and  checks its region.

C heng's linear su p p o rt a lgorithm  s ta r ts  w ith  an a rb itra ry  point and  adds th e  best 

vector a t th a t  poin t to  V. It is easy to  find the  best vector for this po in t, though  

th e  region where th is vector is best is not known. T he algorithm  assum es th a t th is  

vector represents V over the  region th a t it dom inates and  a ttem p ts  to  e ith e r prove or 

disprove th a t assum ption .

Given a point som ew here in the  m iddle of the  belief space, the  task  is to  find th e  

vector th a t is largest a t th a t  poin t. This vector may or may not be in V. If it is not in 

V. then  the largest difference betw een th is vector and V will occur a t th e  endpo in ts, 

since V is PW L C . Therefore, it is only necessary to check the endpoin ts in o rder to  

determ ine w hether or not the  new vector should be added to  V. Figure 5.17 gives an  

exam ple, s ta rtin g  w ith  one vector in V. T he  original vector is shown w ith  do ts  a t th e  

endpoin ts th a t need to  be checked. Checking the left endpoint yields a  new vector 

th a t  is b e tte r a t th a t  poin t.

T he new vector is added to  the  current set. and the  point where it in tersects th e  

orig inal vector is added  to  the  set of points th a t need to  be checked. Looking for the  

best value a t th a t  point yields ano ther vector. Figure 5.18 shows the new situ a tio n .
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Figure 5.18: Second vector found bv C heng 's algorithm .

( 1,0) (0, 1)

Figure 5.19: T h ird  vector found by C heng 's algorithm .

Again, this vector is added to  the  estim ate  of V and th e  poin ts where this new vector 

intersects th e  old ones are added to  the  set of points th a t  m ust be checked. Looking 

for the best value at these new endpoints yields th e  sam e points, so they can  be 

removed from the set of points th a t need to be checked.

The right endpoin t of the  original vector still has not been checked. Looking for 

the  best value a t th a t location yields ano ther vector, shown in Figure 5.19. T he 

algorithm  continues in this m anner until there are no po in ts left to be checked. Since 

each vector's region has been checked and  all the  po in ts have been processed, the  

current set of vectors is indeed guaran teed  to  be the  value function. V.

The two key points are:

1. if the value function is incorrect, the  biggest difference will occur a t a corner, 

and
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2. if all possible region corners are generated, then  no th ing  can be overlooked.

Linear support has been shown to  be more efficient th an  Sondik's one-pass algo­

rith m  (C heng 1988).

5 .3 .4  T h e W itn ess A lgorithm

T he W itness algorithm  (L ittm an  1994) defines regions in the  belief space for a vector 

an d  looks for a point w here th a t vector is not dom inan t. Such a point, if found, is a 

witness  to  the  fact th a t th e  current estim ate V o f th e  value function is not optim al. 

T he  w itness point is used to find another vector to  ad d  to  the current set. The 

W itness algorithm  can be viewed as a com bination of Sondik 's One-pass and  C heng’s 

L inear support algorithm s.

Like the  previous algorithm s, the  W itness a lgo rithm  concentrates on finding the 

best value function for each of the  actions separately , th en  combines them  into the  

final V  value function for each iteration. Besides doing each action in isolation, it 

also finds the value function for only one observation  a t a  tim e. A vector at a belief 

point is constructed  by selecting a transform ed vector from V for each observation. 

T he W itness algorithm  s ta r ts  w ith an a rb itra ry  belief point and  generates its vector. 

It adds this vector to  a set and  assumes th a t th is  set is V': it then goes about trying 

to  prove or disprove w hether or not this set tru ly  is V'.

In constructing a vector, a choice is m ade for each observation of one of the  V 

vectors representing a p a rticu la r future stra tegy . The algorithm  th en  looks a t the 

individual choices made, observation by observation to  see where a different choice 

would yield a  be tte r value. It defines the region w here it is assured th a t the  particu lar 

choice is best. If it finds a belief point where a  different s tra tegy  would be be tter, 

th en  this serves as a w itness to  the  fact th a t th e  cu rren t set of vectors is not yet the 

real V .
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Figure 5.20: Regions defined in the  W itness a lgorithm .

T he regions defined by th is algorithm  are  best described by the  intersection of 

two sim pler regions. O ne is th e  region over which th e  current vector dom inates all 

the  o ther vectors th a t have been generated up to  th is  point. T h is  region is shown in 

th e  top  of Figure 5.20. X ote th a t according to  th is  figure, th e re  are  th ree  vectors in 

the  policy set V. T h e  first region simply reduces the  search for a  point to  the  region 

over the  vector th a t  dom inates th e  part of belief space con tain ing  b.

T he second region, also shown in Figure 5.20. defines th e  a rea  over which the 

curren t future s tra teg y  will be best for the current observation. O u ts id e  of th is  region, 

a different course of action  for th is observation would result in a b e tte r  value. If a belief 

point is found w here an o th er fu ture s tra teg y  can be su b s titu ted , th is  new stra tegy  

canno t simply replace the  existing one. Since this po in t is considered in isolation from 

the  o ther observations, it could be tha t in ad d itio n  to  changing the  choice for this 

observation, it is also necessary to  change th e  choice for an o ther observation. Finding 

a belief point w here the  curren t observation 's choice could be changed ju s t provides 

a w itness to the  fact th a t  there  is a  point where th e  value function  is b e tte r  than  the 

curren t V indicates. T his point can  be used to  genera te  the  real best vector for th a t 

point while tak in g  in to  account all the observation choices.
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S ( a . * ) \ : I \ ' m

Figure 5.21: IP  creates all com binations of vectors from th e  source sets.

This is repeated  for every observation to  get a  set o f vectors for a  p a rticu la r action 

an d  th en  all actions are com bined. Finally, all dom inated  vectors a re  e lim inated  to 

get th e  set V' for th e  curren t itera tion .

5 .3 .5  Increm ental P ru n in g

Increm ental P run ing  (IP) (Z hang and Liu 1996) combines elem ents of M onahan 's 

enum eration  and  W itness algorithm s. Like W itness, it considers co n stru c tin g  sets of 

vectors for each action individually  and th en  focuses on each observation , one at a 

tim e. T he  previous a lgorithm s all tackled th e  problem  indirectly  b\" defining regions. 

Since th e  m ain problem  is in finding all th e  different com binations of fu tu re  strateg ies. 

IP  cittacks th a t problem  directly.

For a  given action. IP  first constructs cill of S az sets. M onahan 's  a lgorithm  would 

th en  try  all ways of com bining choices from each of these. IP  does th is  increm entally, 

observation  by observation. F igure 5.21 shows how IP creates a  set of new vectors 

by com bining all of the  vectors in the sets S(a .  zQ) and  S ( a . z l). T h e  vector th a t is 

dom inan t over the  first region is com bined w ith  th e  vectors th a t  a re  dom inan t in each 

of th e  four regions of S (a .Z i ) .  an d  so on. resulting in sixteen com binations. These 

com binations are represented by sixteen arrow s in th e  figure.

Figure 5.22 shows the resu lting  set of vectors. All of th e  useless vectors are 

elim inated , leaving only th e  vectors th a t are  dom inan t. In th is  case, th e re  are only 

th ree  vectors in the  in term ed ia te  set. T hese vectors are th en  com bined w ith  the
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Figure 5.22: T he set of vectors is checked to  find out which ones are dom inant.
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F igure 5.23: The resulting set is com bined with the  S(a.z>)  set.

vectors in S(a .  z-?) as shown in Figure 5.23. and  the resulting set is m ade parsim onious 

again. This p rocedure  is perform ed for each observation. W hen all observations are 

done, the resu lting  in term ediate  set is th e  S a set. This process is repeated  for the 

other actions to  create  all of the  S a sets, which are then com bined ju s t as in the 

W itness algorithm .

5.3.6 R estr ic ted  R egion

Increm ental p run ing  uses the idea of filtering or pruning  sets of vectors to  reduce the  

set to only the  vectors th a t dom inate over some region. Several m ethods can be used 

for pruning. O ne approach, known as R estric ted  Region (R R ) (C assandra. L ittm an. 

and Zhang 1997). has been shown to  be best in most cases. In IP. two sets of vectors 

are combined, and  then  the  resulting set is purged. RR is sim ply a m ore efficient way 

to  carry out th e  com bination and  purg ing  operation . This m ethod  will be covered in 

detail in C h ap te r 6.
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5 .4  A p p r o x im a te  S o lu tio n  M e th o d s

All exact PO M D P so lu tion  m ethods are  very com putationally  expensive. It has been 

shown th a t no exact so lu tion  m ethod  can scale well w ith the  size of the  prob lem  (G old­

sm ith  and M undhenk 1998). T his has p rom pted  some researchers to  search  for ways 

to  find high quality  approx im ate  solutions in a  reasonable am ount of tim e. At the 

tim e of this w riting, approx im ate  solutions a re  a relatively new area o f research, and 

very few results have been presented.

One approxim ation  technique under investigation is policy ite ra tio n  w ith  belief 

space quantization . T he  idea is to  break up the belief space into bins and  then 

lum p all of th e  belief s ta te s  w ith in  a bin in to  a single aggregate belief s ta te . Hansen 

(1998) showed th a t this approach  could produce high quality  approx im ate  solutions 

to  PO M D P problem s, while requiring far less com puta tion  th a n  finding an  exact 

solution. He extended his approach  w ith a  heuristic search s tra teg y  to  fu rth e r reduce 

th e  am ount of com pu ta tion . C om parison to  exact solutions show th a t th e re  is a 

tradeoff between the  quality  of result th a t can be ob tained  and the size of th e  belief 

s ta te  bins. For efficient execution, it is desirable to m ake the  bins as large as possible, 

b u t at some poin t, th is  begins to  affect the  quality  of th e  resulting policy. So far. no 

research has been perform ed to  characterize the  effects of bin size for solving various 

problems.

Hauskrecht (1997) presented a m ethod for com puting bounds on th e  value function 

for control problem s w ith  infinite horizon. He used a grid-based linear in terpo la tion  

m ethod and com pared it to  a  sim ple lower bound m ethod  using Sondik regions. By 

increm entally im proving the  bounds w ith value iteration , his m ethod produced  a good 

approxim ation to  th e  tru e  value function.

If partia l observability  is removed from a PO M D P model, the  result is a com pletely 

observable M arkov decision process. A no ther approxim ate solution approach  is to  use 

dynam ic program m ing or reinforcem ent learning on the com pletely observable M arkov
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decision process and  then m ap th e  belief s ta te  to  a  specific s ta te  in o rder to  follow 

th a t  policy. This approach avoids th e  problem s associated  w ith  finding th e  policy for 

th e  P O M D P  problem  directly. C assand ra . Kaelbling. an d  K urien (1996) used value 

ite ra tio n  to  find a policy for the  underly ing  \ ID P  in a  robo t navigation task . T hey  

found th a t  this approach  perform ed well in a sm all office environm ent. However, they  

suggest th a t th is approach m ay no t be as good as finding an  approx im ate  so lu tion  to  

th e  tru e  PO M D P because it ignores th e  observation probabilities w hen crea ting  the  

policy.
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Chapter 6

Parallel Restricted Region 
POMDP Algorithm

Exact so lution m ethods for PO M D Ps do not scale well. The largest problem s th a t 

have been solved to d a te  have only tens of s ta te s , less th an  ten actions, an d  on the  

o rder of ten  to  twenty observations. This is clecirly not suitable for p lanning in a robot 

which m ay have dozens of actions and observations and  operate  in an environm ent 

w ith  hundreds or even thousands of s ta tes . To address this issue, som e researchers 

are investigating m ethods for finding app rox im ate  policies for large P O M D P  prob­

lems (Geffner 1998: Hansen 1998).

A lthough approxim ate solution m ethods m ay provide acceptable policies for large 

P O M D P  problems, there  is a good reason to  avoid such approaches a t th is  stage in 

my research. Using approxim ations of th e  op tim al policy would in troduce  ano ther 

unknow n into my research. W ith  exact so lu tion  m ethods. I can be confident th a t  any 

problem s are  not due to  the  qua lity  of the  policy generated by the  P O M D P  planner. 

T his allows me to concen trate  on learning a t  th e  low level w ithout having to  worry 

abou t any possible errors in troduced  by su b o p tim al planning. Once I have verified 

th a t my ideas are sound in the  case of exact P O M D P  planning, it m ay be possible to 

scale up by using approxim ate  solutions.

Since approxim ate solutions 'could p o ten tia lly  affect perform ance, my goal was to 

find a m ethod  to  find exact solutions to  P O M D P  problem s in a  sm all b u t non-trivial
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robo t dom ain. A fter investigating the  s ta te  of the  a r t in exact solution m ethods for 

P O M D P  problem s. I im plem ented a PO M D P solver using the  R estricted Region (R R ) 

algorithm , which is currently  the best exact P O M D P  solution m ethod (C assandra. 

L ittm an . and  Zhang 1997). After an initial perform ance evaluation, it became a p p a r­

ent th a t  it was not feasible to  find an exact solution for even the  smallest problem  th a t 

I envisioned, which had 64 states. 3 actions and 16 observations. This prom pted me to 

develop a parallel algorithm  for exact PO M D P solutions. An overview of R estricted  

Region was given in Section 5.3.6. The following section will cover the s tan d a rd  

form  of the  W itness and Increm ental P runing, and  R estricted  Region algorithm s in 

d ep th . Section 6.2 will explain the parallel algorithm . The experim ents and resu lts 

a re  described in Section 6.3. and Section 6.4 gives som e suggestions for future work.

6 .1  S o lv in g  P O M D P s U s in g  In crem en ta l P r u n in g

T he goal for a PO M D P solution m ethod is to  construct a policy ~ th a t specifies the  

action  to  take for every possible belief s ta te  b E 13 so as to maximize discounted 

fu tu re  rewards. Most PO M D P solution algorithm s generate  the  policy by finding the 

value function, which specifies the value of tak ing  each possible action from every 

belief s ta te . T he  value function can always be represented as a piecewise linear and  

convex surface over the belief space (Smallwood and  Sondik 1973: M onahan 1982). 

A PO M D P policy is a set of labeled vectors th a t are  the  coefficients of the  linear 

segm ents tlicit m ake up the value function.

In value ite ra tio n  algorithm s, a new value function V  is calculated in term s of the  

curren t value function V at each iteration  (C assandra. L ittm an . and Zhang 1997). 

V  is the  result of adding one more step of rew ards to  V. In the  case of an infinite 

horizon problem . V  represents an improvement in th e  approxim ation  to the  op tim al 

value function. T he  function V  is defined by:

V ( b )  =  m ax ( Y , r ( s , a ) b { s )  + 7  £  P r (s |6 .a )V (K ))  . (6.1)
aeA W s /
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where ra(s) is the  expec ted  im m ediate rew ard for tak ing  action a in s ta te  s. and  

P r(r |6 . a) is the  p ro b ab ility  of observing ~ given th a t  action  a is taken  in belief s ta te  

b. T h e  term  6" is defined in E quation  5.2. E q u a tio n  6.1 defines th e  value for a belief

s ta te  b as the value o f th e  best action  th a t can be ta k e n  from b w here th e  best value is

given by the  expected  im m ediate  rew ard for th a t  a c tio n  plus the  expected  discounted 

value of the  resulting belief s ta te .

E quation  6.1 can  be decom posed into sim pler com binations of o th e r value func­

tions:

V '(6) =  m ax VfI(6) (6.2)
a e A

Va (6) =  E v “(6) (6 -3 )

v “(6) =  r.(*: +  7 P r(c |6 . a)V(bl) .  (6.4)
l'2'l

B reaking up the  value function is the  key s tep  in deriv ing  the  increm ental prun ing  

a lgorithm  (C assandra. L ittm an . and  Zhang 1997). T h e  V'(6). Vn(6) and  V?(6) func­

tions are  piecewise linear and  convex value functions. T he V“ (6) functions are action  

and  observation specific functions th a t are com bined  to  form th e  V a(b) functions. 

T he V a(b) functions, in tu rn , are action dep en d en t value functions th a t are com ­

bined to  form the new value function V'(fe). All o f  th e  value functions are  defined 

in term s of simple transfo rm ations of o ther value functions. Because these functions 

involve linear com binations, the  transform ations preserve piecewise linearity  and  con­

vexity (Smallwood an d  Sondik 1973: C assandra. L ittm an . and K aelbling 1996).

Since the  value functions V?. V a. and V  are P W L . they  can be represented  as sets 

of vectors com posed of th e  coefficients for each P W L  segm ent. If V can  be expressed 

as a piecewise linear function  and V(b) =  m axa€s  b ■ a  for some finite set of |*S|-vectors 

5 . th e  functions can be  expressed as V"(6) =  m axQ6s-. b- a .  V a(b) =  m axaes« b-a .  and  

V'{b)  =  maxngs' b ■ a  for som e finite set of |<S|-vectors S'". S a. and  S '  V o  6  A .  r  €  Z .  

T he  vector sets have a  unique representation of m in im um  size (C assandra . L ittm an .
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and  K aelbling 1996). and  these m inim um -sized sets a re  denoted  by the sym bols S".  

S a. and  5 '.

T he  following review of vector and  set operations will help w ith later explanations 

and  algorithm s. T he lexicographical ordering  of vectors is defined as a  >  3  

c*(.s) >  3 ( - s )V s  £  S .  Vector sum s are  also perform ed elem ent by element such th a t 

6S — cts +  3S V s £  S  and  vector dot p roducts are defined as usual to be a  ■ 3  —

a s3s. T he  cross sum  of two sets of vectors is defined as X  ® y  = { \  +  C’|.\ £

X.  v  ̂  V} which extends to  collections of vector se ts  as well. Set su b trac tio n  is

defined by X \ y  =  { \  £  X \ \  £  V}- A vector of all ones is denoted as 1. a  vector of 

all zeros is denoted  as 0. and  a vector es is defined for every .s £ S  where e s is a  vector 

of all zeros except for one elem ent es(s) =  1. T he  n o ta tio n  purge(A') represents the 

o p era tion  of reducing a set X  to  its m inim um  size form.

W ith  th e  vector set no ta tion , the  sets described earlier can be re-defined as

S '  = purge f  ( J  (6.5)
\ n € A  /

S a = purge S? j (6.6)

5 “ =  purge ({ r (o .  a. c ) |a  £  S } )  (6.7)

where r ( a . a .  c) is the  |«S|-vector given by

r ( a . a . z )  =  ^ r / ' a(-5) +  “ P r ( - K - a )  Pr(s '| s. a). (6.8)

Equations 6.5 and  6.6 follow directly  from E quations 6.2 and  6.3 and  basic properties 

of piecewise linear convex functions. E quation  6.7 is derived by substitu ting  Equa­

tion  5.2 on page 107 into E quation  6.4. C alculating  r ( a . a . z ) .  performing th e  cross 

sum . and  perform ing the union are stra ightforw ard: so th e  problem  is now reduced to 

purging sets of vectors. In order to  get a  so lu tion  quickly, the  purge operation must 

be efficient.
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6.1.1  P u rgin g  V ector S ets

Given a  set of |«S|-vectors .4. and  a  single |«S|-vector a .  th e  set of belief s ta te s  in which 

vector a  is dom inant com pared  to  all the  other vectors in A is defined by:

R { a . A )  = {b\b >  0 .6  • 1 =  1.6 • a  >  b ■ a .  a  E -4 \{«}} . (6.9)

Note th a t according to  th is  definition, o  may be considered to be dom inant over some

belief s ta tes  even if a  E .4. For any belief s ta te  b in th is set.

m ax b ■ a  ^  m ax b ■ ex'.

The set R(c\. A)  is called th e  witness region of vector a  because b can testify  th a t a  is 

needed to  represent th e  piecewise linear convex function given by .4 U {a} . A nother 

way of s ta tin g  this is

R(a .  .4) =  0 <=► b ■ a  < =  b • a 'V a '  E .4. b >  0. 6 - 1 =  1. (6.10)

which sim ply sta tes th a t  the  w itness region is em pty  if and  only if there is no part of

the  belief space where a  has a b e tte r value than  any  o ther vector in .4.

Given this definition for the  witness region R.  th e  purge function is defined as

purge(F. S )  =  {o |ri E -4. R(tx. .4) ^  0}. (6.11)

which sim ply re tu rns th e  set of vectors in .4 tha t have non-em pty w itness regions. This 

is the  m inim um  sized set th a t represents the piecewise linear convex value function.

Figure 6.1 shows th e  a lgorithm  of purge(F. S) .  T h is operation , developed by W hite 

III (1991). re turns th e  vectors in F  th a t do not have em pty  witness regions as defined 

in E quation  6.10. T h is opera tion  filters, or purges o u t. the  unnecessary vectors. Dot 

product ties must  be  broken lexicographically in order for the  a lgorithm  to work 

properly  (C assandra. L ittm an . and  Kaelbling 1996). T he purge a lgorithm  s ta r ts  w ith 

an em pty  set. IT. and  fills it w ith  vectors from F  th a t have non-em pty w itness regions.
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purge ( F . S )
I t '  —  0
-  Select the obvious winners at  each corner o f  the belief space and put them in IF 
for s £  S

m ax 0 
for o  £  F

if ((es ■ 6  >  m ax) or ((es - o  =  max) and  <  ©))) th en  
w *— o  
m ax *— es ■ 0

for s £  S
if (ujs £ F)  then

t t '  — t r u { u / , }
F  -  F \ M

- Test the remaining vectors f o r  domination  
while F ^ 0

x  *— dom inate(o. ft )
if (.r =  J_) then  F  *— F \ { o }
else

nuix <— 0
for (© £  F)

if ((.r • o  >  m ax) or ({x ■ o  =  max) and  <  o ))) then
uJ 4-- 0
m ax x * o

i f  — i r u  M
F F \{a j }

re tu rn  I f

Figure 6.1: W hite 's  a lgorithm  for purging a set of vectors.

These vectors form the upper surface of the  mass of vectors in I f .  As such, they are 

com ponents of the piecewise linear convex value function.

The algorithm  then  checks each vector in F  to de term in e  if it is dom inant some­

where in I f .  If a point x  is found on vector cv th a t is above all of th e  lines in I f .  the 

vector q  cannot sim ply be added to  th e  set IF . because a  m ay be dom inated  by yet 

ano ther vector in F  a t x.  F igure 6.2 m ay help to explain w hat is going on here. The 

two solid lines are the  vectors a lready  in IF . and all of th e  dashed  lines are vectors in 

F . Solving for the non-dom inated  poin t on a  w ith the  h ighest value resu lts in a point 

x  th a t is a witness to  th e  fact th a t  ano ther vector m ust be added to  IF . but does
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( 1,0) (0 ,1)
Point x  found by 
dominate(a. IF)

I
Best vector 
at point x

F igure  6.2: T he two solid vectors a re  in th e  set IF . All o th e r vectors will be tested  
one a t a tim e. For each vector ct. th e  dominate function  finds th e  largest point :r on 
a  th a t  is not dom inated  by an o th e r vector in the set IF . b u t th is  does not m ean th a t 
q  should  be added to IF . T he  poin t ;r is only a witness  to  the  fact tha t IF  does not 
co n ta in  the best vector a t th a t  poin t.

no t ind icate which vector should  be added. To find th e  correct vector, the  algorithm  

chooses the  vector v £  F  th a t  has th e  m axim um  dot p roduct w ith  x.  In o ther words, 

th e  vector w ith the highest value a t belief s ta te  x  is th e  one th a t belongs in the  set 

IF . and  it may or may no t be th e  vector a  th a t was used to  find the witness point 

x.  T he  w inning vector is show n in F igure 6.2 w ith th e  d o t-dash  lines. T he winning 

vector is added to IF  an d  rem oved from F.  and the  loop repeats. W hen F  is em pty. 

IF  contains the  parsim onious set of dom inant vectors.

T he  dominate function which is called by purge finds th e  belief s ta te  x  th a t gives the  

largest value on the line segm ent corresponding to  a  th a t  is not dom inated by ano ther 

vector in IF . If a  is d o m in a ted  everywhere, then dominate re tu rn s  _L. Figure 6.4 is a 

two s ta te  representation  of th e  po in t. This problem  can  be expressed as finding the 

m axim um  point on the line represented  by a  w ith th e  co n stra in t th a t the point found 

m ust be above all of th e  o th e r lines in the  set IF . T h is tu rn s  ou t to  be the  definition 

of a  linear program  (L P) (C alvert and  Voxman 1989). F igure 6.3 gives the  algorithm  

for th e  dominate function. It c reates a  linear program  and  adds a constraint for each 

line in IF . Two add itiona l co n stra in ts  m ake sure th a t  th e  elem ents in .r sum  to  one 

an d  th a t the  answer is no t negative. W ith  most linear p rogram  solvers, th is final
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dominate (d .A )
L  <— LinearProgram(objective:max£) 
for (a ' 6  . 4 \ { a } )

AddConstraint(L..r • a  >  S 4- x  ■ a ')  
AddConstraint(L.x -1 =  1) 
AddConstraint(L.j: >  0) 
if (Infeasibie(L)

th en  re tu rn  _L 
else

(.r. 6)  <— SolveLP(L) 
if (S >  0)

th en  re turn  x
re tu rn  _L

Figure 6.3: Linear program m ing te s t for dom ination.

( 1,0 ) (0 , 1)
Point Found By 
dominate(a. IF)

Figure 6.4: T he dominate function finds th e  largest value on a  th a t is not dom inated  
bv an o th er vector in th e  set IT.
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constrain t is not necessary. O nce th e  linear p rogram  is set up. the  solver is called. If 

no solution exists, or if th e  value of th e  objective function is non-positive, th en  a null 

vector is re tu rned . O therw ise, th e  solution to th e  linear program  is the  desired point.

Given the  purge algorithm , it is now stra igh tfo rw ard  to  perform  dynam ic pro­

gram m ing using E quations 6.5. 6.6. and 6.7. T he straightforw ard  app lication  of 

Equation 6.7 am ounts to  an  exhaustive enum eration  of all possible vectors for each 

action and  observation, followed by a purge opera tion . T he resulting sets are then 

cross sum m ed and  purged using E quation  6.6. T h e  resu lting  S a sets are m erged and 

purged by E quation  6.5. resulting  in S',  the  value function at the cu rren t horizon. 

This approach, known as th e  W itness A lgorithm  (L ittm an  1994). is very sim ilar to 

Sondik’s one-pass a lgorithm . T he m ajo r problem  w ith the  W itness a lgo rithm  is the 

tim e it takes to  perform  th e  purge operation . M ost of the  run-tim e is spen t solving 

linear program s. For th is  reason, it is desirable to  minim ize the num ber of linear 

program s th a t have to  be solved and . more im portan tly , minimize the  num ber of 

constrain ts in the  linear program s them selves. For the  W itness algorithm , in the  best 

case, there  are 1 /2 ( E ,  |S “ | -  \Z\  +  l ) ( |S a | +  1 )( |S " | +  2) -  |S “ | +  \Z\  -  3 to ta l

constrain ts, and in the  w orst case, there  are |S “ |( |S “| -t- l ) ( E r  I■5’“ I ~  \Z\  — 1/2) to ta l 

constrain ts (C assandra. L ittm an . and  Zhang 1997).

6.1.2 Increm ental P ru n in g

Increm ental pruning  (C assandra. L ittm an . an d  Zhang 1997) sequences th e  purge 

operations to reduce the  num ber of linear program s th a t have to be solved and to 

reduce the  num ber of constra in ts  in the  linear program s themselves. Increm ental 

pruning can exhibit superio r perform ance and g rea tly  reduced com plexity com pared 

to  the  W itness algorithm  (Zhang and  Liu 1996: C assandra. L ittm an. and  Zhang- 

1997).
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incprune ( S J , . .  -5 ? , . , . , )  
i r ^ p u r g e ( S ? 0. S “ )
for (i <— 2 to  |i?[ — 1)

It' <- purge(lF © S “ ) 
re tu rn  IF

F igure 6.5: Increm ental p run ing  m ethod  for com bining th e  5 “ sets.

From  th e  associative property  o f add ition . ( A ®  B ) ( $ C  = A ®  ( B  ® C ) .  and  it also 

holds th a t  purge((.4 ®  B)  ® C) =  purge(purge(.4 ©  B)  ® C).  Therefore. E quation  6.6 

can be rew ritten  as

S a =  purge(.. .  purge(purge(S?0 © 5 “ ) © S"2) . . .  © 5 “|Z|_i ). (6.12)

which is th e  approach  taken by th e  increm ental p runing  algorithm . T he algorithm  

is given in F igure 6.5. In add ition  to  being conceptually  sim pler th an  the W itness 

a lgorithm , increm ental pruning can  also exhibit superio r perform ance and greatly  

reduced com plexity  because it reduces the  size of the  linear program s th a t m ust be 

solved.

Let .4' =  purge(.4) and B'  =  purge(B) so th a t  b o th  .4' and B'  are  parsim onious, 

and then  let IF  =  purge(.4' © B ’). th en

|IF | >  m a.r(|.4 / |.|£ ? / |). (6.13)

This com es from the observation th a t  for every u! £  IF . every region R(~j. IF ) is 

contained w ith in  R(c\. .4). a  £  .4 a n d  R ( J . B ) , B  £  B.  T his means th a t the  size of IF  

is m onotonically  non-decreasing du rin g  the  execution of incprune. Also, the  size of IF  

never grows explosively com pared to  its final size, as happens in the  naive W itness 

algorithm . T hus, vectors are added  and  pruned away from IF  increm entally, reducing 

the average num ber of constrain ts in the  linear program s. The worst case bounds for 

IP are identical to  W itness, bu t th e  best case to ta l num ber of constra in ts  for IP is 

much b e tte r  th a n  for W itness. In p rac tice . IP  has been found to converge faster than  

W itness in m ost cases (C assandra. L ittm an . and  Zhang 1997).
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6 .1 .3  R estr ic ted  R eg ion

R estric ted  region is a  special case of increm ental p run ing  (C assandra . L ittm an . and 

Z hang  1997). All of th e  calls to  purge in incprune a re  of the  form  purge (.4@ B ). Thus, 

th e  im plem en ta tion  of purge can  be modified to  tak e  advan tage o f th e  fact th a t  there 

is a  g rea t deal of regu larity  in th e  vector set passed to  it. T h e  call to  dominate in 

F igure  G.l can  be replaced w ith

:r —  dominate(o. D \{ o } )  (6-14)

w here D  is a set of vectors th iit satisfy the  following set of p roperties:

1. D C  (.4 ® B)

2. Let a  + d  = o  for q C . 4  and  3  G B.  For every a '  G .4 and  3'  G B.  if a ' + 3' Gi l * ,  

th en  e ither a'  +  3'  G D.  or a  + 3'  G D.  or a '  +  3  G D.

M any choices for D  will satisfy  the  given p roperties (C assandra. L ittm an . and  Zhang

1997). Som e choices are:

D  = A & B  (6.15)

D  = ( { a } e Z ? ) U ( { J } e . 4 )  (6.16)

D  =  IV (6.17)

D =  ({a}  © B)  U { a ' -t- 3 \ (a '  + 3)  G IT'} (6.18)

D  = ( { d } a . 4 ) u { d '  +  a | ( J '  +  a)  G W }  (6.19)

A ny such choice of D  allows us to  use the do m in a tio n  check of E q u a tio n  6.14 to either 

rem ove o  from consideration  or to  find a vector th a t  has not yet been added to  IF .

Increm ental pruning  is ac tu a lly  a family  of a lgorithm s. T h e  p a rticu la r choice for 

D  de term ines how efficient the  algorithm  is. In general, sm all sets m ake a b e tte r 

choice, since th is reduces th e  num ber of co n stra in ts  in the linear program  created
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by th e  dominate function. Equation  6.15 is equivalent to M onahan 's a lgorithm  (Cas­

sand ra . L ittm an . and  Z hang 1997). E quation  6.17 is equivalent to  L ark 's algorithm . 

Increm ental pruning  using a  com bination of E quations 6.18 and 6.19 are referred to 

as res tric ted  region(R R ) a n d  is cu rren tly  deem ed to be th e  best P O M D P  solution 

a lgorithm  (C assandra. L ittm an . and Z hang 1997).

6 .2  P a ra lle l R e s tr ic te d  R e g io n

I im plem ented th e  R estric ted  Region a lgo rithm  for the planner in m y arch itecture 

and found th a t it required  several days of com pu ta tion  to find a  policy for my simple 

robot dom ain, which had 64 states. 3 actions, an d  16 observations. Since I needed 

to genera te  several policies, it was w orthw hile to  spend some effort in im proving the 

P O M D P  solver. T his section  presents th e  m ethod  th a t I developed to  speed up the 

R estricted  Region a lgo rithm  through parallelism .

E quations 6.5. 6.6 and  6.7 show how the  PO M D P problem  can  be decomposed 

into a set of sm aller problem s. Most of th e  com puta tion  tim e is spent in Equation 6.6. 

where th e  S'! sets are m erged into the  S"  sets. Since IP decom poses the  problem  into 

independent parts , the  easiest way to  parallelize RR would be to  perform  the cross 

sum  an d  filter opera tions on  the  S'! sets in parallel. The num ber of th read s  using this 

approach  would be lim ited to  |M|.

A no ther approach is to  group the te rm s differently and re-w rite E quation  6.12 as

S a =  purge(.. .  purge(purge(S" © S “ ) ©  purge(S“ ©  S" ) ) . .  -).
( 6 .20 )

This form ulation breaks th e  problem  in to  m ore independent parts . For each a £  A .  

\Z \ /2  th reads can be s ta r te d . As those th reads com plete, the  results can be merged 

in parallel, and so on. un til one final process m erges the last two sets together. This 

technique is only useful for problem s w ith  \Z\ > 4. but would provide significant per­

form ance improvem ent on those problem s. T his approach would allow the  processing
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to be d is trib u ted  over \ A \ \ Z \ / 2  processors, which would work well on a sym m etric 

m ultiprocessing system . However, it still does not offer a  great deal of parallelism , 

and  for th is  reason. I chose a different approach.

My approach  is to  perform  the  individual dom ination tests  in parallel. Each 

dom ination  test is perform ed by a dom ination  server which m ay reside 011 an o th er 

com puter. The sequential algorithm  shown in Figure G.l assum es th a t IT and  F  

will be up d a ted  a t th e  end of each dom ination  check and th a t IT  and F  do not 

change during  the  dom ination  check. However, this cannot be guaranteed when 

several dom ination te s ts  occur sim ultaneously, and synchronizing the  d a ta  between 

servers would be a significant problem . I changed the algorithm  slightly, so th a t the  

vectors are not moved from F  to  IT. but are simply m arked as dom inant. After all of 

the  vectors in F  have been checked, the ones marked as dom inant are  moved to  IT. 

This approach allows th e  initial sets to  be sent to all of the  servers a t the beginning 

of each parallel m erge which minimizes subsequent com m unication, but does double 

the  average size of th e  linear program s th a t m ust be solved.

Equations 6.18 an d  6.19 are the  key not only to restric ted  region, but also to 

parallelizing increm ental pruning. T he  best speedup can be achieved by d is tribu ting  

the  linear program s over as m any processors as possible and solving as m any in 

parallel as possible. In  order to do so. I m ust modify the purge function and make 

some o ther changes to  th e  algorithm . I modified the cross sum  o pera to r a  © 3  so 

th a t the  resulting vector is "tagged" to  indicate a  and 3. I then  added an operation  

ta g g e d o ( a .  A') to  re tu rn  the set of vectors in A' tha t are tagged w ith  the  given a  and  

an  opera tion  tagged /3 (/i. A') to  re tu rn  the set of vectors in A' th a t  are tagged w ith 

the  given 3.  The com plete F  and IT  sets are sent to the  servers, which use these 

operations to  ex tract th e  subsets required for each application of E quations 6.18 and  

6.19. I then  modified th e  purge algorithm  to  perform  dom ination checks in parallel.
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purge ( F .S )
IF +- 0
-  Select the obvious winners at each edge o f  the belief space and put  th em in IF 
for s £  S

m ax <— 0 
for o £  F

if ((es ■ o  > max) or ((es - O =  m ax) and (a>.s <  o ))) then  
O

m ax *— es ■ o
for s £  S

if (wt/s £ F )  then
IF  -  IF  U {ujs}
F ~ F \ { ^ }

-  Test the remaining vectors f o r  domination  
cu rre n t  *— 0
for i £  NUMSERVERS

childi  <— C re a te T h re a d (T h rea d P ro c . F. W. c u r re n t ,  i) 
for i £  NUMSERVERS 

j o i n  {childi) 
for {ui £  F)

if (majrked(^')) then 
IV

re tu rn  U ’

Figure 6.6: P arallel algorithm  for purging a .set of vectors. T he  algorithm  splits into 
NUMSERVERS th read s, which m ark the  vectors in F  th a t belong in IF .

T he  parallel purge algorithm  is shown in Figure 6.6. As w ith  RR. the  algorithm  

first finds th e  dom inan t vectors a t each corner of the  belief space and moves those 

vectors into IF . T hen  it s ta r ts  a num ber of th reads to  perform  th e  dom ination checks 

on th e  rem aining vectors in F.  T he th read s  all execute th e  sam e T h readP roc  code 

(shown in F igure 6.7) locally. Each th read  is responsible for com m unicating w ith  one 

server. It sends F  to  th e  rem ote server and  then  enters a  loop. O n each ite ra tion , 

the  th read  takes th e  next available vector in F  and in s tru c ts  th e  rem ote server to  

te st th a t  vector for dom ination. If the  rem ote  server re tu rn s  a  witness point, th en  

the  th read  finds th e  largest vector in F  a t th a t  point and  m arks it for add ition  to  IF .
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ThreadProc(/r. IK curren t ,  i)
SendToServer(/. "NewProblem")
SendToServer(/‘. F. W )  
while c u rren t  < |F | 

lock cu rren t
Q  4 f :-u rren l
c u rre n t  *— curren t  +  1 
unlock c urren t
SendToServer(b "TestDomination")
SendToServer(f. p )  

x  RecieveFromServer(z) 
if (.r 7̂  _L) then  

m ax — 0 

for (o  G F)
if ((.r • o  >  m ax) or ((.r • p  =  max) and  (a/ <  o ))) th e n

■ jJ  *—  O

m ax x  • o
lock F
F_. —  mark(F\) 
unlock F

Figure 6 .(: Each th read  com m unicates w ith one server. T he th read  sends F  and IF  
to  the  server, then  begins processing vectors in F.
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Server () 
loop

ReceiveFromThread (com m and)  
if (com m and  =  "NewProblem” ) then 

ReceiveFromThread(i7. IF) 
elseif ( c o m m a n d  =  "TestDomination") then 

ReceiveFromThread(0) 
a  =  taga(p)
A =  taggeda(a. F)
.4U =  taggeda(a. IT')
3  =  tagb(o)
B  =  tagged3(3 .  F)
B n -  tagged3 (3 .  IV)  
if ( |.4 | +  \ B W \ < \B\ +  |.4 U'|) then  

D =  A  U B w
else

D  =  B  U .4U 
x  =  dominate(o.  D\{0}) 
SendToThread(-r)

Figure  6.S: Server algorithm  for parallel purge.

W hen all of the vectors in F  have been tested, the  th reads term inate, and  the  main

program  continues.

Figure G.8 shows th e  server a lgorithm  for the parallel purge algorithm . T he server 

understands two com m ands. T he NewProblem com m and instructs it to receive the

following F  and IF  sets. T he T es tD o m in a tio n  com m and instructs the server to  test

a given vector in F  for dom ination . W hen a T e s tD o m in a tio n  com m and arrives, 

it ex trac ts  the a  and  3  tags from the  vector and ex trac ts  the sets .4 =  {a} S  B.  

B  =  {0} © .4. B n =  { a ' +  0 |( a '  +  3) e  IF}, an d  .4U' =  {3 '  4- a |( 0 ' + a)  €  IF}. 

D  is calculated as .4 U B n or B  U -4U . whichever is sm aller. Finally, o  is tested  for 

dom ination  over D.  an d  th e  result is returned.
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Table 6.1: Test problem  param eters.
Problem \s\ Ml \z\ Iterations Reference
Tiger 2 3 2 273 C assandra. K aelbling. and  L ittm an (1994)
Shuttle 8 3 5 283 C hrism an (1991)
Painting 4 4 2 100 Kushm erick. Hanks, and  Weld (1995)
4 x 3 11 4 6 100 P arr and Russell (1995)
R obot 64 3 16 25 P yeatt and  Howe (1999)

6 .3  E x p e r im e n ts  an d  R e su lts  on  P a r a lle l  
R e s tr ic te d  R eg io n

I im plem ented the parallel RR  algorithm  in C + +  and ran  it 011 a network of Sun 

U ltra  I w orkstations. For com parison. I also im plem ented a  serial version of th e  RR 

algorithm  derived from th e  sam e code base. Thus, the  only difference in the  two 

versions is in th e  incprune algorithm  as outlined in this ch ap te r.

I selected four problem s from the lite ra tu re  and one of m y own. The problem s 

from the lite ra tu re  are representative of the  problem s th a t can be solved w ith cu rren t 

PO M D P so lu tion  m ethods. T he Tiger problem  involves a th ree  way choice betw een 

going through one of two doorways or listening for the tiger, which is behind one of 

the  doorways. T he Shuttle  problem  is a simple model of a space shu ttle  th a t m ust 

move back an d  forth  between two space stations. The P a in ting  problem  involves 

selecting actions for pain ting  p arts  and rejecting defective p a rts . Robot is a  sm all 

robot navigation problem  where the  goal is to  reach a specified location. My R obot 

problem  is significantly m ore difficult than  the  o ther four, as evidenced by the  fact 

th a t it took considerably m ore tim e to find a  policy, and th e  advan tage  of my parallel 

algorithm  is m ore pronounced on this problem . The problem s are  listed in Table 6.1.

Table 6.2 shows the perform ance of the  two algorithm s 011 th e  selected problem s. 

The parallel IP  algorithm  was run  w ith a varying num ber of servers between one 

and five: the a lgorithm  was term inated  when run tim e exceeded 24 hours. T h is 

occurred when fewer th an  th ree processors were used on th e  R obot problem. O n the
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Table 6.2: R esults of experim ents w ith  run  tim es given in seconds. T he colum n 
headings for the  Parallel RR  a lgo rithm  ind icate  the  num ber of servers.

Problem R R Parallel R R  
1 2 3 4 5

Tiger 209 220 177 139 103 70
S hu ttle 415 566 473 453 448 444
P ain ting 137 156 103 89 81 76
4 x 3 1359 1474 1156 1100 1079 1083
R obot >86400 >86400 >86400 83465 62034 41648

T iger and P ain ting  problem s, each ad d itio n a l processor resu lts  in successively sm aller 

perform ance increases. O n the  4 x 3  problem , th e  perform ance ac tua lly  degraded w hen 

a  fifth processor was added. T his d im inish ing  re tu rn  resu lts from th e  com m unications 

overhead increasing in relationship  to  the  am ount of co m p u ta tio n  th a t is perform ed. 

O n the  S hu ttle  problem , th e  serial a lgo rithm  outperform ed th e  parallel algorithm  due 

to  th e  tim e required to  send the S’? sets over th e  network. For th is problem , the S? sets 

are relatively sm all and  the  tim e required  to  perforin the  purge algorithm  on a single, 

local processor is less th an  the tim e required  to  send the  se ts  over th e  network. T hus, 

the  network overhead is g rea ter th a n  th e  benefit of add itiona l processing power. O n 

the  R obot problem , which requires considerably  more com pu ta tion , th e  relationship  of 

run-tim e to  num ber of processors is m ore linear. Xote th a t th is  relationship  does not 

ap p ear to  correlate  w ith  the  num ber of sta tes , actions, or observations in the  P O M D P  

problem , bu t appears  to  be re la ted  to  the  size of the 5? se ts  th a t  a re  created. T hus. 

|«S|. \A\, and  \Z\  are not good ind icators of the  difficulty o f PO M D P  problems.

6 .4  A n a ly s is  o f  P a r a lle l R e s tr ic te d  R e g io n

My current im plem entation is a d is tr ib u te d  algorithm  th a t  spreads the  work across 

several com puters connected w ith  lO M bit/s  E thernet. T h e  m ajo r draw back to  th e  

current im plem entation is the  netw ork bo ttleneck  created w hen all of th e  th reads send 

the  F  set to  the  servers a t once. T h is  bo ttleneck  could be a llev iated  in several ways.
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T he m ain  p rogram  coulcl b roadcast th e  F  set to  all servers w ith a single transm is­

sion. T his approach  was not taken  because T C P  stream s do not support b roadcast. 

U D P su p p o rts  b roadcast, b u t im plem ents unreliable com m unication using d a tag ram s 

instead  of stream s. B roadcasting  large vector sets using U DP would require break­

ing th e  chxta into packets an d  providing som e m echanism  to  ensure reliability. This 

approach , though  feasible, would require an  added layer of complexity. A no ther way 

to  reduce th e  bottleneck is to  use m ultip le  high speed netw ork interfaces in stead  of 

a single E th ern e t. Linux Beowulf and  IBM  SP system s b o th  provide m ultip le high 

speed netw orks and would be ideal for th is  application. T h ird , and most obviously, 

the  parallel IP  algorithm  could be im plem ented on a shared  mem ory m ultiprocessor 

system .

This a lgorithm  only parallelizes E quation  6.3. but could be extended to  perform  

the  incprune in Equation 6.2 and  the  cross sum  operation  in E quation 6.4 in parallel 

as well. C urrently , these o pera tions account for the  m ajo rity  of the tim e used by the 

parallel a lgorithm  on the T iger and  R obo t problem s.

T h e  parallel algorithm  is m ost useful on problem s w ith  large S" sets, w here the 

overhead involved in sending th e  d a ta  to  th e  servers is much less th an  the  tim e required  

for co m pu ta tion  in the incprune opera tion . T hus, for sm all problem s, parallel so lu tion  

does not present an  advantage, while th e  m ost difficult PO M D P  problem s can benefit 

g rea tly  from parallelization.

T he  m ajo r com puta tional bo ttleneck  is in th e  solution of a large num ber o f linear 

program s. Efficiency is a m ajo r goal in im plem enting a  linear program  solver for use 

in P O M D P  algorithm s. A dditionally , in o rder for the  P O M D P  algorithm s to  work 

a t all. the  linear program  solver m ust have a very high degree of num erical stab ility . 

T he problem  is exacerbated by th e  large num ber of very sim ilar vectors th a t  are 

generated  when solving a PO M D P. T he  vectors can be so sim ilar th a t 64 b its  of 

m achine precision is not enough to  represent th e  problem . I pu t a great deal o f effort
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into c reating  a  linear program  solver w ith sufficient numerical s tab ility  ancl speed. My 

linear p rogram  solver is a sparse vector im plem entation  based on the  revised simplex 

m ethod (C alvert and  Voxman 1989). Sim plex is the  most com m on algorithm , but 

exhibits num erical instability  and  runs ra th e r  slowly. Newer LP algorithm s based on 

interior poin t m ethods may be faster and provide b e tte r num erical stability . This 

will allow exact solution m ethods to scale to  sligh tly  larger problem s. A lthough it is 

very likely th a t  approxim ate solution m ethods a re  the  only way to  solve very large 

PO M D P problem s, the quality  of th e  resu lts ob ta ined  from approx im ate  m ethods 

m ust be m easured in some way. Scaling exact solution m ethods to  solve non-trivial 

problem s is valuable because it provides the  s ta n d a rd  against which to  m easure the 

quality  of approx im ate  solution m ethods.

T he com puta tional com plexity of PO M D P algorithm s is typically  expressed in 

term s of the  num ber of linear program s they  solve and the size of those linear pro­

gram s. T his m etric is chosen because all of th e  exact solution a lgorithm s use linear 

program m ing as a fundam ental operation  an d  th e  solution of linear program s is by 

far the  most tim e consuming part of the  a lgorithm s. Cassandra. L ittm an . and  Zhang 

(1997) gives the  com putational com plexity of increm ental prun ing  in term s of the 

num ber of linear program s th a t must be solved. C assandra. L ittm an . and  Kaelbling 

(1996) and  G oldsm ith  and M undhenk (1998) present more general discussions on the 

com plexity of PO M D P problems.

154

R e p ro d u c e d  with perm iss ion  of th e  copyright ow ner.  F u r th e r  reproduction  prohibited without perm iss ion .



Chapter 7 

Combining POMDP Planning with 
RL Actions

This ch ap te r describes the  P O M D P /R L  two level robot contro l architecture. The 

lower level controls the ac tu a to rs  th a t  move th e  robot a round  and provides a  set 

of actions th a t can be used by th e  higher level planning system . T he higher level 

plans by finding a policy th a t specifies w hat action  to  take  in every possible s itu a ­

tion in order to move the  robot from  its current location to  the  goal. In the robot 

control architecture , actions in th e  b o tto m  level are based on  reinforcem ent learning 

(RL). while the top  level is based on a  partia lly  observable M arkov decision process 

(P O M D P ). The combination  of RL Learning and  PO M D P planning  and  the ability  

for the  system  to learn new actions d istinguishes th is a rch itec tu re  from previous work. 

C hap ter 4 covered the  reinforcem ent learning m ethod used for learning actions in the 

lower layer and C hap ter 6 described th e  P O M D P planner in the  upper layer. This 

chap ter describes the  in terconnection, coordination  and  synergy of th e  two layers. 

Section 7.1 describes the benefits of com bining RL and P O M D P  for robot navigation 

and Section 7.2 describes the  a rch itec tu re .

Two layer control system s are com m on in robot architectures. Two layer control is 

a  p ragm atic  solution th a t supports  different chronological a n d  spatia l granularities of 

activity. T he lower layer provides fast, short horizon decisions abou t quickly executed 

actions based on sensory d a ta , w hile th e  upper layer adopts a  m ore goal oriented view
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and  p lans over a  longer scope using in fo rm ation  ab strac ted  from  the  sensory d a ta . 

T he lower layer is designed to  allow th e  robo t to avoid obstacles and m ake m inor 

m odifications to  otherw ise good courses of action based on sensory feedback. T he 

upper layer ensures th a t th e  ro b o t con tinually  works tow ard  its ta rg e t task  o r goal.

T h e  tw o layer control a rch itec tu re  offers reliability, which m ay be provided th ro u g h  

a d ap ta tio n , reactive control, and  o th e r m echanism s. A utonom ous robots must be  able 

to  deal w ith  failure of sensors and  a c tu a to rs  or with changes in th e  environm ent when 

they  a re  o p e ra tin g  out of d irect hum an con tro l (e.g.. space exploration, hazardous 

environm ents). In these s itu a tio n s, hardw are  failure can result in failure of the  m ission 

unless th e  contro l system  is sufficiently adap tive . In less c ritica l situations, reliable 

o p era tion  is also necessary. Even an  office robot should be capab le  of dealing w ith 

some a c tu a to r  and  sensor failures or m iscalibrations.

M y thesis is th a t com bining PO M D P  planning  w ith reinforcem ent learning resu lts 

in a  system  th a t  is g rea ter th a n  th e  sum  of its parts: namely, it has the ab ility  to  

learn new  actions as needed and  ad ap t to  sensor and effector failure at b o th  levels. 

This ab ility  stem s directly  from two characteristics of the  P O M D P  framework:

•  In  th e  P O M D P  model, actions have probabilistic outcom es. This, in  p a rt, 

enables th e  discovery of new actions th a t lie outside of th e  current set of actions 

A .  Section 7.2.4 explains how th is  is accom plished.

•  T h ere  is a d iscrete-sta te  M D P underly ing  the PO M D P m odel. A d iscrete s ta te  

tra n s itio n  can be used to  provide reinforcem ent to  the  ac tion  th a t caused it to  

occur. Section 7.2.3 describes th is  m echanism  in m ore detail.

S ingh(S ingh 1991) used p re-p rogram m ed  low level actions w ith  high level rein­

forcem ent learn ing  to  com bine them  an d  perform  useful functions. This w ork is 

sim ilar in sp irit to  the  P O M D P /R L  approach , but does not allow for the creation of 

new actions. All actions had  to  be exp lic itly  defined and  hand  coded, before learn­

ing could occur. Thus, the  agent was no t able to ad ap t to  a rb itra ry  changes in its

156

R e p ro d u c e d  with perm iss ion  of th e  copyright ow ner.  F u r th e r  reproduction  prohibited without perm iss ion .



environm ent. T he P O M D P /R L  approach allows th e  robot to  have a g reat deal m ore 

control over w hat it learns a t the  low level.

Singh (1992b) p resented  a different system  th a t used reinforcement learning for 

low level actions. T h e  previous system  used RL a t th e  high level and fixed actions. 

His new approach used RL for low level tasks as well. T his approach provided a 

rew ard function for each elem ental task, a n d  specified exactly  what tasks w ould be 

learned a priori. M y work goes further by providing a m ore general fram ew ork for 

learning low level behaviors w ithout requiring a rew ard function to be specified for 

each action  or w hat actions will be learned. Instead , the  P O M D P /R L  approach  gives 

th e  responsibility  for assigning rewards to  th e  P O M D P  planner.

Successful app lica tion  of PO M D Ps to  robo t contro l is very challenging: th e re  is 

a wide gap betw een th e  current state-o f-the-art in PO M D P research and w hat is 

required for a  successful autonom ous robo tic  app lication  (C assandra 1998b). Deriv­

ing a policy for ro b o ts  using PO M D P m odels seems to  be best done using m odels 

th a t are at a higher level of abstraction  th a n  w hat th e  robot actuators and sensors 

provide (Simmons and  K oenig 1995: C assandra. K aelbling. and Kurien 1996: X our- 

bakhsh. Powers, an d  Birchfield Sum m er 1995). and  there  is some reason to  believe 

th a t reinforcem ent learning works best a t th e  level of sensors and  actuato rs (B agnell. 

Doty, and  Arroyo 1998: Borisyuk. W ickens. and K oetter 1994: K ontoravdis. Likas, 

and  S tafylopatis 1992: M ahadevan and Connell 1992: M illan and Torras 1992: Singh. 

B arto . G rupen. an d  C onnoly 1994). PO M D P p lanning  can provide a reliable, reactive 

p lanning m echanism  th a t works well w ith lim ited  sensor inform ation. Reinforcem ent 

learning provides a  way to  implement low level actions th a t are adaptive and  work 

well in a  dynam ic environm ent.
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7 .1  W h a t is G a in ed  b y  In te g r a tio n  o f  P O M D P  and  
RL

Large changes in ac tu a to rs  or sensors can  cause the  reinforcement learning modules 

to  fail completely. However, when enough negative rewards have accum ulated, the 

RL modules begin searching for a b e tte r  solution and  learn how to use the dam aged 

sensors and ac tu a to rs , if possible. Since the  only goal for the low level fictions is to 

m axim ize reward, they  are  free to search for a  b e tte r policy. In many instances, the 

existing policy requires only slight m odification a fter sensor or a c tu a to r failure.

For robot navigation tasks, the s ta tes  in the  PO M D P model correspond to  posi­

tions in a topological m ap of the environm ent. Some research has shown how such 

m aps could be learned by the  PO M D P p lanner (M ataric  1992b). A lthough the possi­

bility  for learning topological maps is not precluded, the  focus of the  current research 

is on learning low level actions: so a m ap is provided to  the robot.

The PO M D P planner a t the  high level is given a  m ap of the  environm ent, but 

infers the  relationship between the actions and the  positions in the  s ta te  space. This 

m eans th a t it can also ad ap t to  changes in the  environm ent and to  sensor and actuator 

failures by ad justing  the  transition  probabilities th a t it uses in planning which action 

to  use. Thus, reliability  is increased in th e  overall system  through adap tion  at both 

levels. One of th e  m ain goals of this research is show how new actions can be added 

and  learned. T he  sim plicity of the PO M D P fram ew ork makes it easy to add new 

actions at any tim e. All th a t is required is to  add  new conditional transition  and 

observation probabilities th a t  describe th e  effects of the  new action. Increm ental 

add ition  of actions does not affect the  existing actions, but will affect the policy 

generated  by the  PO M D P planner.

The high level com ponents must be reliable enough to  deal w ith the  fact th a t an 

action  may not always have the desired effect. T his ab ility  is inherent in the  PO M D P 

approach. In add ition  to  selecting an o th er action, th e  high level com ponents must
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assign rewards to  the  low level action. A positive  rew ard is given if the  action was 

successful, and a negative rew ard is given if it was unsuccessful. M ost robot control 

system s incorporate a  m echanism  for de tec ting  w hen an action  has failed to  have the 

intended effect. A ssigning a  rew ard does not incur any m ore overhead th an  would be 

necessary ju s t to de tec t ac tion  failure, bu t is c rucial for using reinforcem ent learning 

of low level actions.

T he design objectives for the  P O M D P /R L  robo t control sy stem  is th a t it must

be:

T a s k -D ire c te d :  able to  accept a task  or goal ancl then  work to  achieve th a t task  

or goal. C hanging th e  goal does not requ ire  learning or changing the  control 

program .

R e a c t iv e :  able to  react quickly to sensor in form ation  and  select an  appropria te  ac­

tion according to  th e  situation .

R e l ia b le :  high p robab ility  of success a t achieving the  goals th a t  are  assigned, even 

when its own hardw are  fails or when its knowledge of th e  w orld is inaccurate.

A d a p t iv e :  should a d a p t to  long term  changes in th e  environm ent.

G e n e ra liz in g :  able to  app ly  knowledge learned in one s itu a tio n  to  an o ther similar 

s ituation .

S e lf  E x te n d in g :  able to  add  new actions to  tak e  advantage of knowledge about the 

environm ent.

T he perform ance of th e  robo t arch itecture  will be m easured against these criteria. The 

following sections describe th e  architecture, and  C lm pter 8 describes th e  experim ents 

th a t test the  arch itec ture  against these design objectives.
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F igure  7.1: System  overview.
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7.2  D e sc r ip t io n  o f  th e  R o b o t  A r c h ite c tu r e

Figure 7.1 provides a detailed  look at the robo t control architecture. An o v e r v i^  of 

the  system  was show n in Figure 1.1. The p lanning  layer sends action com m ands and 

rew ard signals to  th e  action  execution layer. T h e  execution layer sends sensor infor­

m ation  to the  p lann ing  layer. W hen following a policy, the  planning layer m aintains 

a belief s ta te  over the  possible s tates. The p lann ing  layer uses the  current belief s ta te  

to  select a low level action  from the  policy. T he  p lanning layer also tracks the s ta te  

w ith the  highest probability : the  most likely curren t s ta te . From the s ta te  transition  

probabilities, it is easy to  find the  expected next s ta te  w hen perform ing the  current 

action in the  m ost likely current s ta te . W hen the m ost likely current s ta te  changes, 

the  planning layer generates a  non-zero rew ard for the  action  th a t is curren tly  ac­

tive. For all tim e steps where the most likely current s ta te  does not change, a zero 

rew ard is generated . T he rem ainder of this section describes th e  com ponents of the 

architecture in m ore detail.

7.2.1 C ontrol L oops

T he robot control a rch itec tu re  is based on th ree  hierarchical control loops, each run­

ning a t different tim e scales and different levels of abstrac tion .

•  The short te rm  control loop consists o f th e  action execution m odule, effectors, 

environm ent, and  sensors. Control decisions are m ade in the  action execution 

module by th e  action th a t is currently  being executed. It produces control 

signals th a t  are sent directly  to  the  effectors and  makes decisions based on 

raw d a ta  from  the sensors. This control loop provides fast response and tight 

coupling of th e  robot and  its environm ent.

•  The m edium  term  control loop includes policy execution, action execution, effec­

tors. environm ent, sensors, pre-processing, and  belief s ta te  m aintenance. Con-
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tro l decisions are  m ade in the  policy execution m odule according to  th e  PO M D P 

policy th a t is cu rren tly  being executed. It produces control signals in the  form 

of action  com m ands th a t are  executed by the  action  execu tor. T h e  decisions 

m ade in the  m edium  term  control loop are based on th e  belief s ta te , which is 

derived from th e  pre-processed sensor inform ation com bined w ith  knowledge 

abou t the  world in the  form of transition  and  observation  p robabilities.

•  T he long term  control loop includes the hum an investigator. P O M D P  model. 

P O M D P planner, policy executor, effectors, environm ent, sensors, and belief 

s ta te  m aintenance. C ontrol decisions a t th is level are  m ade by the  hum an 

investigator, who m ay specify goals as im m ediate rew ards in th e  P O M D P  model. 

For instance, the  investigator may specify th a t th e  rew ard for s ta te  .r is one and 

the rew ard for all o ther s ta tes  is zero. In th is case, the  goal for th e  robot is to 

reach s ta te  .r. T h e  PO M D P planner generates a  policy from th e  P O M D P  model 

and sends the resulting  control policy to  the policy executor, w hich converts it 

to actions. The actions are sent to the  action executor w hich converts them  to 

control signals for the  effectors. The sensor d a ta  is pre-processed a n d  sent to the 

belief s ta te  m aintenance module, which updates the  P O M D P  m odel whenever 

transitions occur. T he PO M D P model can be dum ped  in to  a s ta n d a rd  PO M D P 

form at (C assandra 1998a) file at any tim e by the  hum an investigator, who may 

edit th e  file and then  load it back into the  robot.

Each control loop works a t a different level of abstrac tion . R eactive contro l is per­

formed in th e  short te rm  loop a t the lowest level of ab strac tio n . In th e  m iddle loop. 

PO M D P execution provides long-term  goal-directed activity. T h e  m iddle loop bridges 

the  gap betw een reaction and deliberation. In the  m iddle loop, a  policy is created 

from the P O M D P  m odel, and  reactive execution is perform ed to  follow the  policy. 

At the o u te r loop, the  d iscrete s ta te  space represen tation  of th e  P O M D P  supports
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learn ing  a t the  low level and provides a  convenient way for th e  hum an investigator 

to  specify  goals.

7 .2 .2  Low L evel A ction s

T h e  low level m odules im plem ent behavioral knowledge th a t is applied over a short 

tim e  period  of a few seconds. T h e  PO M D P policy executor chooses an action to  

execu te  and  sends a com m and to  th e  action  executor. T he ac tio n  executor loads 

th e  required  action  from the  lib rary  and  executes it. The ac tio n  modules change 

th e  w orld s ta te  by sending control signals to  the  effectors. A fter an  action has been 

executed , the  action executor m ust s to re  the u p d a ted  action back in the library  for 

fu tu re  use. T he action  executor can  be viewed as a  shell th a t passes inform ation and 

rew ards into the  action m odule th a t is curren tly  loaded and passes control signals out 

to  th e  effectors. T he low level ac tio n  m odule has no notion o f w hat it is supposed 

to  accom plish, and its view of th e  w orld is based on very low level sensory d a ta . Its 

only goal is to  maxim ize the  rew ard received from th e  PO M D P planner.

D uring  execution, the  current low level action continuously runs through a cycle 

of sensing the current s ta te , selecting control signals, and receiving reward. Sensors 

are used b o th  for detecting  ex ternal events and for detecting  th e  in ternal s ta te  of the  

robo t an d  its effectors. For instance, pulse encoders on the wheels give inform ation 

ab o u t th e  ro bo t's  effectors. Thus, th e  ro b o t’s effectors and sensors are defined to be 

a p a r t of its environm ent.

To achieve a high level of m odularity , object oriented program m ing  was used to  

im plem ent the  low level actions. As show n in Figure 7.2. a low level action  is a software 

ob ject w ith  a s tan d a rd  interface. T h is  approach allows the a c tu a l im plem entation of 

th e  softw are object to  be hidden from  th e  action executor a n d  makes it very easy 

to  s to p  executing one action  and  begin  executing ano ther. Since actions are sim ply 

softw are objects, they  may be learned  th ro u g h  RL or hand coded actions w ritten  by a
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Figure 7.2: Low level ac tio n s  are  im plem ented as ob ject classes.

hum an program m er. H and coded ac tio n s  m ay be included for purposes of debugging 

th e  PO M D P planner, or to help b o o t-s tra p  learning of o ther actions. T he  action 

execution m odule does not even know  w hether a particu lar ac tion  is hand coded or 

uses some form of learning. In th e  case of hand coded actions, th e  rew ard signals 

are  ignored, but learned actions can  change their policy if necessary to  increase the 

long term  rew ard th a t is received. All actions are identical, from  the  perspective of 

th e  rest of the  system . T he public in terface to  the actions is accessible by th e  action 

executor and  the action  library.

Each of the  learned actions has its own RL module based on Q -learning w ith  the  

decision tree function app rox im ation  m ethod  described in C h ap ter 4. Only one of the  

actions can be loaded into the  a c tio n  execu tor at any given tim e. W hen it is loaded 

in to  the action executor, an ac tio n  m odule gains com plete contro l of th e  ac tu a to rs  

and  has full access to  sensor d a ta . A ll of th e  RL modules tire im plem ented identically, 

bu t each learns to  perform  different actions due to the  rew ards it receives.

T he a rch itec tu re  in this d isse rta tio n  was initially im plem ented w ith th ree  hand 

coded actions: tu rn  left, tu rn  rig h t, and  go forward. T he hand  coded actions were 

used in debugging and  experim ents in v o k in g  the PO M D P planner. Then th e  hand 

coded actions were replaced w ith  learned  actions.
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R ew ard =  0

Figure 7.3: Rewards are assigned according to  the  m ost likely next s ta te . In this 
case, the  m ost likely s ta te  to follow s given action a is .sj. W hen the most likely s ta te  
changes, a rew ard of one is produced only if the  new m ost likely s ta te  is .s'p

T he learned low level actions are  not tra ined  to  avoid obstacles, but learn  to  do 

so because it is necessary for m axim izing th e  reward given by the PO M D P planner. 

Suppose the  policy for belief s ta te  b w ith  most likely s ta te  .s is to perform  action  a 

and  the  expected next s ta te  is .S[. as shown in Figure 7.3. Equation 7.1 explains how 

the  most likely s ta te  is calculated. Upon entering  belief s ta te  6. the PO M D P planner 

activates action a and  waits for a  change in the  ro b o t’s m ost likely s ta te . If a drives 

the  robot into a  wall, then it will not receive a positive reward. T he only way it 

can receive a positive reward is to  cause th e  ro b o t’s m ost likely s ta te  to  change to 

s j. A ction a will receive zero rew ard until the ro b o t’s m ost likely s ta te  changes or 

until it runs out of tim e. The tim e limit forces the action  to  avoid a periodic negative 

rew ard. T he tim e limit is som ewhat dom ain  dependent, and  should be longer than  

the  expected tim e for any action to perform  a s ta te  tran sitio n . W hen the tim e limit 

expires or a  s ta te  transition  occurs, the  action  will receive a positive rew ard only if 

the  most likely s ta te  is s\.

Low level actions are executed by th e  action execution module, which retrieves 

specific actions from the library when needed. In th e  object oriented framework, 

th is  ju st am ounts to  ge tting  a poin ter to  th e  action ob ject. The PO M D P execution
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module tells th e  action execution m odule w hich action  to load, and  the  belief s ta te  

m aintenance m odule supplies rew ard signals. T he  rew ard is passed on to  th e  action  

module so th a t  it can learn to  increase th e  long te rm  reward th a t it receives. T he 

learned actions m ay change som e each tim e th ey  a re  executed. T he action  lib rary  

m aintains a  po in te r to the  curren tly  executing  action , so there is no need to  store 

the  previously executing action  back in th e  lib rary  when a  new action  is chosen for 

execution.

At each tim e step, the  action  execution m odule must

• receive a  signal from the PO M D P executor specifying w hat action  to  execute.

•  load th e  specified action m odule from th e  lib rary  (if it is not a lready  executing).

•  receive d a ta  from the  sensors.

• receive rew ard from the belief s ta te  m ain tenance  module.

•  execute th e  action for one tim e step , using the  sensory d a ta  and  rew ard, and

•  send th e  com m ands chosen by the  ac tion  to  the  effectors.

The ta sk  for the  action library  is to  m anage the  set of actions th a t are avaikdde 

to the robo t. T he action library  has two interfaces: one for th e  PO M D P planner, 

and one for th e  action execution m odule. T h e  PO M D P p lanner can request th a t 

a new action  be created, while the  action  execution  module can  retrieve or sto re  

the im plem entation  of a specified action. T h e  PO M D P model describes w hat each 

action does in term s of the  action-dependent s ta te  transition  probabilities P r(.s '|.s.a) 

and observation probabilities P i^cl-s'.a). T hese probabilities effectively represent the  

s ta te  transition (s) th a t can be expected w hen executing a given action  a in a  given 

s ta te  .s. and  therefore describe the  effects o f th a t  action. The P O M D P  p lanner uses 

these probabilities to  generate a  policy. T his resu lts  in a na tu ra l division betw een th e  

description of an  action, used by the  P O M D P  p lanner, and the  im plem entation  of

166

R e p ro d u c e d  with perm iss ion  of th e  copyright ow ner.  F u r th e r  reproduction  prohibited without perm iss ion .



th a t  action, used by th e  action  execution m odule. T h e  im plem entation  of each action 

is a  software o b jec t w ith  a  unique identifier. T h e  ac tion  executor uses the  action 

identifier to  re trieve im plem entations from  th e  library.

7 .2 .3  H igh  L evel P lan n in g

T he planning level is responsible for long te rm  decisions and goal a tta in m en t. The 

hum an investigator can  exam ine the  s ta te s  in the  P O M D P  model and  can specify a 

goal s ta te . The goal s ta te  is specified as a n  im m edia te  rew ard in the  P O M D P model. 

P lann ing  w ith a  P O M D P  can be more com plex th a n  sim ply specifying a goal s ta te . 

G oal sta tes  are ju s t a  special case, convenient for hum an  in tuition.

T he  planner m ust

•  track the  cu rren t s ta te  of the  robo t in its world and  detect w hen an action  has 

resulted in an  unexpected  or undesired  s ta te .

•  quickly and  efficiently select a new action  to  execu te  a t each tim e step .

•  provide rew ard to  the  action  as it executes, and

•  provide a m echanism  for the  ad d itio n  of new low level actions.

T he  following sections describe a planning system  th a t m eets all of these requirem ents.

D uring execution of an  action, an undesired  s ta te  tran s itio n  can occur. A lthough 

it is undesired in th e  curren t context, it m ay be useful in the  fu ture. Therefore, 

it m ay be advantageous for th e  robot to  have an  ac tio n  th a t is expected to  cause 

th a t s ta te  tran sitio n . T he belief s ta te  m ain tenance  m odule notifies th e  PO M D P 

m odel whenever a  s ta te  transition  occurs. T he P O M D P  model records all s ta te  

transitions during  p lan  execution and  u p d a tes  th e  estim ated  s ta te  tran sitio n  and 

observation p robabilities. W hen it begins to  g en era te  a  new policy (i.e.. when the 

hum an investigator specifies a new goal), th e  P O M D P  p lanner searches for possible 

new actions in th e  P O M D P  model. W henever th e  P O M D P  planner finds th a t there
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Figure 7.4: S ta te  m ap for a sm all section of corridor. All o rien ta tions within each 
position  are shown.

are  observed s ta te  transitions which a re  not prim arily  associated  w ith any action, 

the  PO M D P planner sends a request to  th e  action  library for a new action to  be 

created  and  updates the  PO M D P m odel to  include the new action . A more detailed 

exp lanation  is given in Section 7.2.4. P lann ing  is then  perform ed as if the  new action 

has always existed, and  a policy is generated  which may use th e  new action. The new 

action  is initialized w ith no knowledge a b o u t w hat it is supposed  to  accomplish, but 

th a t  inform ation is present in the P O M D P  model. W hen th e  new action is chosen 

for execution, it will begin to  receive rew ards and  will learn  to  perform  the s ta te  

tran sitio n s  th a t are expected  in the  P O M D P  model.

T he  sta tes  in the  P O M D P  model correspond  to  nodes in a  topological map of the 

environm ent. In the  topological m ap. each possible position and  orien tation  for the 

robo t is represented, along w ith the  s ta te  transitions th a t are possible from th a t s ta te  

based on environm ental constrain ts. A n exam ple s ta te  d iagram  for a  corridor section 

w ith  a  tu rn  in it is shown in Figure 7.4. In  th is  figure, the  boxes represent a single
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position w ith four possible orientations. T he P O M D P  s ta te  space in this example 

has 16 sta tes .

T he PO M D P p lanner constructs a policy th a t ,  when followed, will cause the 

robot to  visit a  chain of s ta tes  from the cu rren t s ta te  (position and orientation) 

to the  goal s ta te . As long as the PO M D P m ap  accurate ly  reflects the world, the 

actions them selves will never be required to  perform  in an inappropriate  situation. 

For instance, the  value of the  "move forward” action  in s ta tes  where the robot is 

facing a wall is very low. It is the  responsibility o f the  PO M D P planner to  determ ine 

the value of each action in each belief s ta te , and  its  ability  to  correctly do so depends 

on the  accuracy of the  inform ation in the P O M D P  model.

T he actions are represented to  the  PO M D P p lanner in term s of how they affect 

the  world s ta te . This inform ation is im plicitly encoded in the action dependent 

transition  probabilities in the  PO M D P model. T h e  PO M D P planner finds the value 

of each action  at each point in the  belief space, in the  form of the  value function, 

which m aps directly  to  a  policy for choosing th e  app rop ria te  action for each belief 

s ta te . This process was explained in detail in C h ap ters  5 and  6.

At each tim e step, th e  belief s ta te  m aintenance m odule updates the current belief 

s ta te  using Equation 5.2 and  then calculates th e  m ost likely s ta te  and the expected 

next s ta te . W hen the  m ost likely s ta te  changes from  one tim e step  to the next, the 

belief s ta te  m aintenance m odule reports the s ta te  transition  to  the  PO M D P model 

and sends a rew ard to  th e  low level action executor.

The action  modules m ay receive more com plete inform ation from the sensors than  

the belief s ta te  m aintenance m odule does. In order to  sim plify the PO M D P and 

make it solvable, the  sensory input is pre-processed to  provide a small num ber of 

observations to  the  belief s ta te  m aintenance m odule. T he pre-processing is domain- 

specific and  depends on the  available sensors an d  features of the  environm ent. Pre­

processing converts raw  sensor d a ta  into observations th a t are meaningful in the
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P O M D P m odel. This m ay result in som e occasional d iscrepancy  betw een the  most 

likely s ta te  derived from  th e  belief s ta te  and  the  ac tu a l s ta te , bu t th is  is generally 

not a  problem , since discrepancies occur rarely when th e  sensor pre-processing is 

sufficient. Reinforcem ent learning is robust enough to  converge even w ith  occasional 

erroneous rew ards (S u tto n  1988: D ayan 1992: W atkins a n d  Dayan 1992: .Jaakkola. 

Jo rd an , and Singh 1994: T sitsik lis 1994: W atkins 1989). Em pirical te sts  on the 

a rch itec tu re  showed th a t  th e  m ost likely s ta te  m atches th e  curren t s ta te  m ore th an  

909c of th e  tim e. This has been sufficient to  show convergence of the  learned actions 

in the  P O M D P /R L  experim ents. T he  accuracy of the  belief s ta te  can  usually  be 

im proved by increasing th e  num ber of observations, but a t  the  expense of a more 

com plex PO M D P m odel which requires m ore planning tim e to  find a policy.

T he renuiining problem  is how to  determ ine when a  s ta te  transition  has occurred, 

given th a t the  current s ta te  is represented as a p robab ility  d is trib u tio n  b. T he  belief 

space is continuous: so every tim e step  leads to  a new belief s ta te . T h e  PO M D P 

world m odel consists o f a  C 'OM DP m odel plus a set of observation  probabilities th a t 

are dependent on the  s ta te  and  action . Low level actions a re  m eant to  achieve sttite  

transitions in the  underlying CO M D P. However, the  p lann ing  level m ain ta ins only a 

belief s ta te , so some m app ing  from belief s ta tes  to  th e  underly ing  C O M D P s ta tes  is 

needed. For a  given belief s ta te  6. th e  most likely state is g iven by

s h = a rg m ax (6 J . (7.1)

which sim ply selects th e  s ta te  w ith  the  highest p ro b ab ility  in b. T he  belief s ta te  

m aintenance m odule d e tec ts  s ta te  transitions by com paring  th e  most likely s ta te  s b 

from E quation  7.1 a t each tim e step  w ith the most likely s ta te  on th e  previous 

tim e step . If sbt ^  sb_i- th en  a s ta te  transition  has occurred.

W ith  th is  m ethod of de tec ting  s ta te  transitions, it is possib le to  g enera te  rew ards 

for the low level actions. Recall from  C hapter 5 th a t  one of the  four p a rts  of the
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P O M D P m odel is a m apping P r(.s '|s . a)\fs €  S .  a A .  T he expected state w hen a is 

executed in b is given by

W henever sbt =  s b_ L. a rew ard of 0 is sent to th e  action  execution m odule; otherw ise, 

th e  rew ard is calculated  by com paring  the curren t m ost likely s ta te  s b and  th e  expected 

s ta te  a t the  previous tim e s tep  s et_ l . If sbt = s^_{. a  rew ard of 1 is sent to  th e  action 

execution m odule. O therw ise, a  rew ard of —1 is sen t. A tim er m echanism  is also 

im plem ented so th a t actions m ust perform a  s ta te  transition  to  avoid a  periodic- 

negative rew ard. W ithout th e  tim er m echanism , an  action  m ay sim ply tu rn  off all 

effectors an d  receive zero rew ard. T he  tim er m echanism  ensures th a t tu rn in g  off all 

effectors will result in negative rew ard. From th e  perspective of th e  low level actions, 

the  goal is to  achieve a specific s ta te  transition , and  it receives a positive rew ard only 

a fte r achieving th a t goal.

In add ition  to  the most likely s ta te  m echanism , the  belief s ta te  m ain tenance m od­

ule m ain tains a counter th a t is reset to zero every tim e a s ta te  tran s itio n  is detected . 

W henever the  counter passes som e threshold r .  a rew ard of —1 is sent to  th e  behavior 

execution m odule and the  tim er is reset to zero. T he counter m echanism  forces the 

action  to  search for some way of avoiding a periodic negative rew ard, r  is chosen so 

th a t the  action  is given am ple tim e  to achieve th e  desired s ta te  tran s itio n . In the 

experim ents for th is d isserta tion , r  was set a t 100: a properly functioning action  typ­

ically required  only 10 steps to  achieve a transition . T he  selection of r  is not critical, 

as long as th e  action can cause a s ta te  tran sitio n  w ith in  r  tim e steps. A m inim um  

value for r  can be found for m ost dom ains from  th e  speed of effectors, leng th  of the 

tim e step , an d  distances between s ta te s  in the  P O M D P  model.

T he P O M D P  planner is responsible for g enera ting  a policy th a t  is sen t to  the 

policy executor. Finding an o p tim al policy is tim e consum ing, bu t once th e  policy 

is found for a  goal sta te , th a t policy is saved for fu tu re  use. T he  policy consists of

argm ax
s ' e S . s ' y t s b

(7.2)
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a set of labeled |«S| vectors. T he num ber of vectors in the  policy depends on the 

probabilities and  rewards in the  PO M D P m odel. In general, th e  size o f the  policy set 

cannot be determ ined a priori.  The label on a  vector tells w hat action  to  perform  if 

th a t vector has the largest dot product with th e  current belief s ta te .

C hap ter 6 describes th e  parallel restricted  region a lgorithm  th a t is used to find 

op tim al policies for the  robo t. W henever the  hum an investigator changes the goal 

s ta te  in the  PO M D P m odel, the  PO M D P planner must be run  to  find a new policy. 

Before calling the P O M D P  solver, th e  p lanner first searches for new actions th a t 

can be created . Searching for new actions could be perform ed a t som e o ther time, 

or even continuously, b u t it is convenient to  do it whenever th e  PO M D P planner 

needs to  generate  a new policy, since this allows the  new action  to  be incorporated 

in the  policy. The process of searching for and  creating new actions requires very 

little  com putation , com pared  to  the tim e required to  find a P O M D P  policy: so the 

additional tim e tha t the  p lanner requires is not significant. Searching for new actions 

every tim e the  planner is invoked may result in som e loss of efficiency, while the new 

action  is being learned. A fter creating a new action  or finding th a t no new actions 

are indicated, the planner invokes the PO M D P solver to generate  th e  policy and  then 

sends the policy to the policy execution module.

Planning and  execution are com pletely sep a ra te  and can run  in parallel. The 

robot can create  a policy for its next goal while moving tow ard the  first one. Xote 

th a t this does not presuppose th a t the current goal will be reached, since a PO M D P 

policy does not assume any  particu lar s ta rtin g  s ta te . The policy execution module 

could easily take policies from a queue th a t is filled by the p lanner. T he policy 

executor could determ ine when to  take the next policy from th e  queue sim ply by 

com paring th e  current m ost likely s ta te  w ith th e  goal s ta te  for the  curren t policy. 

This m echanism  was not im plem ented, but is a stra ightforw ard  ex tension  of the  robot 

control architecture.
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7.2 .4  F inding N ew  A ctio n s

Every tim e the  PO M D P p lanner is invoked, it queries the  action  lib rary  to  determ ine  

if all o f the  actions are s tab le . T he  s tab ility  m easure for each action  is th e  tim e 

discounted average reward T 2' th a t  the  action  has received, defined by the  following:

where 0 <  a  <  1 is a w eighting factor. If all o f the fictions are  stab le. (r n < pVa.  

w here p  is th e  stab ility  th resho ld) th e  PO M D P planner searches for tran sitio n s  th a t 

are not associated with any ac tio n  and  creates a new action to  learn those transitions. 

T he p lanner creates a tran s itio n  m atrix  and  initializes the  tran s itio n  probabilities by 

averaging the  to ta l num ber o f uncovered transitions tha t orig inate  in each s ta te . For 

instance, if s ta te  s has th ree tran sitio n s  to o ther states th a t  are not associated  w ith 

any action , then the row in th e  new transition  m atrix  corresponding to  s will have 

three entries of .33 and the  rem aining entries will be zero. T he planner adds the  

tran sitio n  m atrix  to the P O M D P  m odel and  instructs the  action  lib rary  to  c reate  a 

new learned action.

From  the conditional s ta te  tran sitio n  probabilities in th e  PO M D P m odel, th e  set 

of s ta tes  <Ssa th a t are reachable from s ta te  s given action a is defined as

This is sim ply the set of s ta te s  th a t  can be reached by following the edges leading 

from s ta te  s' in the  directed g rap h  th a t represents the underly ing M DP. T he primary  

transition for action a in s ta te  s is given by

r t l =  a r t-1  +  (1 -  a ) r t (7.3)

/  e  S sa <=> P r {s'ls.a)  >  OV.s' e  S . (7.4)

s sa =  argm ax (P r (s'  | s .«)) (7.5)

and th e  set of non-primary transit ions  is given by

(7.6)
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Action S ta te A B C D

0

A 0.2 0.8 0.0 0.0
B 0.0 0.0 0.7 0.3
C 0.3 0.7 0.0 0.0
D 0.0 0.0 0.35 0.65

1

A 0.0 0.51 0.49 0.0
B 0.5 0.25 0.0 0.25
C 0.35 0.45 0.0 0.2
D 0.0 0.0 1.0 0.0

Table 7.1: Exam ple tran s itio n  probability  m atrices.

A ction S ta te A B C D Action S ta te A B C D
A * A '-K

0 B *
0 B *

C * C *

D * D *

A * A *

1 B *
1 B * *

C * C * *

D * D

(a) P rim ary  T ransitions (b) X on-prim ary T ransitions

Table 7.2: P rim ary  ancl non-prim ary  tran sitio n s  for the  exam ple tran s itio n  m atrices.

Table 7.1 shows the  transition  p robab ility  m atrices for a four s ta te  exam ple prob­

lem w ith  two actions: 0 and 1. W hen  tak ing  action 0 in s ta te  A. th e  m ost likely 

nex t s ta te  is B. T he en try  of 0.8 in th e  first row of the  tab le  represents th e  p rim ary  

tran s itio n  for action 0 in s ta te  A. T h e  probability  of a tran sitio n  from A to  A is also 

non-zero, and  this is a non-prim ary tran sitio n .

Table 7.2 shows all of the p rim ary  and  non-prim ary transitions for th e  exam ple 

tra n s itio n  m atrices in Table 7.1. X on-prim ary  transitions m ay indicate th e  existence 

o f a  learn-able action. If there is a  non-p rim ary  transition  (s. a. s') for tak in g  action 

a in s ta te  .s th a t is not the p rim ary  tran s itio n  for some o ther action  a' in s. then 

(.s. a. s') is an  uncovered non-prim ary  tran sitio n . The occurrence of such a  tran sitio n
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in the  P O M D P  m odel ind icates th a t  the s ta te  tran s itio n  is possible, a n d  therefore, 

an  action  can  be c rea ted  to  perform  th a t tran sitio n .

Uncovered non-prim ary  tran sitio n s  may occur du rin g  action  learning o r in norm al 

operation . W hen  a  new action  begins to  be learned, it sends random  contro l sig­

nals to  th e  effectors, possibly causing uncovered non-prim ary  s ta te  tran sitio n s . The 

belief s ta te  m ain tenance  m odule upda tes  th e  P O M D P  m odel to  reflect th e  observed 

transitions: so the  P O M D P  m odel will con tain  tran s itio n s  th a t are not th e  prim ary  

tran sitio n  for any action . Uncovered non-prim arv tran s itio n s  can also occur in norm al 

operation . For instance, if there  are  three actions available in a  given s ta te  s . and  at 

least one ac tio n  has four non-zero transitions, th en  th e re  is guaran teed  to  be a t least 

one uncovered non-prim ary  s ta te  transition  from s ta te  s.

R andom  contro l signals are  acceptable in a s im ula ted  environm ent, b u t could be 

dangerous on a real robo t. To deal w ith this, a new m odule should be added  to 

the  action  level th a t  m onitors the  control signals sent to  the  effectors an d  overrides 

any signals th a t  it deem s dangerous. The new m odule is unlikely to  affect learning, 

o ther th a n  to  prevent the  learning of dangerous effector settings. This ex tension  to 

the  a rch itec tu re  was not im plem ented in th is work, since all o f the  experim ents were 

conducted in a  s im ulated  environm ent.

For each non-p rim ary  tran s itio n  s' £  S*a. there  m ay be some o ther action  ci' for 

which the  p rim ary  tran s itio n  Spa' =  s'. In th is  case, it is not necessary to  learn  a new 

action to  cover the  tran s itio n  to  s' because it is a lready  covered by a n o th e r action. 

All covered actions are rem oved from «S*“ by

S*ua = S * a - s ? W e A . s e S  (7.7)

leaving only  tran s itio n s  for which there  is no action.

Table 7.3 shows the  uncovered non-prim ary  tran s itio n s  for the  exam ple transition  

m atrices in T able 7.1. T h is tab le  represents tran s itio n s  th a t have occurred  in the 

system , b u t for which th e re  is no associated  action . A new action  can be in s tan tia ted
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Action S ta te A B C D
A *

9 B *

C * *

D

Table 7.3: C om bined uncovered non-prim ary transitions.

to  learn a t least som e of these transitions. T he  new action is given the label 2 an d  

is added  to  the  action  library. Table 7.3 is used to  generate  a  transition  probab ility  

m atrix  for action  2 and  the  m atrix  is added  to  the  PO M D P m odel.

Suppose an  action  is c reated  to perform  all of the uncovered non-prim ary s ta te  

transitions. T h e  action  m ay be required to  do som ething very different in s ta te  .so 

th an  it is required  to  do in .sq. If the sensory inform ation provided to  the action  is 

adequate  to  d iscrim inate  betw een .s0 and  .sq. then  there  m ay not be a problem , b u t 

what happens w hen the  action  cannot d iscrim inate  between the  two sta tes?  As long 

as the  robo t visits one of the  s ta tes  m ore often th an  the  o ther, th en  there is still no 

problem  because th is will provide a bias tow ards the  most visited  s ta te .

T he action  tries to  m axim ize the rew ard th a t it receives from the  belief s ta te  

m aintenance m odule. If it visits m ore often th an  .sq. then  it will receive a higher 

re tu rn  for learning to  perform  the  action for .s0 correctly  and  will learn the one action  

th a t gives the  highest long term  reward. Since the PO M D P m odel is updated  w ith  

every tran s itio n , eventually it will catch up to  w hat the  action  is actually  doing in .sq. 

and th e  belief s ta te  m aintenance m odule will no longer give a  negative reward w hen 

it does th e  sam e th ing  in Si th a t it does in .s0- T his argum ent holds for any num ber 

of indistinguishable sta tes.

Xote th a t th is leaves a non-prim ary transition  from Si th a t  still has no action . 

The next tim e the  PO M D P planner is run . th a t transition  will be assigned to  an o th er 

action w hich m ay or m ay not make it a p rim ary  transition .
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One caveat is th a t  th e  prim ary tra n s itio n  for an action in the  PO M D P m odel 

m ust not be allowed to  change while th e  new action  has not converged to  a s tab le  

policy. In general, th e  PO M D P m odel can  only be updated  w hen the  low level actions 

are stable. For som e period  after an  ac tion  is created , it m ay not cause its p rim ary  

transition  to  occur. If the  transition  p robab ilities are up d a ted  as usual, it is possible 

for the  prim ary  tran s itio n  to  change to  one th a t  is more likely to occur when th e  

effector settings are random . For th is  reason, an  update  to  th e  PO M D P m odel is 

ignored if it would cause th e  prim ary  tra n s itio n  for an action to  change.
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Chapter 8 

Experiments and Results

This ch ap te r describes th e  four experim ents th a t  w ere perform ed using the  ro b o t con­

trol a rch itec tu re  in the K hepera  dom ain . E xperim en t 1 showed th a t hand coded ac­

tions could  be replaced by learned  actions using th e  tran s itio n  probabilities th a t  were 

found using hand  coded actions. T h e  hypothesis o f th is  experim ent was th a t  learned 

actions would perform  at least as well as. or b e t te r  th an , the hand coded actions 

under norm al operating  conditions. E xperim ent 2 te sted  th e  hypothesis th a t learned 

actions would be more reliable th a n  hand coded ac tions in the  presence of sim ulated  

sensor an d  effector failure. E xperim ent 3 tested  th e  generalization of learned actions. 

T he hypothesis was th a t learned actions would in itia lly  perform  poorly in novel sit­

uations. bu t would eventually  perfo rm  b e tte r th a n  hand  coded actions. Experim ent 

4 te sted  the  ability  of th e  a rch itec tu re  to  c rea te  new actions w ith no pre-existing 

tran sitio n  probabilities. T h e  hypothesis was th a t  add ing  a new action w ould, after 

learning, result in improved perform ance.

8 .1  S im u la tio n

This research relies on sim ula tion  of the  ro b o t an d  its environm ent. T he use of 

sim ulation  in robotics research is som ew hat con troversial. Sim ulation provides an 

a lte rn a tiv e  to  th e  m echanical problem s, high costs  an d  long tu rnaround  tim es as­

sociated w ith  currently  available ro b o t technology. S im ulators historical!}' have not
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represented the real world w ith  a  sufficient degree of accuracy to  allow lessons learned 

from sim ulation to  be used reliably on a  hardw are robot. However, sim ulators are be­

com ing increasingly detailed  and  sophisticated . W ith  increases in com puting power, 

it is now feasible to  build sim ulators th a t attem pt, to  accurately  m odel robotic sensors, 

effectors, and the environm ent.

Some researchers have dem onstrated  th e  ab ility  to  test theories on a  sim ulator and  

th en  transfer the results to  hardw are. Feiten et al. (1994) describes a sim ulator used 

to  develop control algorithm s for a real ro b o t. T hey  validate th e ir algorithm s in th e  

real world using an  au tonom ous mobile ro b o t. T hey  found th a t algorithm s developed 

in th e  sim ulation environm ent could be p o rted  to  th e  real robot w ith relative ease. 

T hey  divide the sim ulator in to  three levels:

1. T he planner level contains the ac tion  and  m otion planning algorithm s.

2. T he pilot level deals w ith  the com m ands given by the p lanner level and interfaces 

w ith  the servo level.

3. T he servo level perform s low level control of the robot servos and runs the  

sensors.

T hey  specify the desired features of a  sim ulation  environm ent a t each level. At the  

servo level, they use different sensor sim ulation  techniques depending on the current 

s tage of developm ent in th e  higher level control algorithm s. T here  is a trade off 

betw een accuracy and  speed of sim ulation: so they  sacrifice som e accuracy early in 

the  developm ent phase in order to get th e  control system  working and then use a 

m ore accurate  low level sim ulation for fine tun ing . They claim  th a t their sim ulation 

a rch itec tu re  is general enough to  be used for a wide variety of autonom ous robots.

M ahadevan and  Connell (1992) use reinforcem ent learning for au tom atic  program ­

m ing of action based robots. They use a  sim ula to r for in itial tra in ing  and then test 

the  resulting  system  on a physical robot. T hey  find th a t the  tim e required for devel-

179

R e p ro d u c e d  with perm iss ion  of th e  copyright ow ner.  F u r th e r  reproduction  prohibited without perm iss ion .



oping software using th e  sim ulato r is much lower th a n  th e  tim e required when using 

a real robot, because of hardw are failures and  o ther problem s associated with hard­

ware robots. T hey find th a t only m inor ad justm ents a re  necessary to  transfer from 

sim ulation to  hardw are environm ents and . overall, developm ent is accelerated.

Dorigo and  C olom betti (1994) showed th a t reactive actions could successfully 

be learned using a sim ulator and  th en  transferred  to  a  physical robot. They use 

two small moving ro b o ts—A utonoM ouse II and  A utonoM ouse IV. These robots have 

two effectors: m otors which drive wheels or tracks. A utonoM ouse II has six light 

sensors, and  a  m icrophone for sensors. A utonoM ouse IV has two light sensors, a 

sonar, and two "whiskers." These robo ts are relatively sim ple to  simulate. They did 

not a ttem pt to  sim ulate noise in the  sensors and ac tu a to rs , bu t were still able to 

achieve good results when transferring  the  system  from  sim ulation to the real robot 

and  only m inor m odifications to  the  system  were required.

There are several m ajo r reasons to  consider sim ulation  as an  alternative to build­

ing a hardw are robot. One reason is th a t the  expense o f purchasing and m aintaining 

a hardw are robot can be avoided or a t least delayed by using sim ulation during the 

initial development of the  control a rchitecture . A no ther reason to  use simulation is 

th a t sim ulated robots are not susceptible to  physical dam age from collisions, vibra­

tion . and o ther environm ental dangers. A nother m ajor advantage of simulation is the 

am ount of control th a t the  investigator has over the  conditions of the  experiment. 

T he sim ulator can be put into th e  sam e initial s ta te  for repeated  experim entation 

w ith  more accuracy th an  is possible when a hardw are robot is used. This higher 

level of control over the  experim ent can lead to higher confidence in the results of 

arch itectural com parisons.

The K hepera robot sim ulator was selected for these experim ents. Khepera is a 

sm all (55mm diam eter), m odular robo t. T he basic system  has two drive wheels, one 

on each side, th a t can be controlled independently, providing the ability to control
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Figure 8.1: A rrangem ent of K hepera in frared  sensors.

speed and  d irec tion  of the  robo t. K hepera has a  sm all processor and eight infrared 

tra n sm itte r/re ce iv e r pairs a rran g ed  as shown in F igure 8.1. It also has pulse encoders 

on th e  wheels, b u t th ey  are not used in th is work. O th e r com ponents can  be added, 

such as a gripper or CCD  cam era. T he low num ber of sensors allows fast sim ulation 

and  reduces th a t am ount of inform ation  which m ust be processed by th e  controller. 

However, it also lim its the  ab ility  of the  robot to  m ake su b tle  d istinctions in its 

environm ent. This could lead to  difficulty in the robo t know ing where it is.

T he K hepera robo t is sim ple enough to be ad eq u a te ly  modeled in a  sim ula­

to r (Michel 1995). T he  sim ulato r is a d iscrete tim e sim u la to r an d  can run  in real-tim e 

or m uch faster th a n  real tim e. T h e  user-supplied robo t con tro ller is called by th e  sim­

u la to r a t each tim e tick. The sensor m odel includes s to ch as tic  m odeling of noise and  

responds sim ilarly  to  the  real sensors. T he sim ulation  environm ent includes some 

stochastic  m odeling of wheel slippage and  acceleration.

T he user w rites a  set of subrou tines th a t conform  to  a  sim ple program m ing in ter­

face. T he  subrou tines are  used by the  sim ulator to  in itialize, run  and shu tdow n the 

user control code. T he sim ulator provides routines th a t allow  th e  controller to  query 

sensors and  control effectors.

T he user can create , save an d  restore a  sim ulated  environm ent w ith  obstacles. 

However, th e  sim ula to r does not include any settings to  sim ulate  failures. Hooks 

were added into th e  sim ulator to  allow sim ulated sensor an d  effector failures. T he 

sim u la to r was chosen for several reasons.
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Figure 8.2: Environm ent and  s ta te  space for the experim ents.

E x e c u t io n  sp e e d : Reinforcem ent learning m ay take m any trials to  learn  a low level 

action . For instance, learning the  actions for Experim ent 1 w ould require more 

th a n  two hours of real-tim e opera tion . H igher execution speed in the  simulator 

m eans th a t the  experim ents can be com pleted  in under five m inutes.

S to c h a s t ic  s im u la t io n :  In the  physical world, there  is always som e uncertainty, 

and stochastic sim ulation helps to  m odel this uncertainty. Also, the  prevailing 

view in the lite ra tu re  is th a t som e random ness is desirable for reinforcement 

and  PO M D P learning, because it resu lts in b e tte r generalization. Stochastic 

sim ulation is im portan t to  m odel th e  robot in its environm ent m ore accurately 

th a n  w ith  determ inistic  sim ulation.

L e v e l o f  d e ta i l :  The sim ulator provides the  sam e type  of sensor d a ta  and  effector 

control as would be available 011 a real robo t, while expending as little  compu­

ta tio n a l resources as possible. If th e  sim ulato r does not accura te ly  reflect the 

physical world, then  there  is no gu aran tee  th a t any agent a rch itec tu re  developed 

in sim ulation will be useful in the  real world.
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8.2  C r e a tin g  th e  P O M D P  M o d e l

For these tests, a  sm all navigation area  was created  and divided into 16 positions. 

T hen the  robo t's  o rien ta tio n  was discretized into the  four com pass directions, resulting 

in 64 possible s ta te s  for th e  robot. T he resu lting  environm ent and  s ta te  space is shown 

in Figure 8.2. For belief s ta te  m aintenance, sensor inform ation was pre-processed and 

reduced to  four b its  by com bining the  sensors in pairs and se ttin g  a  threshold on the 

com bined sensor values. This resulted in 16 observations for th e  PO M D P model. 

These measures kept th e  s ta te  space size sm all so th a t exact so lu tions could be found 

for the PO M D P policy. However, even w ith  th is  simple s ta te  space, generating a 

policy required several days of com putation .

The action m odules received the sensor d a ta  directly, w ith no pre-processing. The 

com m ands sent to  th e  effectors by the  action  m odules consisted of th ree  com m ands 

for each of the two wheels: forward, s top , and  reverse.

The PO M D P m odel was initialized using th ree  hand coded actions. The actions 

were: go forward, tu rn  left, and tu rn  right. T he hand coded actions try  to avoid 

obstacles while perform ing their required function. W ith  the h an d  coded actions in­

stalled in the library. all s ta te  transition  and  observation probabilities in the  PO M D P 

were initialized to  zero.

Xext. the world m odel was loaded in to  the  sim ulator, and the  robo t was placed at 

a random  position an d  orien tation  w ith in  each of the  64 possible s ta te s  for 30 trials 

each. On ten of th e  tria ls , the  robot executed the  forward action. O n ten  of the trials, 

it executed the  tu rn  left action, and on th e  rem aining ten of the  tria ls , it executed the 

tu rn  right action. A t each tim e step  du ring  a tria l, the  actual s ta te  of the  robot and 

the  observation from  sensors were recorded. For each set of ten  trials , the  observed 

transitions and observations were used to  calcu late  a rough e stim ate  of the  transition 

and observation p robab ilities for th a t s ta te  in the  PO M D P m odel. T h is "seeded" the 

PO M D P transition  and  observation probabilities.
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Figure 8.3: Accuracy of th e  most likely s ta te  improves as the  robot w anders around  
in its environm ent.

A simple control policy was hand coded to  cause the robot to w ander abou t in the  

environm ent. The control policy sim ply chose an action a t random  an d  executed it 

until e ither a s ta te  tran sitio n  was observed or for 500 time steps. T hen  an o th e r action  

was chosen and executed. As the robot w andered around in its environm ent, s ta te  

transitions were noted, an d  the  PO M D P m odel was further refined. F igu re  8.3 shows 

the  improvement in belief s ta te  estim ation  as the  robot wandered in its  environm ent. 

A fter 300000 tim e steps, th e  most likely s ta te  m atched the actual s ta te  m ore th an  909c 

of the  tim e. Most of the  discrepancies were caused by the most likely s ta te  changing 

one or two tim e steps before or after the  ac tu a l s ta te  change. E arly  o r  late  changes 

in the  most likely s ta te  should  have little  effect on the perform ance o f the  PO M D P 

execution or on the  reinforcem ents sent by the  belief sta te  m ain tenance  module.

A fter this initialization, the  PO M D P model reflected the  s ta te  tran s itio n  and  

observation probabilities for the  th ree  hand coded actions. In itia liza tion  would have
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taken  approxim ately  300 m inutes on a  real robo t, but only requ ired  about 5 m inutes 

on th e  sim ulator. O nce the PO M D P m odel was initialized, a  policy could be generated  

an d  experim en tation  on learning actions could begin.

For sim plicity and  due to com p u ta tio n a l lim itations, s ta te  13 (the  robo t's  location  

in F igure 8.2) was chosen to  be th e  goal for all of the  experim ents. T he parallel 

re s tric ted  region algorithm  was used to  find a policy th a t w ould direct the  robo t 

to  s ta te  13 from any initial s ta te . T h is  is a very large P O M D P  problem, w ith 64 

s ta te s . 3 actions an d  16 observations. G enera ting  a policy required  several days of 

com puta tion . To reduce the tim e requ ired  to  generate th e  policy, a high th resho ld  

was set on the value re turned  by th e  linear program  solver. T his resulted in fewer 

vectors being included in the policy a t each ite ra tion  th an  o therw ise  would have been. 

C assandra  (1998a) proposed th is m eth o d  for speeding up P O M D P  solution, and  it 

is com m on practice  in the lite ra tu re . Using a high th resho ld  probably  resulted  in 

a  policy th a t was less than  optim al. However, the  policy was adequate to provide 

reliable perform ance. Because finding a policy required approx im ately  16 days of 

com puta tion , it was not feasible to  g en era te  m ore th an  one. T h e  policy thus ob ta ined  

was used for all o f th e  first th ree  experim ents. An add itional policy was created  for 

th e  fourth  experim ent.

8 .3  E x p er im en t 1: L ea rn in g  R e p la c e m e n t A c t io n s

T he hypotheses for the  first experim ent was th a t the  hand  coded actions could be 

replaced w ith learned actions and  th a t th e  learned actions w ould perform  equally or 

b e tte r  th a n  the  han d  coded actions.

A fter solving th e  PO M D P to  find th e  policy, the  hand coded actions were replaced 

w ith  decision tree  based reinforcem ent learning com ponents. For train ing the  RL 

actions, th e  robot was always s ta r ted  in th e  sou theast corner o f th e  environm ent and  

had  to  reach the  goal s ta te  in the  southw est corner of the  environm ent, as shown in
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Figure 8.4: The p a th  usecl for learning th e  actions.

Figure 8.4. T h is  selection of s ta rtin g  s ta te  required  th e  robot to  use all th ree actions. 

Using the  sam e task  for all trials sim plified analysis of the  results. T he new actions 

had no in itia l knowledge of what functions they  were to  perform  and learned w hat 

to  do under com plete contro l of the  P O M D P  planner. T he robot was run for 500 

tria ls  (one tr ip  from s ta r t to  goal), w ith  th e  P O M D P  planner assigning rewards to 

the  actions a t each s ta te  change. An ad d itio n a l 500 tria ls  were run w ith the  hand 

coded actions, in order to  establish a perform ance baseline.

Figure 8.5 shows th e  perform ance of th e  learned actions relative to the  hand coded 

actions. In less th a n  100 trials, the  learned actions achieved sim ilar perform ance to 

the  hand coded actions and  continued to  im prove over the  next 100 trials, while 

occasionally perform ing worse than  th e  hand  coded actions. A fter 250 trials, the 

learned actions were perform ing equal to  o r slightly  b e tte r  th an  the hand coded 

actions. T he hand  coded actions were p rogram m ed using hum an in tu ition  abou t 

w hat effector settings are  app ropria te  for a  given s itua tion . T he hum an in tu ition  

m ay result in good choices for effector se ttin g s, b u t it is very unlikely th a t the  hand 

coded approach  would result in actions th a t  behave optim ally. The learned actions.
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Figure 8.5: Perform ance of hand coded and learned actions while learning the  three 
actions.

on the  o th er hand, use reinforcem ent learning to  search for an optim al control policy. 

It is hard ly  surprising, then , th a t the  learned actions slightly ou tperform  the hand 

coded actions.

8 .4  E x p e r im e n t 2: S en sor an d  E ffector  F a ilu re

The p rim ary  expected  advantage of th e  RL actions over hand coded actions is their 

adap tab ility . Thus, it is expected th a t the system  should  perform  reliably even when 

the ro b o t's  hardw are degrades, up to  a point. T he hypothesis is th a t the  overall 

perform ance should degrade gracefully (i.e.. roughly linearly  w ith a shallow  slope) as 

sensors and  ac tu a to rs  g radually  fail.

To te st th e  hypothesis, the  sensor or a c tu a to r perform ance was degraded in a 

controlled m anner and  m easurem ents were taken  on th e  perform ance of two systems: 

one w ith  th e  learned actions and  the  other w ith  hand  coded actions. T he hand  coded
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actions provide a con tro l or baseline of perform ance to  d em onstra te  task  difficulty. 

T he learned actions from  th e  previous experim ent were used in th is experim ent.

For each tria l in an  experim ent, the  sim u la ted  sensor or a c tu a to r  perform ance 

was degraded  by a fixed am ount. For each system  configuration (learned or hand 

coded), the  sim ulated  robo t was s ta r ted  from  every position an d  o rien ta tion  in the 

environm ent and  th e  num ber of tim e steps th a t  it to o k  to  reach th e  goal was recorded. 

On some trials , the  robo t becam e wedged a n d  was unable to reach the  goal. After 

a  failure, th e  robot is re -sta rted  in the  sam e position  and o rien ta tion  to  try  again. 

Thus, for each se ttin g  of degradation, d a ta  was collected from 64 instances of the 

robot achieving the  goal.

Perform ance was assessed w ith respect to  tw o m etrics. Failures during trial counts 

the  num ber of tim es th a t the  robot was unab le  to  reach the  goal w ithin  7500 tim e 

steps over all 64 configurations in a trial: th u s , th is  is the  e stim ato r of reliability. 

Average steps to goal assesses efficiency: how long does it take to  achieve th e  goal. 

Obviously, repeated  failures in a tria l causes th is  num ber to increase considerably. 

We first consider g rad u a l sensor failure, th en  in te rm itten t effector failure.

Sensors can fail g radua lly  as b a tte ry  power is used up. when dust accum ulates on 

the  sensors, or when calib ration  is lost. To assess th e  effect of g radual sensor failure 

on system  perform ance, a scaling factor was set on all of the  sensors to  restric t their 

range. If th e  range of th e  sensors was 90% of norm al, then  the  sensors were said  to  be 

im paired by 10%. Testing  s ta r ted  w ith ail sensors fully operational (0% im pairm ent). 

For each unit (1%) im pairm ent from 0% to  100%. th e  robot was directed to  go to 

s ta te  13 from s ta te  64.

F igure 8.6 shows th e  results of th is experim ent. T he curves were pre-processed 

w ith a G aussian eleven sm ooth  (a = 4) (C ohen 1995). The hand  coded actions failed 

to reach th e  goal w ith in  7500 tim e steps on every tria l where th e  sensor degradation
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Figure 8.6: R esponse to  g radual failure of all sensors.

was g rea ter th an  219c. T he  hand  coded actions use th resho lds on th e  IR d istance  

sensors to  determ ine when th e  robo t has collided w ith a  wall and  take app ro p ria te  

action. At sensor im pairm ents above 2 l9 t. the  collision th resho ld  is never exceeded. 

The result is th a t th e  robot becom es wedged against a  wall and  does not take th e  

appropria te  steps to  becom e unw edged. For the  hand coded actions, as expected, th e  

tim e steps to  reach th e  goal is strong ly  corre la ted  w ith the  num ber of failures. D ue 

to  the th reshold  effect, the  han d  coded actions begin to  perform  poorly  w ith even 

small am ounts of sensor im pairm ent. T he  thresholds were chosen afte r careful tria l- 

and-error to  perform  well in th e  best case, w hen there was no sensor degradation . 

C hanging the  thresholds could result in b e tte r  perform ance in th e  presence of sensor 

failure, bu t a t the  cost of poorer perform ance in the best case.

The learned actions show b e tte r  reliability. The robot failed to  reach the goal 

w ithin 7500 tim e steps on only four of the  100 trials . T he tim e steps to  reach the  goal 

during a tria l increases gradually , stay ing  under 600. even w ith  sensor im pairm ent
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as high as 509c- At sensor im pairm ents g reater th an  509c. t lie sensor pre-processor 

for the  belief s ta te  m ain tenance  m odule no longer reports  all observations. This 

results in po o r belief s ta te  m ain tenance, and  consequently, poor action  selection. A 

threshold in th e  sensor pre-processor is never exceeded, and  the  only  observation th a t 

is reported to  th e  belief s ta te  m ain tenance m odule indicates th a t  no th ing  is nearby. As 

a  result, the  belief s ta te  m ain tenance m odule only has inform ation  from  the transition  

probabilities to  de term ine  th e  cu rren t belief state . Even when no observations are 

reported, th e  belief s ta te  m ain tenance m odule continues to  op era te  well enough for 

th e  robot to  reach  its goal s ta te  on 929c of the  rem aining trials, a lthough  it takes a 

great deal m ore tim e.

The hand coded actions used thresholds on the sensory inputs to  select effector 

settings a t each tim e step . T his m ethod works well in the  absence of sensor failure and 

allows the p rogram m er to  choose effector settings based on hum an in tu ition . However, 

as the sensors fail, th e  thresholds are 110 longer appropria te  and  th e  actions select 

inappropria te  effector settings. T he  learned actions sim ply ad ap t as th e  effectors fail, 

resulting in h igher reliability.

Effectors m ay p artia lly  or in te rm itten tly  fail due to  loose con tac ts, shorted  m otor 

windings, or o th e r  causes. To assess the  effect of in term itten t p a rtia l effector failure, 

a subroutine th a t  generated  th e  control signal for the  right m otor was modified to 

reduce the  value of th e  com m and signal by a fixed am ount w ith  a 509c probability. 

For example, a lth o u g h  th e  robo t control system  issued a com m and for the  m otor to 

run  a t a speed of -5. th e  failure sim ulation  routine m ay actua lly  send a -3 com m and 

to  the right m otor. If th e  com m and signal was negative, then  2 was added: if the 

signal was positive, th en  —2 was added. Mild failures were sim ulated  w ith  ± 2  and 

severe failures w ith  ± 4  added  to  th e  right m otor com m and signal.

The response of b o th  hand  coded and  learned actions to  mild and  severe effector 

failures was te s ted  for th e  sam e P O M D P  policy used in the  previous experim ents.

190

R e p ro d u c e d  with p erm iss ion  of th e  copyright ow ner.  F u r the r  reproduction  prohibited without perm iss ion .



8000 i • i

7000 - ; -

6000 

J  5000 . :

Hand Coded Mild Failure
Hand Coded Severe Failure -----

Learned Mild Failure 
Learned Severe Failure -

§- 4000 -  • -
CS5

.1 3000 -

2000 i -

1000 - -

0 i _ i _  i

0 5 10 15 20
Trial

Figure 8.7: R esponse to  in term itten t failure of an effector.

For each test, one trial was ru n  w ith  all sensors and effectors opera tional to  establish 

a baseline and  then 20 more tria ls  were run while sim ulating an in te rm itten t failure 

in th e  right m otor.

F igure 8.7 shows the resu lts of th is experim ent on the  average steps to goal perfor­

m ance m etric. B oth hand coded and  learned actions perform ed very well w ith mild 

failure: the  perform ance for b o th  types of behaviors was only slightly  degraded in 

th e  presence of in term itten t effector failure. In the presence of severe effector failure, 

th e  learned actions quickly ad ap ted  to  the  failing effector, and reached the goal on 

all trials. T he hand coded actions d id  not adap t to the  effector failure, and failed to 

reach the goal on any of the  20 tria ls  w ith severe failure.

W hen th e  robot becam e wedged against a wall, the hand coded actions use a 

"reverse and  tu rn ” stra tegy  for ge tting  unwedged. W hen a wedged situa tion  was 

detected , the  action sets a tim er and  sets the effectors to  move away from the wall. 

T he effector settings are not changed for a fixed num ber of tim e steps determ ined by
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the  tim er. W hen th e  tim er runs o u t. th e  effectors a re  set to  tu rn  to  robot away from 

the  wall for one tim e step , and  th en  norm al o p e ra tio n  is resum ed. This approach 

was sufficient to  provide reliable opera tion  w hen effectors were working perfectly  or 

w ith  m ild effector failure. However, w ith  severe failure, th is s tra teg y  no longer worked 

because the  robot was unable to  move far enough aw ay from th e  wall a n d /o r  to  change 

its heading sufficiently when a ttem p tin g  to  get unweclged. T he  learned actions did 

not have a fixed s tra teg y  for dealing w ith this s itu a tio n  and  could search for a b e tte r 

s tra teg y  when the  cu rren t one 110 longer worked. T hus, on th e  first five tria ls  w ith 

severe failure, the  learned  actions were ad ap tin g  to  th e  new effector response. After 

ab o u t five trials, the  actions had ad ap ted  and  perform ed well considering th e  reduced 

reliability  of the  effectors.

8 .5  E x p e r im e n t 3: G e n e r a liz a tio n

T he robot followed th e  sam e p a th  011 each tria l w hen learning th e  actions. T he  pa th  

took  the  robot to  only  16 of the  64 s ta tes  in the  environm ent, and  th e  pa th  had  more 

left tu rn s  than  right tu rn s . It would be reasonable to  expect th a t the  learned actions 

will perform  well for th e  s ta tes  th a t they  have been  tra ined  011 and  th a t th ey  will 

perform  not as well in novel s itua tions, but to  w hat degree? T h e  next experim ent 

was conducted in o rder to  determ ine how well th e  robo t could generalize and  w hether 

it could continue to  im prove perform ance by learn ing  from experience.

A random  position  and  o rien ta tion  was chosen w ithin  each of the  64 s ta tes , one 

a t a  tim e, and the  robo t was required to  nav igate  to  th e  goal twice from th a t initial 

position. For each new  s ta r t ,  the  tim e steps to  th e  goal were recorded for one trial 

of each version of th e  robot: learned and  hand coded actions. T his was repeated  for 

2000 trials. 1000 per version.

F igure 8.8 is a p lo t of the  relative perform ance of learned vs. hand coded actions. 

T he plot shows the tim e  taken  for th e  hand coded  actions m inus th e  tim e taken  for
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Figure 8.8: Difference between learned actions and hand coded actions in tim e taken 
to  reach the  goal.

Table 8.1: N um ber o f tim es the robot failed to  reach the  goal w ithin 7500 tim e steps.

A ction
T ype

Trials
1-250 251-500 501-750 751-1000

Learned 1 0 0 0
Hand C oded 5 4 3 6

learned actions to reach th e  goal over 1000 trials. The plot is show n w ith  an 11 

G aussian  sm ooth  (cr =  7) and a 99 G aussian  sm ooth (a  =  65). O ver th e  first 200 

tria ls , th e  learned actions did not perform  as well as the  hand coded actions, but 

perform ance was im proving. For trials  200 to  600. perform ance was roughly  equal for 

b o th  sets of actions. A fter about 600 tria ls , the  learned actions were tak in g  slightly 

less tim e to  reach th e  goal, on average. For trials 500 through 1000. th e  s tandard  

dev iation  for learned actions was 357.7 and  for the  hand coded actions it was 544.8. 

ind ica ting  th a t the  tim e  required for th e  hand  coded actions to  reach th e  goal was 

less consistent th an  for th e  learned actions.
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Figure 8.9: T he location in the  environm ent w here the robot most often  becam e 
wedged during  the generalization tests.

F igure 8.8 does not tell the whole story. In som e trials, the robo t was unable to 

reach the  goal w ithin 7500 tim e steps. T his occurred  in a few of th e  trials  where 

the  robo t becam e wedged against a wall, b u t d id  not detect a  wedged situa tion  

due to  th e  relatively coarse thresholding of th e  sensor inform ation perform ed by the 

hand  coded actions and  the sparse sensor coverage of the K hepera robo t. T he most 

com m on location for this failure to  occur is show n in Figure 8.9. At th is  location 

in th e  environm ent, the  sensor coverage of K hepera  is inadequate to d e tec t the  wall. 

R educing the  probability of this failure resu lted  in additional code com plexity  in the 

hand  coded actions and required careful se ttin g  of th e  sensor thresholds. Xo am ount 

of im provem ent to the hand coded actions w ould com pletely erad icate  th is problem , 

because there  are some situa tions where th e  robo t is wedged, but the  sensors do not 

de tec t a  wall. The hand coded actions th a t were used represent a  trade-off between 

code com plexity, general perform ance, and  th e  p robability  of the  robo t becoming 

wedged. W hen this occurred, the  tria l was h a lted  and  re-started. T h e  failures are 

not reflected in Figure 8.8. So. Table 8.1 shows th e  num ber of failures th a t  occurred
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for learned and  hand coded actions broken into four intervals. T he learned actions 

failed to  carry  the  robot to  the  goal only once w ithin the  first 250 trials, and then  

ad ap ted  to  provide higher reliability. T he hand coded actions could not adap t, and  

so th e ir perform ance did not improve.

N ote th a t the  learned actions found a  way to  deal w ith  the  s itua tion  where the  

robot was wedged but the sensory inform ation did not ind ica te  any wall, and thus 

overcame w hat appears to  be a design lim itation in the  K hepera  robot. The tim er 

m echanism  in th e  PO M D P belief s ta te  m aintenance m odule is responsible for th is 

ad ap ta tio n . W hen the  robot becomes wedged and the  sensors do not indicate any 

obstacles, the  low level action continues to  try  to  move forw ard. However, the robot 

cannot move forward, and no s ta te  transition  is detected by  the  belief s ta te  m ainte­

nance module. T he tim er runs out and  the  action is given a  negative reward. A fter 

receiving several negative rewards, the action adjusts its policy and  sends a different 

set of com m ands to  the  effectors, freeing the robot from its  wedged position, and  

leaving the action w ith a policy th a t is appropria te  for unwedging. bu t not for gen­

eral use. This is not a problem , since the  action can a d a p t once again  to resume 

its former function. O f course, the  next tim e the action is used, it m ay choose the 

inappropria te  effector settings. If so. then  it will receive negative rew ards until it 

re-learns its norm al operation. Thus, the  system  is able to  tra d e  off some efficiency 

in order to improve reliability.

8 .6  E x p er im en t 4: L earn in g  a N e w  A c tio n

This experim ent tests  the  hypothesis th a t the  system  can g en era te  a new action and  

use it to  improve perform ance. T he algorithm  for finding uncovered non-prim ary tra n ­

sitions was im plem ented and added to  the PO M D P p lanner m odule. T he PO M D P 

m odel and behavior library generated  in the  previous experim ent were loaded into 

the  sim ulator and  the  planner was instructed  to  create a new  action. T he planner
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found the  set of uncovered non-prim ary tran sitio n s , c rea ted  a  corresponding tran s i­

tio n  m a trix  for th e  new action, and  in s tru c ted  th e  behavior library  to  create a  new 

decision tree  based learned action. T rain ing  was perform ed, using the  sam e goal s ta te  

as was used in th e  previous experim ents, and  th e  perform ance of the  system  w ith th e  

new  action  was com pared  to  the perform ance of the  system  before th e  new action  

was added.

T able 8.2 shows th e  uncovered non-prim ary  tran sitio n s  th a t were found by th e  

p lanner. T he  tab le  shows considerable regularity , ind icating  th a t some of the  tra n ­

sitions are valid from  several states. Inspection of the  tab le , w ith knowledge of th e  

s ta te  m apping, reveals th a t there are prim arily  th ree types o f tran sitio n  represented. 

For convenience, these transitions are  given th e  following nam es:

r o u n d  t h e  c o r n e r :  the  robot turns while m oving forward.

e d g e  o v e r : th e  robo t moves diagonally from th e  current s ta te  to  the  s ta te  on its left 

o r right, and

b a c k u p :  the  robo t moves backwards to the  s ta te  behind it.

W hen the  new action  begins to learn, it m ay learn to  round  the  corner from som e 

s ta te s  while backing up in others. T he tran sitio n  th a t is learned in one s ta te  does not 

effect th e  tran s itio n  learned in another s ta te  unless the two s ta te s  are indistinguishable 

based on the sensory inform ation available to  the  action m odule. If the  sta tes  a re  

indistinguishable, then  they  will learn the  sam e action. T h e  p lanner identifies som e 

uncovered tran sitio n s , and  the  new action m ay im plem ent an  am algam ation  of these 

uncovered tran sitio n s . Exactly  which tran s itio n  will be chosen for each sta te  cannot 

be predicted , because it depends on w hat s ta te s  are visited most often  when th e  

policy is executed. W hen th is action has learned a set of transitions, there will be 

som e rem aining uncovered transitions and  an o th er action can  be created  to  cover 

them . Since th e  environm ent imposes physical lim itations on the  num ber of s ta te
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T able 8.2: U ncovered non-prim ary transitions th a t  were used to  create the  new  action . 
T h e  num bers along th e  left side of the  tab le  show th e  cu rren t s ta te , while th e  num bers 
a long th e  to p  of th e  tab le  show th e  next s ta te . A sterisks deno te  the uncovered non­
p rim ary  transitions.
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Figure 8.10: Perform ance w ith  the  new action.

transitions, there  is a corresponding lim it to  the  num ber of useful actions th a t can 

be created. As m ore actions are added to  th e  system , the  num ber of uncovered sta te  

transitions will decline, and  eventually all possible actions will be learned.

A fter creating  the  new action, the  P O M D P  planner was instructed  to  generate a 

policy to  take the  robot to  s ta te  13 from  anyw here in th e  environm ent. Inspection 

of th e  policy revealed th a t it favored the  new action  in belief s ta tes  th a t were on 

the  borderline between s ta te  17 and s ta te  2. T he new action would also be selected 

in belief s ta tes  th a t bordered s ta te  2 and  s ta te  7. T he new policy was loaded into 

the  policy execution module and used to  tra in  the  new action. F igure 8.10 shows 

the  perform ance of the  robot while learning th e  new action w ith the  new policy 

com pared to  th e  perform ance when executing  the  th ree previously learned actions 

using the previous policy. T he new action  in itially  resulted  in reduced perform ance, 

but a fte r ab o u t 350 trials, perform ance is slightly  b e tte r  th a n  the system  w ithout the 

new action. For the  final 150 trials, th e  th ree  action  system  took an  average of 359
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Figure 8.11: The s ta te  assignm ents in the  P O M D P  model. T h e  environm ent was 
divided into sixteen locations w ith four o rien ta tions w ithin each location, for a to ta l 
of 64 s ta tes . S ta te  1 indicates th a t the robot is in the N orthw est corner of the  
environm ent and is facing N orth .

tim e steps to  reach th e  goal, while the th ree action  system  took  an  average of 400 

tim e steps to  reach th e  goal.

A fter train ing  was com pleted, the robot was observed w ith th e  sim ulator in single 

step  m ode for several trials. T he observations revealed th a t th e  robot had learned to  

round the  corner going from s ta te  17 to s ta te  2 and  from s ta te  2 to  s ta te  6. Figure 8.11 

shows the  s ta te  assignm ents in PO M D P model. W ithou t the  new action, the robot 

had to  use the tu rn  left action  followed by the  go forward action  to  transition  from 

s ta te  17 to  s ta te  18 an d  then  to  s ta te  2. Likewise w ith sta tes  2. 3. and  6. The new 

action provided a m ore efficient way to traverse th e  path , by going direct!}' from s ta te  

17 to s ta te  2 and th en  from  s ta te  2 to s ta te  6. T h e  transitions th a t were learned by 

the  new action are show n in Table 8.3. T he tran sitio n s  from s ta te  17 to  s ta te  2 and  

from s ta te  2 to  s ta te  6 a re  represented as p rim ary  transitions in th is  table.

Figure 8.12 shows th e  tra jecto ries followed by the  robot for th ree  trials. The first 

tria l used hand coded actions, while the o ther two trials used th ree  and  four learned
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Table 8.3: Primary transitions for the new action after learning.
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Hand Coded
Three Learned Actions
Four Learned Actions

Figure 8.12: T he paths followed by th e  robot w ith hand  coded actions, three learned 
actions, an d  four learned actions.

actions, respectively. T he learned actions were the ones th a t resulted from learning 

in the  previous experim ents. T h e  tra jec to ry  when using hand  coded actions exhibits 

three sh arp  tu rns and shows th a t th e  hand coded actions do not provide a sm ooth 

trajectory . On the  first and last segm ents of the p a th , th e  hand coded actions do not 

m ain tain  an  even distance from  th e  walls, and seem to  over-steer slightly. The learned 

actions provide a sm ooth tra je c to ry  and  tend  to  m ain ta in  a  more even distance from 

the walls.

T he learned actions move in a m arkedly rectilinear fashion com pared w ith the 

hand coded actions, and th is appears  to  be less efficient in some p arts  of the envi­

ronm ent. This may be due to  th e  n a tu re  of the  environm ent and the  fact th a t the 

learned actions try  to m axim ize th e  average reward. T he  hand coded actions come 

very close to  the  wall in th ree  places w here there is a high probability  th a t the robot 

will becom e wedged but where the  sensors will not de tec t a wedged situation . The 

learned actions tend to  avoid com ing close to  the  wall in situations where the robot 

can becom e wedged. A lthough it appears  th a t the  learned actions could take a more
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efficient p a th , the  p a th  th a t they  choose reduces the  chance of getting  wedged and  

results in higher average rew ard. Thus, th e  learned actions are more successful a t 

avoiding obstacles in th is  environm ent. This m ay help to explain Table 8.1. which 

shows th a t th e  robot is less likely to  become wedged when using learned actions th an  

w ith hand coded actions on the  generalization experim ents.

8 .7  C o n c lu s io n s  A b o u t th e  E x p er im en ts

T he experim ents in th is  chap ter highlight th e  im portance of continually learning 

low level actions for providing reliable, adap tive  locomotion. T he following sections 

sum m arize th e  findings from the  experim ents.

8.7 .1  R ep lacin g  A ction s

T he hand coded actions were im plem ented in 76 lines of C + +  code. T he left and 

right tu rn  actions were only 16 lines each, while the  move forward action required 44 

lines. The move forward action had to sense and  avoid obstacles while still moving 

forward. It was difficult to  hand-code an action  th a t could work appropria te ly  in all 

situations. W hile the  learned actions required substan tia lly  more code to  im plem ent, 

all three actions used exactly  the  sam e code, and  each action required on the order 

of 4 Kilobytes of sto rage for the  value function. More actions, such as moving back­

wards. could be added w ithout new program m ing and would require on the  order of 

4 Kilobytes m ore storage per action, plus som e storage for the  expanded PO M D P 

model. A lthough the hand coded actions perform ed bette r initially  in th e  learning 

experim ent, th e  learned actions quickly m atched the ir perform ance.

8.7.2  Sensor and Effector Failure

T he learned actions exhibit reliable behavior in the  presence of sensor and  effector 

degradation, com pared to  th e  hand coded actions. The learned actions were able 

to  adap t to  the  changes in sensor and effector response, in con trast to  the  hand
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codec! tictions. which sim ply failed w hen th e  effectors and sensors d id  not provide the  

inform ation as expected by the  program m er. T h is experim ent, m ore th an  any o ther, 

shows the  degree of co n trast between learned and  hand coded low level actions.

8 .7 .3  G eneralization

Learned actions were com pared to  th e  hand  coded to  factor out th e  difference in tim e 

needed to  reach the  goal. T he  hand coded actions were program m ed to  op era te  from 

any position of the  maze. Because th e  nav igation  task  did not ap p ea r to  require 

adap tab ility , the  com parison seemed fair. However, the  hand coded actions were 

b rittle . The robot, when using hand coded actions, failed to reach th e  goal on 1.89r 

of the  trials. The learned actions were much m ore reliable, failing only  one tim e in 

1000 trials. In addition , the  single observed failure in the  learned actions occurred 

w ith in  the  first 250 trials  and  did not occur again . This suggests th a t  even a  sim ple 

sim ulated  controller can be more com plex th a n  th e  program m er expects, incurring a 

perform ance cost even in a controlled case for lack of adaptability .

Using the PO M D P to  guide reinforcem ent learning of low level actions resu lted  in 

a  system  th a t was more generalizable th a n  th e  sam e system  using h an d  coded actions. 

T he  burden of im plem enting each low level action  was transferred  from  the  hum an to  

th e  machine. The hand coded actions perform ed b e tte r initially d u rin g  generalization 

testing , but after some ad ap ta tio n , th e  learned actions eventually m atched  and  su r­

passed them  in perform ance. The key to  providing high reliability a n d  generalization 

was the adap tab ility  and  continuous learning of th e  low level actions su p p o rted  by 

th e  PO M D P planner.

8 .7 .4  Learning a N ew  A ction

T he PO M D P planner was augm ented  to  discover new actions and  ad d  them  to  the  

P O M D P  model and the  action library. T he new action was learned  on-line in the  

sam e way th a t the  original three actions were learned. The new ac tio n  resu lted  in
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m arginally  b e tte r perform ance for th e  policy th a t was being executed. T he  new action  

learned to  round the  co rner for two s ta te  transitions, and  covered th a t tran s itio n  for 

those s ta tes . The new ac tio n  was useful and  resulted in im proved perform ance.

8 .7 .5  E xecu tion  S p eed

Policy execution is very fast, and  effector com m ands are tigh tly  coupled w ith  sensor 

d a ta . F igure 7.1 showed th e  a rch itec tu re  in term s of control loops. T he tim e  taken  

to  select the  effector se ttin g s  in the  short term  loop is 0 {log .V +  |.A|) w here N  is the  

num ber of nodes in the  in th e  decision tree. For these experim ents .V % 200. bu t th is  

num ber is dom ain dependen t. T he  tim e taken to  select an  action in the  m edium  term  

loop is 0 ( |V | x |,S|). For these experim ents. |V| ~  100 an d  |«S| =  64. T hese num bers 

are  also dom ain dependent. For the  K hepera robot environm ent, policy execu tion  was 

fast enough th a t the  s im u la to r could be run a t more th an  50 tim es norm al speed. T he 

tim e required to sim ulate  th e  robot kinem atics and sensors was g reater th a n  th e  tim e 

taken  to  execute the  P O M D P /R L  controller. T he lim iting factor of th is a rch itec tu re  

is the  tim e taken to genera te  a P O M D P policy.
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Chapter 9 

Contributions, Questions, and 
Conclusion

T h e  preceding chapters describe th e  research th a t was conducted for th is d isserta tion . 

T he  decision tree based function approxim ation  approach  to  reinforcem ent learning 

presented in C hapter 4 provides reliable low level actions. T he decision tree  based 

reinforcem ent learning a lgorithm  goes beyond previous work by inducing th e  decision 

tree  on line. T he parallel algorithm  for finding exact solutions to  PO M D P problems 

is given in C hap ter 6. This a lgorithm  divides the  work am ong several processors 

to  enable th e  solution of larger PO M D P problem s th a n  previous algorithm s. The 

P O M D P  solver was used in the  p lanner to  provide goal-directed behavior. Details of 

how these two m ajor com ponents work toge ther and  enable the  robot to  learn low 

level actions are presented in C hap ter 7. T h e  results from experim ents presented 

in C h ap ter 8 show th a t the  arch itec ture  is reliable, and  th a t new actions can be 

learned. T h is chapter discusses th e  significant contribu tions of this work and  some 

of the  issues th a t it addresses. Section 9.5 presents som e of the  rem aining issues and 

gives suggestions for possible fu ture  work.
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This d isserta tion  presents three significant con tribu tions:

•  a goal-directed robot architecture  th a t:

— is ad ap tab le  and reliable, and

— can  learn  a  new action on dem and.

•  a parallel m ethod  for exact PO M D P solution, and

•  an  im proved m ethod for decision tree  function app rox im ation  in reinforcement 

learning.

The following sections describe these con tributions in m ore detail.

9.1 R o b o t  A rch itec tu re

The prim ary  con tribu tion  of this dissertation is a relicible robo t control architecture  

th a t can learn low level actions. A lthough some a tte m p ts  have been m ade to  compile 

inform ation into reactive modules or learn pre-specified actions (R ing 1994: Oga- 

sawara 1993: Koenig. G oodwin, and Sim mons 1996: Liu. Iberall. and  Beckey 1989: 

Singh 1991: Singh 1992b: Dorigo and C olom betti 1994: M ahadevan  and  Connell 1992). 

no one has yet dem onstrated  a system th a t can generate  low level actions as they  are 

discovered. T he goal of this research was to  dem onstra te  a  system  th a t can decide 

for itself w hat low level actions it can learn and th en  learn th em  autom atically .

The arch itec tu re  described in this docum ent is a two level system  w ith PO M D P 

planning a t th e  high level and  reinforcement learning for actions a t the  low level. The 

planning level m aintains a PO M D P model of the  environm ent and  generates policies 

for achieving goals by selecting appropria te  low level actions. W hen executing a 

policy, the  planning level m aintains a  belief s ta te  th a t represents the  ro b o t's  belief 

about the  s ta te  of the  world. The belief s ta te  is used to  select an  action  from the 

policy. T he belief s ta te  is also m onitored for changes in th e  most likely s ta te  and
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these changes are  used to  generate  rew ard signals for the  low level actions. T he  

design objectives for th is a rch itec tu re  from  Section 1.1 were th a t it be task -d irected , 

reactive, reliable, adap tive, generalizing, and  self extending. T he following sections 

describe how these design c rite ria  a re  m et by the  architecture .

9.1 .1  T ask-D irected

A robo t is task -d irected  if it can  be assigned an a rb itra ry  task  or goal s ta te  and  

can  work to  achieve th a t  task . In th e  case of navigation, this usually requires som e 

environm ent m odel which the ro b o t uses in planning its actions. T he key feature  is 

th a t  the  robot can  perform  plann ing  using th e  inform ation it a lready has and  does 

not need to learn the  ta sk  by tria l-and-erro r.

T h e  PO M D P p lanner can accept goals in the  form of im m ediate rew ards. T he  

hum an investigator can access th e  PO M D P  model and specify a rew ard for reaching 

a  p a rticu la r s ta te , or for taking a certa in  action  in a p a rticu la r s ta te . T he investigator 

can  even specify m ultip le  rew ards to  describe com plex m ulti-part tasks. T h e  P O M D P  

p lanner generates a  policy for m axim izing the  rewards. D uring policy execution, the  

robo t perform s task  d irected  ac tiv ity  to  reach the  goal s ta te (s). T ask-directedness can  

be inferred to  som e ex ten t from th e  results of all of the  experim ents th a t  were run  

on the  arch itec ture . In all cases, th e  robo t was given a specific goal s ta te  th a t it was 

required to reach. T he  fact th a t it did so reliably regardless of the  in itia l conditions 

implies th a t the  robo t was actively pursu ing  the  goal.

9.1 .2  R eactive

A robotic  system  is reactive if th e re  is a  tigh t coupling between sensing and  acting . 

T his suggests m inim al sensor processing, sim ple decision making, and  fast selection 

of actions or effector settings. R eactive system s may have a planning com ponent to  

generate  plans th a t are  a t a high level, leaving the  lower levels to  reactively deal w ith  

th e  details.
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T he P O M D P /R L  architecture is reactive a t b o th  levels. T he low level actions 

access raw sensor d a ta  and m ake very fast decisions to  select ap p ro p ria te  effector 

settings. T he planning level is also reactive. Sensor readings are  used to  u p d a te  the  

belief s ta te  a t each tim e step, and  th e  belief s ta te  is used to  select an action  from the  

policy. T he belief s ta te  typically changes m ore slowly th a n  th e  raw sensor d a ta . T he 

p lanning  level is reactive in the  sense th a t it can  quickly select an  ap p ro p ria te  action 

to  execute for any belief state. T he actions a re  reactive in th a t they  can quickly select 

ap p ro p ria te  effector settings according to  sensory  in p u t.

9.1 .3  R eliab le and A d ap tive

A system  is adap tive  if it can change its response to  sensory  input th rough  learning. 

R eliability  refers to  the ability of the  robot to  achieve its goals w ith  a high p robab ility  

of success. A dap tab ility  can lead to  higher reliability.

T he arch itec tu re  is adaptive a t b o th  levels. T he  low level actions a re  adap tive  

to  failure in sensors and  effectors, while th e  p lann ing  level is adaptive to  changes in 

the  actions. G radual sensor degradation  has little  effect on th e  ability of th e  actions 

to  achieve th e ir s ta te  transitions. W hen effectors fail, th e  low level actions ad ap t 

and  try  to achieve the highest rew ard possible given th e  s itua tion . T h e  P O M D P  

p lanner upda tes  s ta te  transition and  observation  probab ilities to reflect th e  actual 

probabilities. W hen failures occur, the  P O M D P  m odel changes to reflect the  new 

tran sitio n  probabilities. A daptation is a  m echanism  for providing reliable execution 

and  action generalization in th is  arch itectu re .

R eliability  m eans tha t the robo t will reach  its goal w ith  high probability . T he 

system  is considered reliable if it can perform  well even w ith  im perfect sensors, noise, 

and  uncerta in ty  ab o u t its environment. Im perfections in the  sensors include sensor 

drift and  non-linearities. Noise refers to  ran d o m  p e rtu rb a tio n s  of the sensor signals 

com ing from the  environment. T he robot m ay  be u n certa in  about its s ta te  in the
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environm ent. Reliable o p e ra tio n  is im portan t because it is no t always possible to 

control the  environm ent o r th e  quality  of sensor d a ta .

The experim ents in C h ap te r 8 showed th a t th e  a rch itec tu re  was much more reliable 

w ith learned actions th a n  w ith  hand  coded actions for the  sim ple K hepera maze 

environm ent. W hen effectors and  sensors are w orking correctly, the robot reaches 

its goal on every tria l, regardless of the s ta r tin g  s ta te . W hen sensors or effectors 

m alfunction, the  low level actions adap t to  the  new conditions and m ain tain  a very 

high degree of reliability. T h e  robot was able to  reach its goal even in the  presence 

of severe sensor and effector m alfunction. A lthough perform ance was poor in term s 

of the  tim e th a t it takes for th e  robot to  reach th e  goal, reliability  was m ain tained  or 

restored even w ith severe effector and  sensor failure.

The arch itectu re  provides reliable action execution th rough  continuous ad ap ta tio n . 

The actions receive a rew ard for every s ta te  tran sitio n  th a t is detected  by the planning 

level, and each action is an  a tte m p t to  m aximize th e  rew ard it receives. T he actions 

may select any com bination of effector settings in order to  m aximize the reward, 

and may change the ir response to  sensory inform ation if th a t inform ation becomes 

unreliable or may change the  com m ands sent to  an  effector if it becomes unreliable. 

This allows the  actions to  ad ap t to  changes in th e  environm ent such as sensor and 

effector failure, thereby increasing th e  reliability of th e  robot.

PO M D P navigation has previously been shown to  provide reliable navigation (Cas­

sandra. Kaelbling. and  K urien  1996: Simmons and  Koenig 1995) in the  absence of 

sensor and  effector failure. T h e  PO M D P model incorporates a probabilistic repre­

sentation of the  effects of actions and  observations. If observations are not available, 

the robot can use only th e  inform ation abou t actions to  m ain tain  the  belief s ta te . 

In the  case where an action  does not perform  as expected, th e  planning level sim ply 

updates the  belief s ta te  and  possibly chooses an o th e r action . The experim ents in 

C hapter 8 showed th a t P O M D P  w ith  hand coded actions could provide some degree
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of reliability in th e  presence of hardw are failure. Furtherm ore, for th e  Ivhepera maze 

environm ent, th e  com bination of PO M D P and RL provides even b e tte r  reliability 

th an  could be a tta in ed  using PO M D P planning w ith  hand  coded actions.

B oth levels of the  arch itec tu re  are reliable even w ith  loss o f sensory inform ation. 

T he action level is robust to  effector failure, and  the  planning level is robust to action 

failure. W hen com bined, they  produce a navigation  system  for the  K hepera maze 

environm ent th a t is very reliable, even in the  presence of effector and  sensor failure.

9.1 .4  G eneralizing

Learned actions can  be generalized to  perform  s ta te  transitions for s ta tes  th a t they 

have not previously encountered. In the sim plest case, the  new s ta te  is indistinguish­

able from a s ta te  th a t the action  has already been tra ined  on. In th is  case, the action 

will perform  correctly  w ithout fu rther train ing . In s ta tes  th a t a re  very different from 

any th a t the  action  has tra ined  on. there may be som e in itial loss of perform ance. 

However, when the  action is used in the new s ta te , it will eventually  learn what ef­

fector com m ands are  appropria te . This can be inferred from F igure  8.8 which shows 

th e  tim e th a t the  robot requires to  reach the  goal. E arly  in the  tr ia l, th e  actions had 

been used in only a subset of the  s ta tes  of th e  environm ent, and  had  not learned the 

appropria te  response to  all s itua tions. As the tria l progressed, th e  actions adap ted  to 

new situa tions and  the  average tim e taken to  reach th e  goal decreased. A fter about 

600 trials, the  learned actions perform ed b e tte r th a n  th e  hand coded  tictions.

9.1.5 S elf E x ten d in g

A lthough o ther system s are capable of learning low level actions, they  require th a t 

each action be explicitly  specified by the hum an investigator. M y approach  differs 

in th a t th e  system  can find po ten tia l actions and  create  them  au tom atically . The 

PO M D P p lanner exam ines the  s ta te  transition  m atrices in the  P O M D P  model and 

identifies any transitions th a t are not covered by an  existing action . These transitions
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ind icate  an action  th a t can  be learned . T he  p lanner adds a  new  action  to im plem ent 

th e  transitions th a t it discovers a n d  begins tra in ing . In th is  way. the  robot learned 

a  new  action th a t im proved efficiency. Since the  robot has m ore actions to  choose 

from , reliability may also be im proved.

9 .2  P O M D P  S o lu tio n

A nother con tribu tion  of th is  d isse rta tio n  is th e  Parallel R estric ted  Region algorithm . 

T h is  algorithm  can solve PO M D P problem s th a t  are larger th a n  those accom plished 

in th e  lite ra tu re  by d is trib u tin g  th e  w ork am ong a num ber of processors. T he PO M D P  

p lanner, based on th is algorithm , can  solve problem s in a few days th a t would require 

weeks on a single processor.

T h e  PO M D P solver th a t  was developed for th is research is one of only two existing 

exact PO M D P solvers and  is the  first to  im plem ent a para lle l algorithm . T he first 

solver, w ritten  by C assandra  (1998a). was com pleted ab o u t a  year earlier and  is used 

by m any researchers in the  PO M D P com m unity. My solver has helped to validate th e  

accuracy of the  C assandra  solver a n d  has found exact so lu tions to  larger problem s 

th a n  was previously possible.

A lthough th e  a lgorithm  can solve larger problem s th a n  previous exact solution 

m ethods, it still does not scale to  a  size th a t is useful in a  real-w orld robo t. T he 

m ost prom ising avenue for scaling P O M D P  problem s is to  use approxim ate  solutions. 

However, it is still desirable to  find exact solutions to  large problem s in order to  verify 

approxim ate solution m ethods. W ith  the  parallel PO M D P so lu tion  algorithm , it is 

now possible to  verify approx im ate  algorithm s larger set of m ore difficult PO M D P  

problem s. T hus, the  parallel P O M D P  solu tion  a lgorithm  m ay provide a benefit to  

th e  entire PO M D P com m unity  by a id ing  in th e  developm ent o f approx im ate  solution 

m ethods.
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9 .3  R e in fo r c e m e n t L earn in g

A n o th e r contribu tion  of m y d isserta tion  research is th e  a lgorithm  for reinforcem ent 

learn ing  using a decision tree  as th e  function app ro x im ato r. T his approach avoids the  

problem s of over-training an d  forgetting  th a t a re  com m on in neural network reinforce­

m ent learning systems. T h e  decision tree app roach  provides learning perform ance and  

convergence sim ilar to  tab le  lookup based reinforcem ent learning while avoiding the 

scaling problem s associated  w ith  tab le  lookup.

Som e of the  early experim ents on the a rch itec tu re  used tab le  lookup for storing 

the  value function. An augm ented  PO M D P sensor pre-processor was used to  provide 

d iscretized  s ta te  inform ation. T he decision tree  reinforcem ent learning m ethod was 

found to  perform  slightly b e tte r  th an  tab le  lookup, particu larly  in the sensor failure 

experim ents, but careful com parisons were not perform ed.

9 .4  L im ita tio n s  a n d  Q u e stio n s  for F u tu re  R esea rch

As expected , the R L /P O M D P  com bination exh ib its  reliable execution in the pres­

ence of sensor and a c tu a to r degradation . For th e  curren t test appliccition. I was 

not inh ib ited  by the known lim itations of these m ethods, specifically, th e  am ount of 

tra in in g  required or problem  size. However, fu tu re  work on th is project is directed 

a t scaling  up the size of th e  problem  and giving th e  arch itec tu re  further autonom y. 

In p a rticu la r, the arch itec tu re  m ust be sealed to  work on a robot w ith m ore sensors 

in an  environm ent w ith hundreds or even tho u san d s of s ta tes . Sim mons and  Koenig 

(1995) showed th a t sensor pre-processing can be used to  sim plify the PO M D P model 

on ro b o ts  w ith  m any sensors. A sim ilar approach  in conjunction  w ith the  decision 

tree based  reinforcement learn ing  may provide sufficient scaling for RL as well.

T h e  m ajo r lim itation of th e  arch itec tu re  is th e  lack of scalability  of PO M D P policy 

generation . Even w ith th e  parallel restric ted  region algorithm , generating a policy 

takes several days of com pu ta tion . This obviously is not p rac tica l for a  real robot. To
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address th is  lim itation. I will be investigating approx im ate  solution algorithm s. These 

algorithm s op era te  much faster th an  exact so lu tion  algorithm s, bu t possibly a t the 

cost of lower perform ance. Geffner (1998) presented  an  approach based on real-tim e 

dynam ic program m ing (R TD P) and  discretized belief space th a t p roduced  a near 

optim al so lu tion  to  a  PO M D P w ith  59 s ta tes . 17 observations, and  5 actions in less 

th an  one second of C PU  tim e. This PO M D P problem  is similar to th e  K hepera  maze 

environm ent. His technique was also applied to  a  989 s ta te  problem , and  produced 

a policy th a t  is though t to  be near optim al, b u t cannot be verified w ith  an  exact 

solution. H ansen (1998) presented a m ethod for approxim ate solution by perform ing 

heuristic search in policy space. This approach was shown to be significantly  faster 

th an  restric ted  region for a  set of common P O M D P  problems from th e  litera ture . 

Some experim en tation  will be required to  assess the  trad e  off betw een quality  and 

speed of solution, and  fu rther work in exact so lu tion  m ethods is necessary to  validate 

the policies generated  by approxim ate solution m ethods.

A nother avenue to  faster PO M D P policy generation  is to use a  subset of the 

PO M D P m odel. A lthough the  robot may need a  very large PO M D P m odel in order 

to  carry  ou t all of its tasks, each task  may require only a small portion  of th e  PO M D P 

model. An a tten tio n  focusing mechanism could be constructed to  ex trac t needed 

sta tes and  tran sitio n  probabilities from the com plete PO M D P model an d  construct a 

sm aller m odel for achieving the  current task. T he  PO M D P solver would never have 

to create a  policy for the  entire model, and p lanning  would be g rea tly  accelerated. 

Dean et al. (1993) provided one approach to  selecting a subset o f s ta te s  from a 

CO M D P m odel. T heir work m ay shed some light on how the problem  can  be solved 

for P O M D P  planning. D onnart and  Meyer (1996) presents a m ethod for b o th  learning 

a hierarchical CO M D P m ap on-line and using it to  focus a tten tion  an d  reduce the 

num ber of s ta te s  th a t m ust be considered while planning.
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Aside from scaling issues in the P O M D P  p lanner, there are several o ther problem s 

th a t need to  be addressed  before the  a rch itec tu re  is su itab le  for use on a hardw are 

robo t. One problem  w ith  im plem enting th is  a rch itec tu re  on a robo t is th a t, du rin g  

learning, the actions send random  signals to  th e  effectors. T his is not a problem  in 

a  sim ulated  environm ent, bu t on a real robo t w ould be dangerous for the  robot and  

any th ing  nearby. O ne way th a t this prob lem  m ay be overcome is by add ing  a safety  

m odule between th e  action  executor an d  th e  effectors. T he safety m odule would m on­

ito r the  signals sen t to  th e  effectors, an d  d a ta  com ing from th e  sensors. W henever th e  

effector signals a re  deem ed dangerous, th e  safety  m odule would prevent them  from  

reaching the effectors and  send a negative rew ard to  the  action  executor. T hus, th e  

action  would learn not to  send the  dangerous signals. T he safety m odule could be im­

plem ented using hand  coded rules, a neura l netw ork, or som e o ther m ethod  to  classify 

the effector signals. F uture  work will exam ine som e alternative im plem entations.

For a robot to  be adap tive  and still provide goal-oriented behavior, it should be 

able to  learn a m ap of its environm ent th ro u g h  exploration. It is unreasonable to  

expect the user to  provide a  m ap for th e  robo t, especially in s itu a tio n s  w here th e  

robo t is exploring an environm ent th a t  is unknow n even to  the user. Topological 

m ap learning is cu rren tly  an  active research  a rea  and a few a lgorithm s have been 

developed (M ataric  1992b: Zim m er an d  von P u ttk am er 1994: D o n n art and M eyer 

1996). One of th e  existing algorithm s m ay be su itab le  for im plem entation  w ith in  th e  

curren t architecture .

T he m ethod used in this research for m ain tain ing  and ad ju stin g  the  tran s itio n  

probabilities in th e  P O M D P  model is not expected  to work well in larger environ­

m ents. B etter m ethods exist, such as a  m odified V iterbi a lgo rithm  (Sim m ons and  

K oenig 1995). T h is enhancem ent could im prove th e  quality  of s ta te  tran sitio n  p ro b ­

ability  estim ates, resulting  in more reliable belief s ta te  m aintenance, im proved scal-
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ability , and  b e tte r  perform ance. E xperim enta tion  in larger environm ents will help 

assess w hether an  improved m e th o d  for ad justing  the  tran s itio n  probabilities in the  

P O M D P  m odel is needed.

In th e  curren t im plem entation  of the  architecture , actions a re  created  w henever 

th e re  are  uncovered non-prim ary  tran sitio n s  in the PO M D P  m odel. This could result 

in th e  creation  of m any special-purpose actions. T he a rch itec tu re  could be im proved 

by lim iting the  creation  of new actions using a heuristic to  decide w hether or no t the  

cu rren t set of uncovered non-p rim ary  transitions should be covered by an action.

A lthough I have concen tra ted  on navigation  in a 2-D environm ent, the a rch itec­

tu re  m ay be applicable to  m an ip u la to r control as well. M an ipu lato rs may o p e ra te  

in th ree  dim ensions, but th e  environm ent may still be described  w ith a PO M D P 

m odel and  reinforcem ent learning has been shown to  work in th ree  dim ensional do­

m ains (Liu. Iberall. and Beckey 1989). If the  problem s of scaling in two dim ensions 

can  be overcome, then  this a rch itec tu re  should also be evaluated  for m an ipu la to r 

contro l for tasks such as g rasping  and  m oving objects.

9 .5  C o n c lu sio n

T his d isserta tion  presents a robo t navigation  architecture  th a t can  extend its set of 

low level actions. A lthough o th e r system s have dem onstrated  th e  ab ility  to learn low 

level actions, my work goes one s tep  fu rth e r and  also learns the  specification of th e  low 

level actions. T he arch itecture  is reliable in part because it incorporates cidaptation. 

Xew actions can  be learned to  perform  specific s ta te  tran sitio n s  an d  generalize well 

to  perform  o ther s ta te  transitions.

T he approach  to  learning low level actions is different from any previous approach , 

an d  th e  experim ental results in d ica te  it perform s well in a  sm all dom ain. The m ajo r 

hurdles to  be overcome are in scaling th e  action and  p lanning  levels to work on a
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larger robo t in a more com plex environm ent. T his work should be seen as the  hist 

s tep  in developing a robot th a t can  learn new actions for itself and ad ap t to  changes 

in the  environm ent.
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