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ABSTRACT

USE OF MINIMAL ABSTRACTION TO ADDRESS GOAL UNDERSPECIFICATION

The problem of identifying and accounting for under-specified or misspecified goals has been
widely considered central to Al safety. While most work in this space focuses on querying users
about potential negative side effects, almost none look at the question of addressing the cause of
misspecification, namely, the user’s misunderstanding regarding the consequences of pursuing the
specified goal. In this work, this shortcoming is addressed by identifying the minimum level of
abstraction at which the user can reason about possibly unavoidable side-effects of the current spec-
ification. This enables the user to make informed choices about what side effects are acceptable. A
planning compilation is also introduced that allows the calculation of both the minimal abstraction
and the set of unavoidable side-effects effectively. The effectiveness of the proposed method is
evaluated through computational experiments, performed on standard planning benchmarks, and a

user study.
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Chapter 1

Introduction

Generating behaviors that align with the user’s true underlying intent, even when the specific
goal specification may be under- or misspecified, is widely considered the central problem when
it comes to Al safety [1]. As such, the problem has been getting increasing attention. Here, goal
underspecification scenarios are examined where the user may omit some undesired consequences
from the goal specification, which could arise if the agent were to attempt to achieve the specified
goal directly. Currently, the majority of the work in this space tends to focus more on identifying
potential negative side effects [2] and querying the users about them [3]. Unfortunately, it appears
that none of the current works in the space tries to address the true underlying cause for goal
underspecification, namely, the fact that the user is not able to correctly anticipate the consequences
of the current specification. This may have been caused by the user being unaware of certain
aspects of the task, or because the task was too complex for them to correctly reason about the
consequences. To address this challenge, a method is developed here that identifies the set of
minimal consequences or side effects that cannot be avoided for a given goal specification. This
set is presented along with the most abstract representation of the true agent model, where they can
correctly reason why these side effects are unavoidable. This method returns the autonomy back
to the user, as they can now weigh the different alternatives and decide which one they find most
acceptable.

To illustrate this method, consider the example shown in Figure 1.1. Here, there is a robot
that is following instructions given by a user. The robot starts on the right side of the map and
is instructed to move to point B on the left side. However, there exists no path the robot could
take where the only new fact added to the current state is that the robot is in point B. This is
because the only two paths to point B involve the robot passing through an area containing spilled
grease or that is dusty. So, for the robot to be at point B, either its wheel will be covered in

grease or the robot itself will be dusty. The robot might not be able to make the call on which



Figure 1.1: A diagrammatic overview of this method applied to a robotics problem. The user instructs
the robot to move to point B. The method presented here is able to identify that there are two unavoidable
consequences, namely the robot being dirty or the wheels being covered in grease. Each of these side effects
can individually be described in two abstract models in the lattice, and to the user, a combination of these
two models is presented as the final abstract model, where the user can reason about both potential side
effects.

of these is a better outcome. As such, this method will present these two options to the user,
along with a simplified task representation that treats it as a simple path planning problem, which
now contains the possibility of the robot becoming dusty or being covered in grease under certain
conditions. Note that this is a significant simplification of the robot’s true model, as the robot may
be a complex system that leverages sophisticated sensors and actuators. However, presented with
the information, the user can decide which of these outcomes, if any, is acceptable.

This method will leverage a lattice-based representation of the true task model to identify the
consequence set and model abstraction. While such methods have been used in the context of
explanation generation [4], this work is the first to investigate such mechanisms, and even model
abstractions, in the context of resolving goal misspecifications. Additionally, a planning compi-
lation is introduced that allows calculation of the set of unavoidable consequences and minimal
model abstraction directly from the original problem. For the class of planning problems consid-

ered, such methods could provide considerable computational advantage, as in the general case,



the lattice could be exponential in the number of fluents in the problem. The proposed approach is
evaluated through computational experiments and user studies. The computational experiments on
the standard planning benchmark demonstrate the effectiveness of the compilation methods over
methods that leverage an explicit search over possible abstractions. The user study also provides
evidence that the method provides advantages over simpler querying methods.

In summary, the contributions of this thesis include:

1. A new solution approach to resolve goal underspecification, by allowing reasoning about the

consequences of the current goal specification.

2. A novel planning compilation is introduced that helps identify the unavoidable side-effects
for a given goal specification, along with the minimal abstraction where such side-effects

can be reasoned about.

3. Both computational experiments over standard planning benchmarks and a user study are

performed to evaluate the proposed method.



Chapter 2

Background

Next, some basic notations and concepts that will be used throughout the thesis will be estab-

lished.

2.1 Classical Planning

This work will use classical planning [5] as the base planning formalism. Here, a planning

problem or model is described by a tuple of the form M = (F, A, Z, G), where
» F is the set of propositional fluents in the problem that determines the state space
» A is the set of actions in the problem
e 7 C Fis the initial state (the fluents that are true at the beginning of the problem)

* G is a propositional logical formula defined over F that captures the goal specification for

the current problem

Here, each state s possible under the given model, can be uniquely identified by the set of fluents
that are true in the state, i.e, s C F. Equivalently, each state can be represented by a conjunctive
formula that contains a positive literal for each fluent in the set representation and a negative literal
for each missing fluent. The notation G” is used to denote the list of fluents that are listed as
positive literals in the goal specification §.

Here, each action a € A is further defined by a tuple of the form:

a = (preM(a), add™(a), del™(a),c™(a)). Where,

 pre™(a) a conjunctive formula expressed over F that must hold true for the action to be

performed

e add™(a) C F are the propositions made true by the action



s del™(a) C F are the propositions made false by the action
» cM(a) is the cost of the action

The result of an action a being performed in a given state s C JF is captured by a transition function

0 defined as

sUadd™(a)\ del™(a) if preM(a) = s
i(s,a, M) =

unde fined otherwise
The transition function is overloaded to apply to action sequences. In the context of action se-
quences, the transition function returns the result of repeatedly executing the actions on the state
returned by the previous action.
A solution to a planning problem is a plan, which is a (potentially empty) action sequence
m = (ay,as, ..., a,), whose execution in the initial state results in a state that satisfies the goal
specification, i.e., (I, 7, M) |= G. The cost of a plan is equal to the sum of the individual actions,

and a plan is said to be optimal if there exists no plan with a lower cost.

2.2 Model Abstraction and Abstraction Lattice

The paper will focus on model abstractions formed by projecting out a subset of propositions.
Not only do these provide mathematically simple abstraction operations, but they also naturally
capture scenarios where the user may be unaware of certain aspects of the task. The notations and
conventions set by previous works that have used such abstractions in the context of explanation
generation [4] are reused here. To begin, the projection operator P, is defined, where A C F is
the set of propositions being projected out. If P, is applied on a state s it results in a new state
Pa(s) = s\ A. Similarly, when applied to an action, it removes the propositions in A from every
model component, and when applied to goal specification, it results in a new conjunctive formula
obtained by dropping all literals corresponding to propositions in A. This operator, when applied to

a model, results in an abstraction since every transition possible in the original model is preserved



in the new model, in so far that for every (s, a, M) = ', the new model P, (M) has a valid

transition §(Px(s), a, Pa(M)) = Pa(s’). More formally

Definition 1. For a planning model M = (F, A, Z,G), a model M' = (F', A", T',G') considered
an abstraction of M, denoted as M T M/, if there exist a set of propositions A, such that F' =
F — N T =Py(I), G = Pa(G) and every action o’ € A is obtained by applying the projection

operator Py on some a € Awith a’ = (Pa(pre™(a)), Pa(add™ (a)), Pa(del™(a)), cM(a)).

With the basic projection and abstraction definitions in place, the abstraction lattice can now
be discussed. An abstraction lattice allows for the organization of all the potential abstractions of
a given concrete model, which is going to be the true task model used by the agent to reason about

their plans.

Definition 2. For a model M#, the model lattice L is a tuple of the form L = (M,E,TF,/),
where M is the set of lattice nodes, E the lattice edges, F the superset of propositions considered
for abstraction within this lattice and finally { is a function mapping edges to labels, provided
M#* € M and all nodes M’ € M satisfy the condition M#* T M'’. Additionally, for each edge
e; = (M;, M) there exists a proposition f € F such that P(M;) = M; and ((M;, M;) = f.

The assumptions that every lattice is proposition-conserving (every missing proposition has
an edge in the lattice) and that every lattice is complete (every subset of propositions has its own
model in the lattice) are also made.

An important aspect of these lattices, which will be used extensively here, is the fact that a plan
7 that is valid in a more concrete model in the lattice is guaranteed to be valid in a more abstract
model in the lattice. In other words, if 7 is a plan for M, then it must be valid for M’, where

M C M. This result follows from the definition of the abstraction and projection operator.



Chapter 3
Related Work

The idea of objective misspecification or underspecification has been widely recognized as a
major hurdle to achieving value alignment [6], a central criterion for verifiably safe Al systems.
While most of the earlier work in this space was focused on decision-theoretic planning settings,
where objectives are specified via rewards (cf. [7]), more recent works have started focusing on
goal misalignment (cf. [8]). These works have mostly focused on cases where the goal misalign-
ment may arise from their misunderstanding of the underlying task. While these works acknowl-
edge this misunderstanding as the cause for misalignment, the proposed solution strategies focus
on querying the user directly to correct the specification, rather than resolving the user’s misun-
derstanding about the task. This latter approach, which this paper adopts, not only allows the user
to provide more accurate specifications in the current interaction but may also help them avoid
providing misspecified objectives in future interactions.

A closely related problem to the one studied in the paper is that of avoiding side-effects [9].
Similar to this work, a side-effect could be described as an effect that was not specified in the
goal description. The goal of most of these works is to identify which of these side effects may
be considered a negative one. Many works in this space rely on human feedback to identify the
negative ones (cf. [10, 11]). Others rely on predefined metrics, such as reducing the autonomy of
other agents [9] or the ability to complete future tasks [2]. In this work, side effects are not simply
being marked as being negative, but rather presented to the user with various alternatives and
letting them choose. In this aspect, the approach here is similar to oversubscription planning [12],
insofar as different side-effects are assumed to have different utilities, and this underlying utility
function is unknown. While oversubscription planning starts with a fully specified goal and looks
for achievable subsets, the method here starts from a partially specified one and looks for what

supersets can be achieved. However, tools developed for oversubscription planning settings to



help users identify their most preferred achievable subsets (cf. [13]) could also be deployed in the
current setting to help improve the user experience.

This work is also closely related to explanations, particularly those related to resolving users’
confusion about the task model [14]. In fact, the notion of a model abstraction lattice has been
utilized by previous works to generate contrastive plan explanations [4] and to explain planning
problem unsolvability [15]. However, the target model information provided here isn’t necessarily
explanations, but rather the prerequisite task knowledge they require to make sense of why the
side-effect may occur. As such, this work is also closely related to works aimed at establishing
a shared mental model or common ground [14]. Finally, there has also been work done on using
environment design as a means of avoiding model misspecification [16]. Such methods could be
used in conjunction with the method presented here to reduce the number of options presented to
the user and the level of task details that must be presented.

The concept of understanding side-effects can also be viewed in the lens of hazard analysis [17].
Hazard analysis is concerned with assessing, and mitigating, risk. As one of the first steps in any
hazard analysis, the actual hazards must be identified. In this respect, this work can be seen as
uncovering side-effects that could be hazards; this could also be seen as identifying hazards that
were previously not described. This work is also related to Failure Modes and Effects Analysis
(FMEA), which examines failures and the effects that they may have [18]. The work described
here is similar in that it can describe the side-effects, good or bad, that may be an unavoidable
result due to some initial condition. These initial conditions could include an aspect of the system
that either results in a failure or is itself a failure in a system, and the resulting side-effects could
be seen as effects of such failures. In these ways, this work can also be seen in terms of identifying

hazards, as well as effects of modeled failures.



Chapter 4

Goal Recommendation Problem

The problem starts with an agent who is assigned to achieve some goal G by a user. It is
assumed the agent’s model that includes this goal is represented by M#. Now, it is assumed that
the human model is some abstraction of this concrete model M#, as such is contained in the
corresponding model abstraction lattice £. Now the problem starts when the agent realizes that
it cannot come up with a plan that not only achieves the state factors listed in G, but would also
end up adding other facts. As in the case of the robot in the motivating example, it is unclear
whether these various possible unintended effects may in fact be acceptable to the user. Now,
one could potentially present the user with the set of possible minimal facts that can’t be avoided
when pursuing G. In the example, these may be the facts is_dirty and wheels_greasy. Since
the user may be operating at a higher level of abstraction, it might be unclear to them why these
are unavoidable. As such, additional information might have to be given to the user, such that in
their updated mental model, they can correctly reason about the side effects. In the example, this
might mean telling them about the locations with the dirt and grease, and what happens when you
perform the action move on such locations. More formally, the goal recommendation problem is

defined as follows:

Definition 3. For an agent model M#* = (F# A% T# Gy), where the goal specification Gy
was provided by the user operating with an unknown model MY, where M#* T M*, the goal
recommendation problem or GRP is to find a tuple of the form R = (G, M ), where G =
{G1,Go, ...,Gi} is a set of goals such that every G; has G, C G and M" is a target human
model. Here, R is considered a valid solution if for every goal G; € G there exists a plan T; for

M, such that the following two conditions are met
CIl 6(Z%,m, M#*)\I# =G/, and

C2 6(I7, m;, M)\ T# = GF



The two conditions here for the solution state that for each alternate goal specification presented
to the user, there should exist a plan which, for both the concrete agent model and the abstract target
human mental model, only adds the factors listed in the goal specification and nothing more.

There are a few other properties of the definition that are worth keeping in mind. Firstly, here
propositions are only considered that were added to the state and not necessarily deleted. Next,
the only factors examined are ones that were made true at the goal state and not intermediate facts.
Arguably, in many safety-critical situations, both of these could be important factors. However, this
simpler formulation was chosen, as this setting can be extended to easily capture both the above-
stated conditions. New fluents only need be introduced and action definitions updated in such a
way that one set of fluents is created whenever a fact true in the initial state is deleted, and the
other is added whenever any fact is made true. With these new fluents being part of the goal state,
the previous definition can easily capture these new considerations as well. Additionally, facts
already in the initial state that were problematic are not considered; the user would have noticed.
Finally, note that this problem only deals with finding a target model and doesn’t necessarily focus
on how that model information is communicated to the user. Here, the means of communication
may depend on the problem setting, and existing work on explaining model information could also
be leveraged for this purpose (cf. [4]).

It is worth noting that not all solutions for a goal recommendation problem are equally useful
to the user. One could, in particular, think of two dimensions. Firstly, how many alternatives
does the solution present, and at what level of abstraction is the target human model? As for
the first dimension, a case is considered where the solution consists of all non-overlapping goal
specifications containing a minimal number of additional fluents. Such solutions will be referred

to as minimally covering solutions. More formally,

Definition 4. A solution to GRP is said to be minimally covering if there does not exist a goal
specification G' & G such that G' is not a superset of any G; € G and for M¥ satisfies the
conditions (C1) and (C2) specified in Definition 3, and there exists no two goal specification G; €

G and Gy, € G, such that, G; C Gy,

10



Now, coming to the next criterion, the objective will be to find a solution that contains the
most abstract human target model possible. This helps minimize the amount of information to be
communicated to the user and the cognitive load they need to suffer to reason about the side effects.
In fact, the goal would be to find a minimally covering solution, which contains the most abstract
target model possible. Such solutions will be referred to as minimally covering and maximally

abstract solutions.

Definition 5. For a given GRP, a solution R = (G, M ) is said to be minimally covering and

maximally abstract, if there exist no other minimally covering solution R = (G/, /\;l/> such that

M= M.

With the basic definitions in place, calculating the actual solutions can be discussed. The first
component to such a solution would be to have a procedure that allows testing, for a given goal
specification G, and model pair M and M’, where M C M’ and G C F’, whether there exists
a new goal specification that satisfies the conditions specified in Definition 3. Here, this test is
converted into checking the solvability of a new planning problem formed by updating M. Here,

the problem M, will be identical to M, except it will use a new goal specification G¢, given as

Ge=G N ~f
fe(R\FON
This goal specification ensures that the goal state that results from the plan cannot add any new
facts that are either not already in the initial state or part of the fluents in M’. This leads to the first

theoretical property of the framework.

Proposition 1. For a model pair M and M’, such that M T M’, and for a goal specification
G, where G C F', if there exists a valid plan T for the new model M¢, then © must satisfy the

conditions (C1) and (C2) for the models M and M’ and the fluent set 6(1,m, M) \ I.

The proof for this proposition is straightforward. It has been established that any plan valid in

M must be valid in M'. This goal specification ensures that the resultant state cannot contain any

11



fluent that is not part of the fluent set of the abstract model, or already part of the initial state. This
means that 6(/, 7, M) \ I C F'. Since the projection operator will only remove the fluents not
part of F”, it can be seen that 6(I, 7, M) \ I = 6(I’,m, M’) \ I'. This means that the plan results
in the same fluent set in both models, hence proving the conditions, and identifying the possible
goal specification to be the conjunctive formula corresponding to §(1, 7, M)\ I C F'.

Now, with this test in place, one could perform a simple procedure to identify a maximally
abstract minimally covering solution. Here, an exhaustive breadth-first search is performed over
the nodes in the lattice. Starting with the most abstract node, a test is run on each possible node.
Children are added to the fringe only if a plan is not found on the modified compiled model /\/l?E
corresponding to the concrete model. Every time a node is found where the test passes, the corre-
sponding goal and the model are saved to be returned as the final solution. Here, the goal set will
correspond to all the goals found, and the target model corresponds to the union of all the models

found. Algorithm 1 provides the pseudocode for the procedure.

Theorem 1. Algorithm 1 is a sound and complete procedure to identify a maximally abstract, mini-
mally covering solution for a given G RP problem, provided the lattice is complete and proposition

conserving.

Proof Sketch. In terms of soundness, the statements made are that the algorithm only returns a
minimally covering, maximally abstract solution. The returned information, being a valid solution,
comes from Proposition 1. Now, for it not to be a minimal covering solution, the search would have
skipped over a solution that is not a superset of one of the goals in G. This isn’t possible since
it’s an exhaustive search, and it only skips a node if its parent supported a solution. As such, any
new solution supported by it must be a superset. A similar argument can be made for maximally
abstract models. The final union of the model should only contain fluents that will be added to the
final state. If it didn’t, the search would have found the solution at a more abstract model. Since,
per the properties of the abstraction, the plan should still be valid in the abstract model and would

have resulted in the same state, since all fluents are part of that model.

12



Algorithm 1 Exhaustive Search Procedure for Generating R

procedure EXHAUSTIVE-SEARCH

1:

2 Input: Lattice £ with nodes M, human goal G/

3 Output: Minimally Covering, Maximally Abstract solution for a GR P problem

4: Procedure:

5: G < Empty Set

6: M + Empty Set

7 Q < Node Queue

8 Add to Q the model M the most abstract model obtained by projecting out A = F
9: while Q is not empty do

10: M+ Pop(Q)

11 ME — M# modified with G¢ = G A, 4 7y, 14

12: if GetPlan(/\/lZéﬁ ) finds a solution 7 then

13: G; < conjunction over fluents in §(I7, m, M#)

14: G=GuUg;

15: M =MUM

16: else

17: Add the child nodes of M to Q

18: end if

19: end while

20: M < an abstract model containing only the fluents contained in the models in M

21: return (G, M)
22: end procedure
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For completeness, it must be shown that the search will find a solution if one exists. This

follows from the fact that it is testing every possible model for a solution. U

Note that the above theorem only holds when the lattice contains an abstract model for every
possible relevant abstraction (i.e., it is complete) and there are edges for each potential proposition
that could be introduced to the node (i.e., proposition conserving). Such a lattice might be expo-
nential in the number of fluents in [F and in many cases, projecting out all fluents except the ones in
the original goal (i.e., F = F \ GJ;) may need to be considered. As such, performing an exhaustive

search over this space may not be a feasible approach.

4.1 Planning Compilation

Instead, the focus will be on the use of a planning-based compilation to directly identify the
goal specification and abstraction set. Given the focus on classical planning problems, there are a
number of efficient optimal planners available, which can be leveraged. As is able to be seen in the
empirical results, the advantage of using an existing optimal planner more than makes up for the
overhead of planning directly in the complex concrete node M7,

The compilation consists of adding a pair of actions for each fluent not part of the initial state
that either check if the fluent is true or false in the goal state, following the execution of a plan.
An updated goal specification requires at least one action per fluent to be executed. A fluent being
true in the goal state has a higher cost than a fluent being false. In this way, the planner will then
find a plan that adds the least number of new fluents to the final state. To ensure that the check is
only performed at the final state, an execution flag can_exec is also used, which will be part of the
preconditions of all the original actions and needs to be false for the checks to be performed.

More formally, for the agent model M# = (F# A# T# Gy) the new compiled model is

given as M' = (F', A", 7', G'), where

o F''= F# U Fehecks U Lcan_exec)
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o Fehecks — Lchecked_f : f € (F\ (I* U G7)}, contains a fluent to track whether the state

of the corresponding fluent f not in initial state has been checked in the goal state.
o A= A#* U Achek U { flip_exec)
* 7' =T U {can_exec}
° Q’ =0y /\fe]:checks f

« A* = {a@ : a € A}, where the precondition of the action has been modified to contain

can_exec fluent

— pre'(a) = pre#(a) A {can_exec}. Here, pre#(a) is the precondition of the action in

the original model M#.
o Acheck — {afrve s f e FYU {a?“zse : f € F} where:

— pre'(af®) = [ A —can_exec

add(a’f"®) = {checked_f}

C(ar}rue)

> |S#| % C\raw, where C,,, is the cost of the most costly action in M# and
|S#| is the number unique states possible under F7#.

pre(a}calse) = —f A —can_exec

add(a?al‘se) = {checked_f}

_ C(Q;(llSG) -1

* flip_exec has a single precondition can_exec, and a single delete effect that removes that

fluent.

It is worth noting that, per the definition, the cost of doing a single a}”w is greater than the
cost of the most costly plan possible in M#. As such, any optimal planner will try to avoid
using a single one of the true check actions when possible. Now this leads to the first proposition

connecting this compilation to the earlier procedure.
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Proposition 2. For an optimal plan 7' for the compiled model M', the fluent list 6(Z', «', M)\ T’

corresponds to a goal specification that could be identified by Algorithm 1.

The result follows from the fact that the optimal plan would add the smallest number of possible
fluents to the goal state. This would correspond to a minimal goal condition identified by the
algorithm, as no subset of it would correspond to a valid solution, else the plan wouldn’t have been
optimal.

Now, the above result only shows that a possible entry from the output of Algorithm 1 can
be found. A way to find all possible entries would be desirable. The way this will be done is by
rerunning the compilation while disallowing previously identified descriptions. To do this, a new
fluent checked_disallow is introduced, which will now be part of the goal specification. Here, a
new disallow check action a4 is used, which for a set of already identified goal specifications G,

is given as:
* pre(a®) = Ngeg G N —can_exec
e add(a®®) = {checked_disallow}

Proposition 3. For a set of already identified goal specifications G, the above restriction will never
prevent the compilation from identifying a goal specification G, where G U {G'} could be part of

minimal covering solution.

This follows from the fact that the disallow condition basically disallows the new goal state
from either containing the exact same set of propositions as a previously found one or a superset of
it. This is exactly the same condition placed on goal specifications for it to be part of a minimally
covering solution.

Now the new procedure would be to repeatedly call this compilation until no more plans can
be found. The list of goals found this way becomes the G component of the solution, while the
target model would be the most abstract model that only contains fluents that appear in G. This
procedure of iteratively calling the compilation while disallowing previously found solutions until

unsolvability, and then identifying the target model from the union of those goals, is called the
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compilation approach. This leads to the final result, which shows that the compilation approach is

equivalent to the earlier exhaustive search.

Theorem 2. The compilation approach is a sound and complete approach for finding a minimally
covering, maximally abstract solution to G RP, provided a sound and complete optimal planner is

being used.

Proof Sketch. Here, Proposition 2 shows that the compilation can identify a goal specification that
could be part of a minimally covering maximally abstract solution. Proposition 3 shows that it
will never disallow a potential candidate that is part of a minimally covering solution that contains
the previous solution. Now all that must be ensured is that it finds the next goals that contain
the minimal number of fluents. This is again guaranteed by the fact that an optimal planner is
being used. Now, the next part to be proved is that the model identified by finding the most
abstract model that only contains the fluents in the identified goal specifications, corresponds to
a maximally abstract one. First off, the model needs to contain all the fluents that are part of the
goal specification. Otherwise, it will either not satisfy condition C2 from Definition 3, or the goal
specification contains redundant fluents, in which case, it can’t be part of a minimally covering
solution. This means no models can be considered that are more abstract than that. Now the
question would be, is it ever needed to consider models that are less abstract than that? Again, the
answer is no. As per the definition of abstraction, all plan validity is conserved via abstraction.
Additionally, the abstraction operator will preserve the status of all fluents that are not projected
out. As such, both conditions C1 and C2 should hold in the model for all goals §; that are part of
the set identified by this method. This proves the soundness of the method.

As long as a complete planner is used, which will always return a plan if one exists, every
potential candidate not part of the previously identified solution can be exhaustively tested for. This
means that this approach would also be a complete procedure for identifying minimally covering,

maximally abstract solutions to GRP. ]
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Chapter 5

Evaluation

To evaluate the method, a set of computational experiments are performed, and a user study
was conducted. The goal of the computational experiments was to compare the effectiveness of the
two proposed methods, and with the user study, to test the effectiveness of presenting a covering

goal set and a target model as a way to help users choose their desired goals.

5.1 Computational Experiments

Computational experiments were performed on different International Planning Competition
(IPC) [19] domains with increasing numbers of fluents, to determine the time the exhaustive search
and the planning compilation-based method would take to identify a minimally covering, maxi-
mally abstract solution. These experiments were performed on a machine using a 12-core 12th
Gen Intel 17-12700K processor running at 3.6 GHz, using 64 GB of RAM, with an Alma Linux
distribution for the operating system. The results of these experiments, along with details on the
domains and instance sizes, can be seen in Tables 5.1 and 5.2. Optimal plans were found using
Fast Downward 24.06 using A* search [20, 21] with LM-cut heuristic [22]. Implementation of
the algorithm and compilation as described here were done in Python, using Python 3.10. The
implementation made extensive use of the Unified Planning [23] package. All problems were fully
grounded. A comparison of this method against a condition where the compilation was solved
using a satisficing planner was also performed. These results of this experiment are found in Table
5.3. While such a planner can no longer guarantee minimality of goal set or the model being maxi-
mally abstract, the experiment checked if the use of satisficing planners gave a significant speed up.
While a speedup was observed, and timeouts were eliminated, the lack of optimality also caused
slowdowns for some domains.

For each IPC domain, five different instances of the problem were selected with increasing

actions and fluents. For each instance, five different copies of the problem were created, with
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each having a goal state obtained by taking a random subset of the propositions of the problem. A
solvability test was performed on each random instance to make sure that there were valid plans for
the instances. All listed solution sizes and time taken were identified by averaging across these five
random instances. Unfortunately, for the largest problem instance from Sokoban, more than one
random solvable goal specification could not be found, so for that problem, only the information

regarding that single instance is listed.

5.2 Discussion

In Table 5.1, the complexity of each problem instance is characterized in terms of the number
of grounded fluents (F’), of grounded actions A and the time taken to solve the original problem
in seconds ¢ N(s). For the compiled problem, the added complexity is presented in terms of the
number of total grounded fluents in the compiled problem (C'F") and the number of actions (C'A).
The primary metric of interest is to compare the time taken by the compilation method (tC'(s)) and
the exhaustive search (£ X (s)). These results can be found in Table 5.2. The size of the identified
solution (num.S) is also listed, specifically in terms of the number of goal specifications found,
when one of the approaches is able to complete its run.

The results largely follow the expected outcomes. It can be seen that the exhaustive search
method is only successful on the very smallest of problems, in the very simplest of domains, like
Elevator and Gripper. Also of note is the fact that many of the IPC domains tested (Driverlog,
Elevator, and Gripper) do not produce more than one set of propositions which are true in the final
state. This may be an aspect of these domains, as others (Sokoban and Trucks) have more unique
goal-states produced.

Overall, the time used by the compilation was more than a single Fast Downward plan being
generated, as is expected, but the times themselves are not excessively long. Only the largest
instances of Rover, Sokoban, Trucks, and Blocksworld provided issues with timeouts, but some
moderately sized problems in domains that are generally considered harder planning domains (like

Sokoban (cf. [24])) still performed well with the compilation.
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Table 5.1: Description and Results of Problems from IPC Domains using an Optimal Planner. Results of
5 trials in the form of (average + standard deviation). F' = Number of Fluents in Original Problem, A =
Number of actions in the original grounded model, C'F’ = Number of fluents in the compiled model, C'A =
Number of actions in the compiled model, ¢ N (s) = Time needed to solve the original problem in seconds.
The largest Sokoban instance only used one copy.

Domain F A |CF| CA tN(s)

29 | 40 48 75 0.432 £0.104
41 60 73 | 121 | 0.676 £ 0.0745
Blocksworld | 71 | 112 | 129 | 225 | 4.686 £ 0.0210
109 | 180 | 202 | 363 | 4.908 £+ 0.2750
131 | 220 | 224 | 443 | 5.490 + 1.1525
32 | 88 | 56 | 133 | 0.441 £+ 0.0428
39 | 108 | 64 | 155 | 0.552 4+ 0.0952
Driverlog 44 | 120 | 76 | 181 | 0.510 £ 0.0276
49 | 144 | 83 | 209 | 0.653 £ 0.1095
57 | 168 | 97 | 245 | 0.717 £ 0.0673
4 4 8 9 0.249 £ 0.0686
8 16 15 27 | 0.239 £0.0181
Elevator 12 | 36 | 22 | 53 |0.278 £0.0472
16 64 29 87 |0.321 +£0.0241
20 | 100 | 36 | 129 | 0.404 4+ 0.0382
20 34 31 53 | 0.307 £ 0.0309
28 50 56 77 | 0371 £0.0147
Gripper 36 66 55 | 101 | 0.448 £+ 0.0309
44 82 67 | 125 | 1.013 £ 0.0271
52| 98 | 79 | 149 | 4.450 + 0.3219
35 | 63 59 | 108 | 0.387 + 0.0263
28 | 53 | 49 | 92 | 0.349 £0.0106
Rover 44 76 76 | 137 | 0.495 + 0.1351
50 86 88 | 159 | 0.473 £0.0262
59 | 144 | 101 | 225 | 1.249 + 1.2813
86 | 114 | 149 | 237 | 4.276 £0.0144
72 | 102 | 125 | 205 | 4.241 +0.0753
Sokoban 62 78 | 108 | 167 | 4.193 £ 0.0486
134 | 202 | 239 | 409 |4.874 £ 0.5711
368 | 888 | 694 | 1537 9.100%*

91 | 261 | 173 | 422 | 0.996 + 0.0409
117 | 336 | 223 | 545 | 1.222 +0.0471
Trucks 191 | 789 | 369 | 1142 | 2.587 £+ 0.0457
226 | 936 | 437 | 1355 | 3.237 £ 0.1328
327 | 1794 | 637 | 2411 | 6.187 £0.4191
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Table 5.2: Description and Results of Problems from IPC Domains using an Optimal Planner. Results of 5
trials in the form of (average £ standard deviation). C'F' = Number of fluents in the compiled model, C A
= Number of actions in the compiled model, num.S = Number of Sets produced, tC(s) = Time taken by
the procedure that uses planning compilations in seconds, tE£X (s) = Time taken by the exhaustive search
method. Rover and Trucks had an instance where some copies of the problem timed out, and those times
are not included. The largest Sokoban instance only used one copy.

Domain | CF | CA numsS tC(s) tEX(s)
48 75 1+0 0.599 + 0.021 30m Timeout
73 | 121 | 2.8 £1.48 2.361 £ 0.8478 30m Timeout
Blocksworld | 129 | 225 | 2.2 +1.64 36.113 £+ 37.4484 30m Timeout
202 | 363 0 30m Timeout 30m Timeout
224 | 443 0 30m Timeout 30m Timeout
56 | 133 1+0 0.657 £ 0.0497 30m Timeout
64 | 155 1+0 1.079 £ 0.4665 30m Timeout
Driverlog 76 | 181 1£0 0.797 £ 0.1569 30m Timeout
83 | 209 1+0 1.196 + 0.3889 30m Timeout
97 | 245 1+0 4.235 4+ 5.4000 30m Timeout
8 9 1+0 0.348 £ 0.0805 1.307 £ 0.4083
15 27 1+0 0.361 £ 0.0281 9.154 + 4.8937
Elevator 22 53 1+0 0.422 £ 0.0406 116.729 + 6.5209
29 87 1+0 0.483 £+ 0.0084 1102.488 + 123.2032
36 | 129 1+0 0.618 £+ 0.0680 30m Timeout
31 53 1+0 0.487 £ 0.0375 186.757 + 78.0433
56 77 1+0 0.538 £+ 0.0305 30m Timeout
Gripper 55 | 101 1+0 0.797 £ 0.0744 30m Timeout
67 | 125 1+0 3.972 £+ 0.3537 30m Timeout
79 | 149 1+0 27.101 £29174 30m Timeout
59 | 108 1+0 11.965 £ 3.0789 30m Timeout
49 92 1+0 2.238 £+ 0.6940 30m Timeout
Rover 76 137 1.4 +£0.55 0.638 £ 0.0297* 30m Timeout
88 | 159 | 1.6 £0.55 30m Timeout 30m Timeout
101 | 225 | 2.2+£1.79 30m Timeout 30m Timeout
149 | 237 | 5.4 +3.36 27.208 £ 14.4601 30m Timeout
125 | 205 | 9.8 £10.03 | 27.023 4 13.6787 30m Timeout
Sokoban 108 | 167 | 9.8 £10.80 | 26.358 £22.9010 30m Timeout
239 | 409 | 7.8 £9.07 | 217.772 £ 337.8253 30m Timeout
694 | 1537 0 30m Timeout 30m Timeout
173 | 422 | 42 +£5.22 5.078 4= 4.3877 30m Timeout
223 | 545 | 8.6 £9091 17.016 £+ 11.3202 30m Timeout
Trucks 369 | 1142 | 54 £2.70 | 256.890 + 228.6576 30m Timeout
437 | 1355 | 2.0 £2.00 1299.9 + 695.5* 30m Timeout
637 | 2411 | 1.8 £4.02 30m Timeout 30m Timeout
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Table 5.3: Description and Results of Problems from IPC Domains using a Satisficing Planner. Results of
5 trials in the form of (average + standard deviation). C'F' = Number of fluents in the compiled model, C' A
= Number of actions in the compiled model, num.S = Number of Sets produced, ¢C = Time for Solving
Compiled Problem, RamC = Memory Usage on Compiled Problem. The largest Sokoban instance only
used one copy.

Domain | CF | CA numsS tC(s) RamC(M B)
48 75 1+£0 0.598 £ 0.0357 121.728 £ 1.2968
73 | 121 4.0 +4.00 2.885 £ 2.2035 121.408 £ 0.7789
Blocksworld | 129 | 225 34 +£230 18.205 + 11.3110 269.372 £ 2.9467
202 | 363 | 29.0 £23.67 | 380.749 £ 162.9106 | 2384.900 +£ 175.4066
224 | 443 | 98.8 +137.39 4.673 £+ 0.0289 236.199 £ 2.9590
56 | 133 1.4 £0.89 0.677 £0.1924 123.232 £+ 0.2086
64 | 155 1+£0 0.721 £ 0.0681 122.976 £ 242.6520
Driverlog 76 | 181 344230 1.334 £ 0.6671 124.960 £ 0.2529
83 | 209 1+£0 0.772 £ 0.0313 124.7704 £ 537.8476
97 | 245 7.8 £13.54 3.085 +£ 4.4406 126.208 £+ 1.2819
8 9 1.4 +0.55 0.432 £ 0.1161 117.984 £ 0.3118
15 27 1.4 £0.89 0.418 £0.1386 119.840 £ 0.4381
Elevator 22 | 53 20224 0.599 £ 0.3988 121.184 £ 0.3683
29 87 34 +£3.36 0.931 £ 0.6725 120.672 £ 0.4141
36 | 129 9.0 £ 1.00 2.268 £ 0.2882 122.656 £+ 0.5611
31 53 1.4 £0.55 0.524 £+ .1171 121.440 £ 0.3752
56 77 1.2 £045 0.550 £ .1003 122.976 £ 0.2906
Gripper 55 | 101 1.2+ 045 0.651 £ .1054 123.200 £ 0.3919
67 | 125 1.8 £0.45 0.854 £ .1232 123.136 £ 0.4322
79 | 149 1.8 £0.45 0.947 £ .0981 125.024 £ 0.1824
59 | 108 3.0£1.87 17.466 + 25.6858 123.232 £ 0.1338
49 | 92 1.6 £0.55 1.409 £ 0.2994 122.912 £ 0.2862
Rover 76 | 137 5.0£3.46 613.926 £ 573.9194 | 7967.141 £ 7259.5800
88 | 159 42 +£2.77 0.616 £ 0.2743 2822.420 + 6035.9077
101 | 225 | 55.6 +106.58 0.627 £+ 0.0840 163.640 £ 82.8287
149 | 237 6.4 +£3.21 29.850 £+ 12.7868 222.808 £ 0.6542
125 | 205 33.8 £49.58 | 140.269 £+ 199.3421 225.517 £ 0.7866
Sokoban 108 | 167 264 +28.40 | 110.117 £114.2140 229.338 £ 0.7189
239 | 409 | 84.0 £ 101.36 | 368.241 + 442.9987 218.185 £+ 1.7621
694 | 1537 223 8.177288771 229552
173 | 422 7.4 £9.32 4.489 £+ 4.2508 130.688 £ 1.6681
223 | 545 18.6 + 24.66 13.608 + 15.8459 135.008 £ 1.9213
Trucks 369 | 1142 | 117.0 £ 243.22 18.024 £+ 9.8021 211.015 £ 61.6193
437 | 1355 | 135.2 £ 185.57 | 94911 + 114.4333 | 1538.269 + 1636.5726
637 | 2411 | 141.2 £164.69 | 16.023 £ 22.5185 915.991 £ 866.5724
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In terms of memory usage, it was observed that the exhaustive search was more memory-
intensive. The average memory usage for the compilation method across all instances was 218.3
MB of RAM used. The minimum was 117.8 MB for the smallest instance of Elevator, while the
maximum was 3729.7 MB for the second smallest instance of Sokoban. For exhaustive search, the
average was 337.9 MB of RAM used. The minimum used was 122.6 MB for the same elevator
instance, and the maximum was 28628.8 MB for the third smallest instance of Sokoban.

In general, these results indicate that the methods presented here could be used over a wide
range of domains and problem sizes. However, there is still room to develop more effective meth-

ods for larger problem instances.

5.3 User Study

The user study was designed to test the following hypotheses:

* H1 - Users will make fewer mistakes, in terms of including undesired side-effects, when
presented with a minimally covering goal specification list along with maximally abstract
model information (i.e., the solution to the corresponding goal recommendation problem),

rather than having to describe preferences on all possible true fluents.

* H2 - Users will use less time to decide their desired goal specification, when provided with a
minimally covering maximally abstract solution to the corresponding goal recommendation

problem, rather than having to describe preferences on all possible true fluents.

* H3 - Users will prefer specifying their desired outcome via a minimally covering maximally
abstract solution rather than having to describe preferences on all possible true fluents (side-

effects).

The first two hypotheses deal with objective measures related to the user achieving their goal,
while the third corresponds to their subjective preference of the method. The user study did not

provide users the ability to pose questions or go beyond being presented the fluents in order to
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limit the scope of the study and examine the efficacy of the system without further explainability

incorporated.

5.3.1 User Study Experimental Setup
Participants and Recruitment

A total of 39 participants were recruited for this experiment (21 identified as male and 18
as female), the majority of whom were within the age range of 25 to 44. Eligibility required
participants to be 18 or older with English proficiency. Participants were sourced from the Prolific

platform and compensated through the same. IRB approval was also obtained for the study.

Design and Randomization

The study used a within-subjects assignment with two conditions. In the first condition, the user
selects a desired goal specification, given a minimally covering and maximally abstract solution
for the corresponding goal recommendation problem. In the second, they are provided the list of
all fluents and they can decide which ones they want to be present in the goal states and which they
do not. Model information is provided to the user in terms of how a plan corresponding to their
specification would evolve. Each participant was exposed to both conditions via two scenarios: one
scenario involved a laundromat, where the robot should make sure to separate the different types
of clothes, and the other scenario involved a changing light bulbs, where the robot should avoid
breaking other bulbs. For both conditions and scenarios, participants were asked to complete their
goal selection within four minutes. The survey would force them to move to the next page once a
timer reached four minutes. The order in which participants viewed the scenarios was randomized
to support counterbalancing. This study was single-blind in that participants were unaware that
multiple versions of their condition existed. The study was designed to last 17 minutes and had
an average completion time of 13 minutes. The complete text of the user study can be found in

Appendix A.
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Metrics

The primary metrics used were the correctness of the specifications chosen by the participants,
the time taken, and their reported preference for the different specification mechanisms. Infor-
mation was also collected on subjective cognitive load measures through a NASA TLX question-
naire [25]. These questions were based on a Likert scale between 0-20, inclusive. A Likert scale

between 0-10 was also used to measure how easy the users found each interface.

Data Quality and Exclusions

Participants who failed the attention checks were not compensated, and their data were ex-
cluded. Repeat participation was also not allowed, and any data from repeat participation was
excluded. Missing data was not an issue as the questionnaire required responses. Users that did
not correctly respond to the tasks had times considered invalid, and were thus not used in compar-
isons testing H2. Although unique Prolific IDs were relied upon, IP addresses were collected and

could be cross-referenced if necessary.

5.3.2 User Study Details

Here, details about the user study are described. The user first begins by completing a consent
form, with the end of the form shown in Figure 5.1.

Once users complete the consent form, they are presented with information about the first
scenario, as shown in Figure 5.2. Following this page, they see either a list of fluents they must
make decisions on, or sets of fluents to choose between. Figure 5.3 shows the first scenario, the
timer provided to the users, and some of the fluents they chose between. The entire list of fluents
is shown in Figure 5.4. Figure 5.5 shows an update that is provided to a user when they have
made a selection, but before they have moved on. Users were allowed to change their choices,
and Figure 5.6 shows a different choice made, with a different explanation provided as to why the
selection does not lead to a valid plan. Figure 5.7 shows the plan provided to a user when they
have selected a valid plan; however, this plan is possible in the model, but may not be the correct

plan to achieve everything desired. For example, the first scenario of the laundry robot could result
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compiete tne entre stuay.

Who to contact

For questions regarding the rights of research subjects, any
complaints or commments regarding the manner in which the
study is being conducted, contact the CSU Institutional Review
Board at: CSU _IRB@colostate.edu.

Clicking on the next button below implies your consent for data
on your responses to be collected.

If you wish to participate in this research, please provide your
Prolific ID and click the next button. Otherwise, please exit the
survey.

Figure 5.1: User study screenshot showing end of IRB consent form.

in clothing being ruined because it was not separated. In Figure 5.7, the plan correctly separates
the clothing. Table 5.4 shows the list of propositions for this scenario, with Table 5.5 showing the
explanations that were displayed when a plan was not possible and Table 5.6 showing the plans
and explanations that were displayed when a plan was possible. Following the first scenario, users

are presented with the NASA TLX questions, shown in Figures 5.8 and 5.9.

Table 5.4: Propositions used in the Laundry Robot scenario of the User Study

Proposition Description
P1 All of the clothing was washed.
P2 The light clothing was separated from the dark clothing.
P3 The clothing was washed in one load.
P4 The clothing was washed in two loads.
P5 The light clothing was washed.
P6 The dark clothing was washed.
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Table 5.5: Explanations displayed in the Laundry Robot scenario of the User Study when no plan is possible.
The rules are evaluated from top to bottom, with the explanation of the first rule found to be true is displayed.

Propositions Selected | Explanation Displayed

-P1V-P5V -P6 No sequence of actions to achieve the goal is possible from your
selection. Reason: All clothing being washed is part of the goal,
which is required. In addition, both the light and dark clothing
must be washed for "All of the clothing is washed" to be true.
P2 NP3 No sequence of actions to achieve the goal is possible from your
selection. Reason: The light clothing being separated from the
dark clothing requires two loads to wash. It cannot be selected
at the same time as "The clothing was washed in one load."
-P2N\-P3 No sequence of actions to achieve the goal is possible from
your selection. Reason: The light clothing being separated from
the dark clothing requires two loads to wash. It cannot be Not
Achieved (False) at the same time as "The clothing was washed
in one load" is also skipped.

- P2\ P4 No sequence of actions to achieve the goal is possible from your
selection. Reason: The light clothing being separated from the
dark clothing is required for two loads to wash. It must be se-
lected at the same time as "The clothing was washed in two
loads."

P2 /NP4 No sequence of actions to achieve the goal is possible from your
selection. Reason: The light clothing being separated from the
dark clothing is required for two loads to wash. It must be se-
lected at the same time as "The clothing was washed in two
loads."

P3N P4 No sequence of actions to achieve the goal is possible from your
selection. Reason: The selection of "The clothing was washed in
one load" cannot be simultaneously Achieved (True) or simulta-
neously Not Achieved (False) with "The clothing was washed in
two loads." Exactly one of these two must be Achieved (True).
- P3N\ -P4 No sequence of actions to achieve the goal is possible from your
selection. Reason: The selection of "The clothing was washed in
one load" cannot be simultaneously Achieved (True) or simulta-
neously Not Achieved (False) with "The clothing was washed in
two loads." Exactly one of these two must be Achieved (True).
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Table 5.6: Explanations displayed in the Laundry Robot scenario of the User Study when a plan is possible.

Propositions Selected | Explanation Displayed

PIN-P2ANP3NP5A\PG6 | Sequence of actions to achieve the goal from your selections:
Action Step | Reasons for Taking This Action

1. Wash all | This makes "All of the clothing was washed"
clothes Achieved (True), and also makes "The cloth-
ing was washed in one load" Achieved (True).
Because "All of the clothing was washed" is
Achieved (True), it must also be Achieved
(True) that "The light clothing was washed" and
"The dark clothing was washed." Both of these
are also made Achieved (True) with this step.
PINP2ANP4NP3AP6 | Sequence of actions to achieve the goal from your selections:
Action Step | Reasons for Taking This Action

1. Separate | This makes "The light clothing was separated
light and | from the dark clothing" Achieved (True). Be-
dark cloth- | cause "All of the clothing was washed" is
ing Achieved (True), it must also be Achieved
(True) that "The light clothing was washed" and
"The dark clothing was washed."

2. Wash | This makes "The light clothing was washed"
light cloth- | Achieved (True).

ing
3. Wash | This makes "All of the clothing was washed"
dark cloth- | Achieved (True), and also makes "The cloth-
ing ing was washed in two loads" Achieved (True).
This also makes "The dark clothing was
washed" Achieved (True).
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For this scenario, consider a laundromat using a robot to wash
the laundry for you. The goal is to wash all clothing. You are trying
to wash both light and dark clothing, and washing the light and
dark clothing together will cause the light colors to become
discolored - this ruins the clothing, making it unusable.

A timer of 4 minutes will start when you begin the question. If you
do not finish within 4 minutes, the survey will move forward
automatically.

Here, your goal is to help the robot to complete the task without
ruining the clothes. You will be presented one of two ways to do it.
You will either choose between sets of outcomes, or indicate for
each statement whether it is an outcome you want (“Achieved”
or “True") or not ("Not Achieved’ or ‘False”)‘ For the list of
statements, some possible combinations of choices may be
unachievable. For both the sets of statements and the list of
statements, explanations will appear below the choices as you
make them and can be read before you proceed if you would like
to change your selections.

Figure 5.2: User study screenshot showing details presented to the user about the first scenario.

Upon completion of the first scenario, users are presented with information about the second
scenario, as shown in Figure 5.10. They are then provided with the second scenario, which contains
the other method than the one they received for the first scenario. In this case, the first scenario
used a list of fluents that required preference for each fluent, so the second scenario uses sets of
fluents that the user chooses between. The scenario and the sets of fluents are shown in Figure
5.11. Upon selection of either choice, they are shown a plan for their choice, with corresponding
explanations, as shown in Figures 5.12 and 5.13 for the first and second sets, respectively. Table
5.7 shows the list of propositions for this scenario, with Table 5.8 showing the explanations that
were displayed when a plan was not possible and Table 5.9 showing the plans and explanations

that were displayed when a plan was possible. After this, another series of NASA TLX questions
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Given the following statements for the scenario as described,
please mark whether this statement should be Achieved (True)
or Not Achieved (Fulse) at the end of the scenario, when the
robot has finished washing the laundry. Please provide an answer
for each statement.

As you make selections, the actions the robot will take (with
reasons for taking each action) will be shown to you below the
choices, or the reasons why no steps can be generated. You may
change your selections as many times as you wish, and the
feedback will update based on your choices. Only your answers
when you press the Next button, or when the timer expires, will be
recorded.

Figure 5.3: User study screenshot showing the first scenario, with the user presented with a list of fluents.

are asked of the user. Then, they are asked questions to compare the methods, as shown in Figure
5.14, and demographic questions, as shown in Figure 5.15.

Users were randomly assigned between the two groups, either receiving the list of fluents for
the first scenario or the sets of fluents for the first scenario. Figures 5.16, 5.17, and 5.18 show
the first scenario with the sets of fluents, and Figures 5.19, 5.20, 5.21, and 5.22 show the second

scenario with the list of fluents.
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robot has finished washing the laundry. Please provide an answer
for each statement.

As you make selections, the actions the robot will take (_With
reasons for taking each action) will be shown to you below the
choices, or the reasons why no steps can be generated. You may
change your selections as many times as you wish, and the
feedback will update based on your choices. Only your answers
when you press the Next button, or when the timer expires, will be
recorded.

Figure 5.4: User study screenshot showing first scenario, showing the entire list of fluents that the user must
give preference about.

5.3.3 User Study Results

Regarding the first hypothesis, it was found that 10 participants failed when provided with
the list of fluents, while only a single participant failed when provided with the recommendation
problem solution. As such, the result was a failure rate of 28% for the former and failure rate of
2.5% for the latter. This provides strong evidence for the hypothesis H1 holding. It is worth noting

that, in addition to users who provided the wrong specification (in that they provided an undesired
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when you press the Next button, or when the timer expires, will be
recorded.

®

®©® ® ® @

No sequence of actions to achieve the goal is possible from your
selection.

Reason: The light clothing being separated from the dark clothing
requires two loads to wash. It cannot be selected at the same
time as 'The clothing was washed in one load.’

Figure 5.5: User study screenshot showing first scenario, with the explanation provided to the user when
they have chosen a goal that is not possible.

outcome), timing out of the task was also counted as a failure. However, the timeout only counted
for 27% of all failures.

Regarding hypothesis H2, the time to complete any task when choosing for each fluent on a
list of fluents was 106.9 4 55.55 seconds (given as average + standard deviation) compared to the
time when provided the goal recommendation (77.1 4+ 41.82 seconds). An independent-samples
t-test showed this to be a statistically significant difference, with a p-value of 0.02. This provides

strong evidence in support of H2.
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when you press the Next button, or when the timer expires, will be
recorded.

No sequence of actions to achieve the goal is possible from your
selection.

Reason: All clothing being washed is part of the goal, which is
required. In addition, both the light and dark clothing must be
washed for "All of the clothing is washed' to be true.

-

Figure 5.6: User study screenshot showing showing first scenario, with the explanation provided to the user
when they have chosen a goal that is not possible. This explanation differs from the explanation when all

When considering the subjective measures, somewhat mixed results are seen. To start with,
the reported temporal and mental demand ratings across the two conditions showed no statistically
significant differences. However, both measures were marginally higher for lists of fluents, indi-
cating that participants tended to experience greater temporal pressure and mental workload when
engaging with list conditions. Similarly, only 17 people preferred using goal sets over using the

full fluent list, while 12 people reported preferring the fluent list. Additionally, users rated lists

33



®

®

wosbee in hwo nods

I lignt-Chatnenc) Wos

athytal

Ihe dork ciothang wos

somhed -

@ ®@ @

Sequence of actions to achieve the goal from your selections:

Action
Reasons for Taking this Action
Step
This makes "The light clothing was
. Separate aepgruted from the dark cIc:thing"
light and Achieved (True). Because "All of the
dark clothing was washed' is Achieved I:True},
. it must also be Achieved {True) that "The
clothing light clothing was washed’ and "The dark
clothing was washed.”
i]:.;usn This makes "The light clothing was
) washed” Achieved (True).
clothing
This makes "All of the clothing was
3 Wash washed” Achieved {True). and also makes
s 'The clothing was washed in two loads”
clothing Achieved (True). This nlsoumnk% "The
dark clothing was washed” Achieved
(True).

Figure 5.7: User study screenshot showing showing first scenario, with the plan provided to the user that
achieves their selected goals.
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Please use the sliders below to answer each of the provided
questions about the previous scenario.

How much mental and perceptual activity, was required {:eg_,
thinking. deciding, calculating, remembering. looking, searching,
etc) ? Was the task easy or demanding, simple or complex,
exacting or forgiving?

Mental Dermand

O

How much physical activity was reguired {e.g.. pushing, pulling,
turning. controlling, activating, etc.) ? Was the task 2qsy of
demanding, slow or brisk, slack or strenuous restful or laborious?

Physical Demand

O

How much time pressure did you feel due to the rate or pace at
which the tasks or task elements cccurred? Was the pace slow
and |eisurely or rapid and frantic?

Termporal Demand

Figure 5.8: User study screenshot showing the NASA TLX questions asked of the user following each
scenario.
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For the following pair-wise comparisons of the six scales (Mental
Demand, Physical Demand, Temporal Demand, Performance,
Effart, Frustrution) choose the one that contributed more to the
workload of this survey.

Effort or Performance?

Effort Perfarmonce

e y
L) J

Temporal Dermand or Frustration?

Temponal Demand Frustration

| L=l

Temporal Demand or Effort?

Temporal Bernand Effort
o o,

| 4} =)

Physical Demand or Frustration?

Physical Dermond Frustration

) =)

Performance or Frustration?

Figure 5.9: User study screenshot showing the pair-wise NASA TLX questions asked of the user following
each scenario.
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Table 5.7: Propositions used in the Light Bulb Robot scenario of the User Study

Proposition Description
P1 Two new bulbs were in the compartment when the robot ascended the first time.
P2 One new bulb was in the compartment when the robot ascended the first time.
P3 The first light bulb was changed.
P4 The second light bulb was changed.
P5 The first old bulb was dropped.
P6 One new bulb was in the compartment when the robot ascended the second time.
P7 The first old light bulb was returned.

as slightly easier to work with than sets of goals by a small margin (average of 7.5 vs 7.286). As

such, there is not any strong evidence to support the final hypothesis. These results may indicate

different subjective interpretations of "ease-of-use" compared to the actual effort needed. It may

also be the result of using simple domains containing only a handful of fluents, and the results may

be different if the user study included much more complex domains.
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Table 5.8: Explanations displayed in the Light Bulb Robot scenario of the User Study when no plan is
possible. The rules are evaluated from top to bottom, with the explanation of the first rule found to be true
is displayed.

Propositions | Explanation Displayed
Selected
P1 NP2 No sequence of actions to achieve the goal is possible from your selection.
Reason: The statement "Two new bulbs were in the compartment when the
robot ascended the first time" cannot be Achieved (True) at the same time
as the statement "One new bulb was in the compartment when the robot as-
cended the first time" is Achieved (True).

P1 A P6 No sequence of actions to achieve the goal is possible from your selection.
Reason: The statement "Two new bulbs were in the compartment when the
robot ascended the first time" cannot be Achieved (True) at the same time
as the statement "One new bulb was in the compartment when the robot as-
cended the second time" is Achieved (True).

—P1 A —-P2 | No sequence of actions to achieve the goal is possible from your selection.
Reason: The statement "Two new bulbs were in the compartment when the
robot ascended the first time" cannot be Not Achieved (False) at the same
time as the statement "One new bulb was in the compartment when the robot
ascended the first time" is Not Achieved (False).

—P1 A\ —-P6 | No sequence of actions to achieve the goal is possible from your selection.
Reason: The statement "Two new bulbs were in the compartment when the
robot ascended the first time" cannot be Not Achieved (False) at the same
time as the statement "One new bulb was in the compartment when the robot
ascended the second time" is Not Achieved (False).

P5 NP7 No sequence of actions to achieve the goal is possible from your selection.
Reason: "The first old light bulb was returned" and "The first old bulb was
dropped" cannot simultaneously both be Achieved (True).

- P5 A —~P7 | No sequence of actions to achieve the goal is possible from your selection.
Reason: "The first old light bulb was returned" and "The first old bulb was
dropped" cannot simultaneously both be Not Achieved (False).

P2 NP5 No sequence of actions to achieve the goal is possible from your selection.
Reason: "One new bulb was in the compartment when the robot ascended
the first time" and "The first old bulb was dropped" cannot both be simulta-
neously Achieved (True).

- P2 A —-P5 | No sequence of actions to achieve the goal is possible from your selection.
Reason: "One new bulb was in the compartment when the robot ascended
the first time" and "The first old bulb was dropped" cannot both be simulta-
neously Not Achieved (False).

—P3V -P4 | No sequence of actions to achieve the goal is possible from your selection.
Reason: Both light bulbs must be changed, as this is the goal.
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Table 5.9: Explanations displayed in the Light Bulb Robot scenario of the User Study when a plan is

possible.

Propositions | Explanation Displayed

Selected

P1 AN —=P2 N | Sequence of actions to achieve the goal from your selections:

P3 N P4 N | Action Step Reasons for Taking This Action

P5 N —-P6 AN | 1. Bring two | This makes "Two new bulbs were in the compartment

- P7 new light bulbs | when the robot ascended the first time" Achieved (True).
up. This leaves zero empty spaces in the compartment.
2. Change first | This makes "The first light bulb was changed" Achieved
light bulb with | (True). The bulb is dropped because two bulbs are in the
Zero empty | compartment, not allowing the robot to place the old bulb
spaces in the | in the compartment before removing the new one. This
compartment. | makes "The first old bulb was dropped" Achieved (True).
3. Change | This makes "The second light bulb was changed"
second  light | Achieved (True). The bulb is not dropped because only
bulb with one | one bulb is in the compartment, allowing the robot to
empty space in | place the old bulb in the compartment before removing
the compart- | the new one.
ment.

—P1 A P2 A | Sequence of actions to achieve the goal from your selections:

P3 AN P4 A | Action Step Reasons for Taking This Action

-P5 NP6 A| 1. Bring one | This makes "One new bulb was in the compartment when

P7 new light bulb | the robot ascended the first time" Achieved (True). This

up.

leaves one empty space in the compartment

2. Change first
light bulb with
one empty
space in the
compartment.

This makes "The first light bulb was changed" Achieved
(True). The bulb is not dropped because only one bulb is
in the compartment, allowing the robot to place the old
bulb in the compartment before removing the new one.

3. Return first
old light bulb.

This makes "The first old light bulb was returned"
Achieved (True). This leaves two empty spaces in the
compartment.

4. Bring one
new light bulb

up.

This makes "One new bulb was in the compartment when
the robot ascended the second time" Achieved (True).
This leaves one empty space in the compartment.

5. Change
second  light
bulb with one
empty space in
the compart-
ment.

This makes "The second light bulb was changed"
Achieved (True). The bulb is not dropped because only
one bulb is in the compartment, allowing the robot to
place the old bulb in the compartment before removing
the new one.
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For this scenario, consider a robot that is changing light bulbs in
out-of-reach places. it has one arm, and can store two light
bulbs in a compartment at any time. The robot can only move
when the arm is not holding a bulb. The goal is to change two
bulbs that are close to each other. If a light bulb is dropped, there
is a good chance that the bulb will shatter - this will not only ruin
the bulb, but cause shards of glass to be scottered everywhere,
These shards are both a health hazard, and require someone to
clean them up.

A timer of 4 minutes will start when you begin the question. If you
do not finish within 4 minutes, the survey will move forward
automatically.

Here, your goal is to help the robot to complete the task without
shattering any bulbs. You will be presented one of two ways to do
it. You will either choose between sets of outcomes, or indicate for
each statement whether it is an outcome you want (*Achieved"
or “True”) or not (“Not Achieved” or “False’). For the fist of
stotements, some possible combinations of choices may be
unachievable. For both the sets of statements and the list of
statements, explanations will appear below the choices as you
make them and can be read before you proceed if you would like
to change your selections.

Figure 5.10: User study screenshot showing details presented to the user about the second scenario.
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Given the following sets of statements for the scenario as
described, choose the set of statements that if they are
outcomes of the actions of the robot ("Achieved” or "True") after
the robot has finished every step in its plan, would best
accomplish your goals.

As you make selections, the actions to achieve the goal (with
reasons for taking each action) will be shown to you below the
choices, or the reasons why no steps to achieve the goal can be
generated. You may change your selections as many times as
you wish, and the feedback will update based on your choices.
Only your answers when you press the Next button, or when the
timer expires, will be recorded.

Setl:

Two new bulbs were in the compartrment when the robot
ascended the first time.

The first light bulb was changed.

The second light bulb was changed.

The first old bulb was dropped.

Set 2

One new bulb was in the compartment when the robot ascended
the first time.

The first light bulb was changed.

The second light bulb was changed.

One new bulb was in the compartment when the robot ascended
the second time.

The first old light bulb was returned.

() Sat]

O Sar 2

Figure 5.11: User study screenshot showing the second scenario, with the user presented with two sets of
fluents to choose between.
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The first old light bulb was returned

® Satl

Cl8at 2

Sequence of actions to achieve the goal from your selection:

Action Step

Reasons for Taking this Action

1. Bring two new
light bulbs up.

This makes "Two new bulbs were in
the compartment when the robot
ascended the first time” Achieved
(True). This leaves zero empty
spaces in the compartment

2. Change first
light bulb with zero
emply spaces in
the compartment.

This makes "The first light bulb was
changed" Achieved (True). The
bulb is dropped because two bulbs
are in the compartment, not
allowing the robot to place the old
bulb in the compartment before
removing the new one. This makes
“The first old bulb was dropped”
Achieved {True).

3. Change second
light bulb with one
empty space in

the compartment

This makes "The second light bulb
was changed” Achieved

(True). The bulb is not dropped
because only one bulb is in the
compartment, allowing the robot to
place the old bulb in the
compartment before removing the
new one.

Figure 5.12: User study screenshot showing showing second scenario, with the plan provided to the user
that achieves their selected set of goals.
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Steps to achieve the

goal from your selection:

Action Step

Reasons for Taking this Action

l. Bring one new
light bulb up.

This makes "One new bulb was in
the compartment when the robot
ascended the first time” Achieved
(True). This leaves one empty
space in the compartment

2. Change first light
bulb with one
empty space in the
compartment

This makes "The first light bulb
was changed" Achieved

(True)_ The bulb is not dropped
because only one bulb is in the
compartment, allowing the robot
to place the old bulb in the
compartment before removing the
new one

3. Return first old
light bulb.

This makes "The first old light bulb
was returned” Achieved (True).
This leaves two empty spaces in
the compartment

4. Bring one new
light bulb up.

This makes "One new bulb was in
the compartment when the robot
oscended the second time”
Achieved {True) This [eaves one
empty space in the compartment

5. Change second
light bull with one
empty space in the
compartment

This makes "The second light bulb
was changed” Achieved

(True). The bulb is not dropped
because only one bulb is in the
compartment, allowing the robot
to place the old bulb in the
compartment before removing the
new one.

Figure 5.13: User study screenshot showing showing second scenario, with the plan provided to the user
that achieves their selected set of goals. This shows a different plan from the different selection.
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Please rate (frorm 0-10; with 0 being the lowest) your ease of use
of the systarm when shown sets of statements that would be
achieved (trug) In o goal state and choosing between the sats,

to=e with Hete of Stotemsnts

o

Pleaze rate (frorm 0-10, with 0 being the Iuwest] your ease of use
of the system when shown all statements thot would be ochieved
{true] in a goal stote and providing o cholce of preference for
edch statement.

bome with Liat of All Stotements

o

Between the two methods (being shown sets of statements and
choosing between them vs. list of statements and giving choice
of preference for each staternent). which do you prefer?

() Sete of Stotaments

l:ﬂ Al stmtements with: preference for each

Why did you prefer one of the methods over the other?

Figure 5.14: User study screenshot showing final questions presented to the user where a user answers
questions comparing the two methods.
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Whidt is your gender?
I hotrais
1 temaole
[} Mon-oinory | third gendaet

.} Frefer ol o8y

What range does your age fall In?
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) Ee—-714

e e —o

) 20—

)

% BB or olchoy

-

Figure 5.15: User study screenshot showing demographic questions presented to the user.
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Given the following sets of statements for the scenario as
described, choose the set of statements that, if they are
outcomes of the actions of the robot ("Achieved” or "True”) after
the robot has finished every step in its plan, would best
accomplish your goals.

As you make selections, the actions to achieve the goal (with
reasons for taking each action) will be shown to you below the
choices, or the reasons why no steps to achieve the goal can be
generated. You may change your selections as many times as
you wish, and the feedback will updote based on your choices.
Only your answers when you press the Next button, or when the
timer expires, will be recorded.

Setl

All of the clothing was washed.

The light clothing was separated from the dark clothing.
The light clothing was washed.

The dark clothing was washed.

The clothing was washed in two loads.

Set 2;

All of the clothing was washed.
The light clothing was washed.
The dark clothing was washed.
The clothing was washed in one |oad.

(C) Set|

) set 2

Figure 5.16: User study screenshot showing the first scenario, with the user presented with two sets of
fluents to choose between.
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Set 2:

All of the clothing was washed.
The light clothing was washed.
The dark clothing was washed.
The clothing was washed in one load.

(@ sat]

C)get2

Sequence of actions to achieve the goal from your selection:

Action
S Reasons for Taking this Action
Step
This makes "The light clothing was
separated from the dark clothing’
l. Separate . .
iaht and Achieved {True)_ Because "All of the
clg ! clothing was washed” is Achieved (True),
ar
slothin it must also be Achieved (True) that "The
g light clothing was washed and "The dark
clothing was washed.”
2. Wash i : :
i mu This makes The light clothing was
| . ;
d : washed” Achieved [True]l.
clothing
This makes "All of the clothing was
washed” Achieved fTrue), and also makes
3. Wash i ; : .
el The clothing was washed in two loads
e Achieved (True). This also makes "The
s clark clothing was washed” Achieved
(True)

-

Figure 5.17: User study screenshot showing showing first scenario, with the plan provided to the user that
achieves their selected set of goals.
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All of the clothing was washed.

The hkight ciothing was separated frorm the dark clothing.
The light clothing was washed.

The dark clothing was washed.

The clothing was washed in two loads:

Set 2

All of the clothing was washed.
The light clothing was washed.
The dark clothing was washed.
The clothing was washed in one load.

() setl

() Set2

Steps to achieve the goal from your selection:

Action

Reasons for Taking this Action
Step

This makes "All of the clothing was washed’
Achieved (True), and also makes "The
clothing was washed in one load” Achieved

l. Wash {:True]_ Because "All of the clothing was

all washed" is Achieved (True), it must also be
clothes |Achieved (True) that “The light clothing was
washed" and "The dark clothing was washed.”
Both of these are also made Achieved (True]
with this step.

-

Figure 5.18: User study screenshot showing showing first scenario, with the plan provided to the user that
achieves their selected set of goals. This shows a different plan from the different selection.
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Given the following statements for the scenario as described,
please mark whether this statement should be Achieved (True)
or Not Achieved {FGISE-) at the end of the scenario, when the
robot has finished changing the light bulbs. Please provide an
answer for each statement.

As you make selections. the actions the robot will take [:with
reasons for taking each action) will be shown to you pelow the
choices, or the reasons why no steps can be generated. You may
change your selections as many times as you wish, and the
feedback will update based on your choices. Only your answers
when you press the Next button, or when the timer expires, will be
recorded.

shiged (s Mat Achssved |Fase)

= ™

s=scendad tha firat
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Thaniged s o
e secand light bulk )
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Figure 5.19: User study screenshot showing second scenario, showing the entire list of fluents that the user
must give preference about.
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change your selections as many times as you wish, and the
feedback will update based on your choices. Only your answers
when you press the Next button, or when the timer expires, will be
recerded

Mo sequence of actions to achieve the goal is possible from your
selection.

kReason: The statement "Two new bulbs were in the compartment
when the robot ascended the first time” cannot be Achieved
(True) at the same time as the statement "One new bulb was in
the compartment when the robot ascended the first time” is
Achieved (True).

Figure 5.20: User study screenshot showing second scenario, with the explanation provided to the user
when they have chosen a goal that is not possible.
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Sequence of actions to achieve the gool from your selections:

Action Step Reasons for Taking this Action

This mokes “Two new bulbs wers in
the cormpartment when the robot
scended the first time” Achieved
(True). This leaves zero emply
spoces in the compartment

. Bring two new
light bulbs up.

rhis mickes "rhe first light bulb was
changed’ Achigved (True). The
ol s dropped becouse two bulbs
are in the compartrment, not
allowing the robot 1o ploce the old
LUl in the compartment before
removing the new one. This maokes
“The first old bulb wos dropped”
Achieved (True).

2. Change first
ligint bulp with zeso
empty spoceas in
the comportrment.

This makes “The second light bulb
was changed” Achieved

3. Change second)||( True). The bull is not dropped
light bl with one [lbecause only one bulb is in the
empty space in - lcompartment, allowing the robot 1o
the compartment. (jplace the old bulb in the
cornpartrment before removing the
PeEw one;

Figure 5.21: User study screenshot showing showing second scenario, with the plan provided to the user
that achieves their selected goals.
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Figure 5.22: User study screenshot showing showing second scenario, with the plan provided to the user
that achieves their selected goals. The goals selected lead to the desired outcome, but a longer plan.
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Chapter 6

Conclusions

This thesis presents the first attempt at trying to resolve the problem of goal underspecification
by helping the user better understand the task and, by extension, the consequences of their goal
specification. In particular, the use of model abstractions as a way to inform the users about only
the part of the task that is relevant to reason about minimal unavoidable side-effects for the given
goal specification was a particular focus. Two specific ways of doing it are provided, namely a
blind exhaustive search and a planning compilation. Both user studies and computational experi-
ments were performed to verify the proposed method. The initial results seem to point towards the
usefulness of the method.

Going forward, extending these methods to be applicable beyond classical planning is a strong
possible direction. Here, increasing both the complexity of the task (including those that contain
numeric and temporal constraints) and looking at richer objective specification mechanisms (like
rewards) would be of interest. Such settings might require a novel abstraction mechanism. Ad-
ditionally, if the planning problems are quite complex, directly planning in the concrete model
may not be feasible, and novel heuristics may need to be developed to search over the abstraction

lattice.
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