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ABSTRACT

INVESTIGATING THE APPLICATIONS OF MODEL REASONING FOR HUMAN-AWARE AI

SYSTEMS

This dissertation investigates how intelligent agents can reason over their models to better

support, explain, and adapt to human users. Traditional AI planning assumes that the underlying

model—describing the agent’s actions, goals, and environment—is fixed and complete. However, in

real-world deployments, these models often diverge from users’ expectations, leading to confusion,

mistrust, or failure. To address this, I propose a shift from reasoning within a model to reasoning

about the model itself, using a framework called model-space search. Through four interconnected

works, I demonstrate how model reasoning enables agents to operate more effectively in human-

aware settings. First, I show how agents can proactively support users by detecting likely failure due

to model misalignment and suggesting minimal corrections. Second, I extend explanation frame-

works to include the intentions of system designers, revealing hidden influences on agent behavior.

Third, I introduce Actionable Reconciliation Explanations, which combine model reconciliation

and excuse generation to help users both understand and influence agent behavior. Finally, I explore

how Large Language Models can enhance model-space search by guiding it toward more plausible

and interpretable updates. Together, these contributions establish model reasoning as a foundation

for building AI systems that are not only autonomous but also transparent, adaptable, and aligned

with the people they serve.
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Chapter 1

INTRODUCTION

The field of Artificial Intelligence (AI) continues to evolve, driving innovation in domains

where intelligent systems must autonomously solve complex problems. One of the foundational

capabilities enabling such behavior is AI planning, which focuses on generating sequences of

actions that lead agents from an initial state to a desired goal. Traditional approaches in this area

typically assume that the underlying planning model is complete, correct, and static. Within such

assumptions, the core task is to find an optimal or feasible plan that satisfies the goal condition

under the given model.

However, these assumptions rarely hold in real-world applications. In practice, planning models

are often incomplete, outdated, or misaligned with human expectations. The environment may

change, users may interpret the task differently, and designers may embed objectives into the system

that are not fully transparent. These discrepancies can lead to plans that appear inexplicable, unsafe,

or unintuitive to human collaborators, ultimately reducing trust and system effectiveness.

To build AI systems that are more adaptable, transparent, and user-aligned, we must move beyond

simply generating plans within a fixed model. We must instead empower agents to reason over the

model itself to consider what assumptions are embedded in the model, how those assumptions might

differ from a user’s expectations, and how the model might be revised or interpreted differently to

support collaboration. This broader perspective gives rise to the framework of model-space search,

where the objective is not just to find a plan, but to identify or adapt the model in ways that improve

performance, understanding, or alignment.

Model-space search reframes planning tasks as problems situated in a space of possible models.

Instead of asking “What is the best plan for this model?”, we can ask “What model would make

this plan valid?”, “What minimal changes to the model would help a user understand the agent’s

actions?”, or “What assumptions need to be revised for a failed plan to succeed?” This shift in
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focus enables a wide range of functionalities that are essential for real-world AI systems, including

explanation, intervention, adaptation, and model correction.

This work is grounded in the broader research area of Human-Aware AI Planning, which

emphasizes the importance of designing planning agents that explicitly account for the mental

models, capabilities, and goals of human users. Human-Aware AI Planning extends classical

planning by requiring agents to consider not only what is optimal in their own model but also how

that behavior will be interpreted or assisted by humans. It highlights the role of model divergence

as a source of misunderstanding and presents new planning objectives centered around explicability,

transparency, and assistance.

My dissertation builds upon the Human-Aware AI Planning framework by focusing specifically

on reasoning over models—both the agent’s and the human’s—as a way to operationalize these

objectives. I argue that model reasoning via model-space search provides a powerful and generaliz-

able tool for achieving the goals of human-aware AI systems. Rather than treating models as fixed

inputs to the planning process, I treat them as variables to be explored, updated, and aligned with

stakeholders’ expectations.

This dissertation presents four works that illustrate how model reasoning can improve col-

laboration, understanding, and adaptability in AI systems. These chapters are connected by a

common methodological foundation—model-space search—but they explore different applications,

challenges, and extensions of the idea.

These contributions are structured as four chapters (Chapters 3–6), each focusing on a different

aspect of model-space reasoning. Collectively, they contribute to a broader vision in which reasoning

over models becomes a core capability of intelligent, human-aware agents.

To support these contributions, Chapter 2 provides the necessary theoretical and conceptual

background. It introduces formal notions of planning, model-space search, and the core ideas from

Human-Aware AI Planning that underpin the work in later chapters.

Chapter 3 initiates the exploration by addressing the problem of knowledge asymmetry—situations

where users have flawed or incomplete models of the task. I propose a method that combines prob-
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abilistic goal recognition with model-space search to detect when users are likely to fail and to

identify minimal model updates for recovery. This chapter introduces the foundational need for

agents to reason about others’ models to provide timely and context-sensitive support.

Building on the need for explanation in asymmetric settings, this chapter considers cases where

an agent’s behavior is influenced by hidden design goals. While Chapter 3 focused on helping

users based on their misunderstandings, Chapter 4 explores how design-driven system behavior can

appear opaque, even when users understand the agent’s model. I extend model reasoning to include

designer-aware explanations, offering insights into how agents and environments were constructed

to produce particular behaviors.

Having shown how agents can explain themselves and their designer goals, this chapter shifts

toward interactive explanations—enabling users not just to understand the system but to influence its

behavior. I introduce Actionable Reconciliation Explanations, which blend model reconciliation and

excuse generation into a single explanation that shows both why the agent acted as it did and how

the model could be changed to support a user-preferred alternative. This work marks a transition

from explanatory systems to collaborative, modifiable agent plans.

The preceding chapters demonstrate the expressiveness of model-space search, but also expose

some limitations. While model-space search provides a principled framework, it often suffers

from computational bottlenecks and lacks preference sensitivity among logically equivalent model

edits. In Chapter 6, we investigate how Large Language Models (LLMs) can be leveraged to

improve model-space reasoning. We explore LLMs as standalone model reasoners and also as

complementary components that guide combinatorial search toward more likely or natural model

edits. This work marks an important step toward scaling model reasoning and incorporating broader

commonsense signals into planning tasks.

Contribution This dissertation advances the field of Human-Aware AI by positioning model

reasoning—reasoning about, rather than only within, planning models—as a foundational capability

for intelligent systems. By treating models as entities that can be interrogated, explained, and

3



modified, this work enables a shift from purely action-generating systems to truly collaborative

agents that can engage with users’ mental models, designers’ intentions, and dynamic task contexts.

• This dissertation shows how model reasoning enables AI agents to detect, explain, and resolve

misalignments between their internal models and the expectations of users or designers,

ultimately improving transparency, collaboration, and trust.

• It introduces new forms of explanation—including designer-aware and actionable explana-

tions—that go beyond traditional plan justification to support deeper user understanding and

meaningful interaction.

• It demonstrates how model-space search provides a unifying framework for enabling proactive

assistance, rich explanations, and adaptive behavior in human-aware AI systems.

• It enhances the scalability and human-likeness of model reasoning by integrating large

language models, making model-space search more efficient and better aligned with real-

world expectations.

1.1 Publications Covered in the Dissertation

The core of this dissertation includes four peer-reviewed publications: two papers published in

AAMAS, one published in HRI, and one published in AAAI.

The following chapters are based on these publications and reflect the core contributions of the

dissertation:

• Chapter 3 is based on the paper presented at AAMAS-24 [1].

• Chapter 4 is based on the paper presented at AAMAS-25 [2].

• Chapter 5 is based on the paper presented at HRI-25 [3].

• Chapter 6 is based on the paper published in AAAI-24 [4].
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Chapter 2

BACKGROUND

In our chapters, we will focus on goal-directed deterministic planning problems, i.e., classical

planning or STRIPS [5] style planning problems. We can represent such planning problems or

equivalently models using tuples of the formM = ⟨F,A, I,G,C⟩, whereM represents a planning

model. In this tuple, F is a set of propositional fluents used to define the set of possible unique states

within the model. A is the set of actions that can be executed. Each action a ∈ A is represented as a

tuple ⟨pre (a), add (a), del (a)⟩, where pre (a) ⊆ F , specifies the preconditions for the action. An

action a is available in a state s if pre (a) ⊆ s. The sets add (a) ⊆ F and del (a) ⊆ F represent the

add and delete effects of the action, respectively. We will use the function δM : 2F × A→ 2F to

represent the transition function that captures resulting of executing an action. As such, the result of

executing an action a in a given state s ⊆ F is represented as δM(s, a) = (s ∪ add (a)) \ del (a),

where pre (a) ⊆ s. I ⊆ F defines the initial state, and G ⊆ F specifies the goal description. Finally,

C is a cost function that maps actions to their costs, which are real values.

The solution to this problem is a plan (sequence of actions), π = ⟨a1, a2, ..., an⟩, such that

δM(I, π) ⊇ G (where δM(I, π) = δM((δM(I, a1), a2), ...an)). The cost of the plan π is C(π) =
∑

ai∈π
C(ai). We call a plan π optimal if no other plan can satisfy the goal description G with less

cost. We represent such optimal plans in model M as π∗, and similarly, the cost for the optimal plan

will be C∗
M . The original work on excuses focused on unsolvable planning problems, i.e., no action

sequence whose execution leads to the goal exists. To capture such cases uniformly, we introduce a

new action a−1, which has empty preconditions, whose add effects contain the goal description, and

has an infinite cost. Thus, a problem is unsolvable if its optimal plan is π−1 = ⟨a−1⟩.

We are interested in setting where the robot’s model of the taskMR = ⟨F,AR, IR, GR, CR⟩

may be different from the human’s beliefs about the taskMH = ⟨F,AH , IH , GH , CH⟩. Keeping

with the foundational settings in human-aware planning [6], we will consider a case where the robot

is the primary actor, and the human uses their beliefs to make sense of the robot’s actions. For the
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sake of simplifying the technical discourse, we will assume the two models share the fluent space

and action labels (but not necessarily the action definitions). One of the basic problems that could

arise here is when the plan followed by the robot (πR) is not the same as the one expected by the

human (πH). To simplify the discussion, we will assume that the expectation mismatch arises from

the fact that the human might not think the robot plan is optimal or even valid (perMH) and the

robot might have similar views about the human plan1. Both model reconciliation explanations [7]

and excuses [8] provide two orthogonal ways of addressing this same problem.

Both these methods use model space search to update either of the two models. In particular,

this model space is defined over a space of model parameters F (F,A), which is defined over the

fluents and action labels shared between the two models, and this model parameter set is given as

where

F (F,A) = {init-has-f | f ∈ F} ∪ {goal-has-f | f ∈ F} ∪

⋃

a∈A

{a-has-positive-prec-fa-has-add-fluent-f, a-has-del-fluent-f | f ∈ F}.

1It is worth noting that most of the following discussion still holds if the human is not performing optimal planning
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We will now use a parameterization function (Γ(·) ) that will map each model to a subset of the

model parameters (we will follow the conventions set by [9])

τI = {init-has-f | f ∈ I}

τG = {goal-has-g | g ∈ G}

τpre (a) = {a-has-prec-fluent-f | f ∈ pre (a)}

τadd (a) = {a-has-add-fluent-f | f ∈ add (a)}

τdel (a) = {a-has-del-fluent-f | f ∈ del (a)}

τa = τpre (a) ∪ τadd (a) ∪ τdel (a)

τA =
⋃

a∈AM

τa

Γ(M) = τI ∪ τG ∪ τA

Similarly, we will use the function Γ−1 to map a set of model parameters into a model, and we

will represent the set of all possible models that can be represented using the model parameters

as M(F,A). Now, under explanation model reconciliation, the goal is to update the human model

(MH), such that the robot plan (πR) will be optimal in the updated model. Here, the changes made

to the human model align with the robot model; that is, the human is provided with true information

about the robot model (that may not have been known previously). We will represent this process of

updating the human model as: M̂H =MH + E

Where M̂H is the updated human model, ‘+’ is the update operator, and E is the model

information (i.e., the explanation). Note that the use of the ‘+’ operator is one of convenience since

the update may provide the human with information about the robot model they previously didn’t

know (as such, add new parameters to Γ(MH)), and possibly correct misconception they may have

about the robot model (as such, remove parameters from Γ(MH)). We will use the cost function CE

to return the non-negative cost of providing an explanation (i.e., a piece of model information) and

will refer to an explanation set with the lowest cost as a minimally complete explanation or MCE.
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We believe that that this background introduces the key concepts required for the upcoming

chapters. Although conditional effects are relevant, we introduce them later in Chapter 3 as they

are not essential for the foundational understanding provided here and are specific to the context

discussed there.
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Chapter 3

HELP! PROVIDING PROACTIVE SUPPORT IN

THE PRESENCE OF KNOWLEDGE

ASYMMETRYS

In this chapter, I explore how model reasoning can support users who operate under incorrect

or incomplete assumptions about a task. In such cases, the plans they generate may be invalid in

the actual environment, leading to unintended or even dangerous outcomes. This work focuses

on enabling agents to detect when these model misalignments may result in user failure and to

intervene early with minimal and targeted support. The core idea is to estimate the likelihood that a

user’s plan—though not directly observable—will lead to failure due to differences in task models.

To do this, I frame the problem as a form of probabilistic goal recognition, allowing the agent to

infer risk from observed actions. Once risk is detected, I apply model-space search to identify the

smallest set of model updates that would correct the user’s misconceptions and enable a valid plan.

Finally, I introduce a decision-theoretic approach to guide early intervention, ensuring the agent

acts before failure becomes irreversible. This chapter highlights how reasoning over user models

can proactively support success without assuming full knowledge of user plans or goals.

3.1 Introduction

There is a long history within AI for developing proactive personal assistants [10–17]. These are

automated agents that are meant to keep track of the activities of a user and their eventual goals and

offer help whenever the agent determines that the user may benefit from it. While many previous

works have looked at such support problems, most of the works that propose formal support models

seem to focus on a few specific settings. In particular, there is a lot of focus on what might be

considered serendipitous support,’ where the user tries to achieve their goal, and the agent tries to
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reduce the burden placed on the user (cf. [18–22]). Works have also looked at supporting users with

cognitive disabilities [23–26].

However, a direction of work that has gotten relatively less attention is the use of disembodied

assistants in the presence of knowledge assymmetry i.e., support users when their estimate about

the task may have changed or differs from the agent’s true estimate. As such, the plans users devise

may not be valid. The potential use cases here could range from safety-critical, imagine a system

alerting a rescue worker in a disaster scenario about a collapsed wall blocking their path, to the

quotidian, a system that informs the user about heavy traffic in their normal route to work. Also, the

setting simplifies the kinds of intervention required from the agent’s end to merely informing the

user about task information they might not have been aware of previously.

The primary challenge with these works is identifying the degree to which (if at all) the difference

in task knowledge impacts the user’s ability to generate valid plans. If they do, the agent should

be able to recognize what information about the underlying model should be provided to the user

so they can choose a new valid plan. As with other works in this direction, we will assume that

the user’s actual plan is not known upfront to the assistive agent. Additionally, the difference in

the user’s estimate of the task and the agent’s might be significant. Depending on the plan the

user selects, only a subset of differences between the agent’s estimate and the user’s own estimate

might be relevant, where relevancy is determined by whether it impacts the plan’s validity. As

such, we will start by proposing a way to estimate the probability that a user may follow an invalid

plan in the agent’s task model. We will introduce a novel planning compilation that will map the

problem of detecting failure into that of probabilistic goal recognition and then employ existing

goal recognition tools to estimate the probabilities.

Additionally, for a given state, we also show how one could adapt model space search [27], to

generate the minimal set of information about model changes that need to be passed to the user

so they are guaranteed not to follow a potentially incorrect plan. One could see such information

being provided to the user once the confidence the agent has in the user making a mistake crosses a

certain threshold.
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However, as we will see, relying purely on the probability of failure has downsides. One

would want the assistive agent to make suggestions or intervene early enough that the user can take

corrective actions and avoid potential mistakes. For example, in the case of heavy traffic, you would

expect the agent to notify the user before they enter the road and not after they are stuck in the

traffic (even though the agent can be very confident that the user is following a bad plan in the latter

case). In mission-critical non-ergodic domains, such early intervention can be quite critical. As we

will see in Section 3.6, while the true problem of generating pre-emptive agent intervention may be

best expressed as a Partially Observable Markov decision process (POMDP), we can approximate

the problem that is guaranteed to generate a more cautious policy.

To summarize, the main contributions of this chapter are as follows:

• We develop a novel planning compilation that maps the problem of estimating failure proba-

bility to a goal recognition problem. (Section 3.4)

• We update the model search algorithm to find the minimal set of model updates that need to

be provided to the user to avoid potential failures. (Section 3.5)

• We develop a decision-theoretic method to identify scenarios that require early intervention.

(Section 3.6)

• We evaluate the various proposed solutions on several planning benchmarks. (Section 3.8)

3.2 Technical Background

In this chapter, we extend the action definition in Chapter 2 to introduce conditional effects.

Hence, each action a ∈ A is further defined by the tuple

a = ⟨pre (a), ceff (a), add (a), del (a)⟩, where pre (a) is a conjunctive propositional formula defined

over F , ceff (a) are the set of conditional effects and add (a) ⊆ F , del (a) ⊆ F the unconditioned

add and delete effects associated with the action. Conditional effects are only applied when the state

meets a set of conditions, and unconditioned add and delete effects are always applied when the

action is executable. Each conditional effect e ∈ ceff (a), can be further defined using a tuple of the

11



form ⟨C(e), add (e), del (e)⟩. Here C(e), a propositional logical formula, represents the conditions

under which the specific effect is applied as part of action execution. The components add (e) and

del (e) are the add and delete effects applied when the overall conditional effect is applied. For a

given planning model, we can define a transition function γM : 2F → 2F as follows:

γM(s) =





(s \ del_set(s, a)) ∪ add_set(s, a), if s |= pre

undefined otherwise

Where,

add_set(s, a) = add (a)
⋃

⟨C(e),add (e),del (e)⟩ and C(e)|=s

add (e)

and

del_set(s, a) = del (a)
⋃

⟨C(e),add (e),del (e)⟩ and C(e)|=s

del (e)

Note that when we use a state s in the context of the entailment operator, we are effectively

considering the logical formula obtained by considering the conjunction of all positive literals

corresponding to fluents that are part of that state and the negative literals corresponding to the

fluents that are absent from that state. We will also overload the transition function to apply to action

sequences as well. For models where the conditional effect set is empty, we will simplify the entire

action representation and represent it using the tuple ⟨pre (a), add (a), del (a)⟩. We will generally

consider settings where actions have unit costs. However, the proposed approach can easily be

extended to cases where actions have differing action costs. A solution to a planning problem is

a plan, where a plan π = ⟨a1, ..., ak⟩, is simply an action sequence that satisfies the requirement

γM(π, I) |= G. We will refer to the plan with the lowest cost (in this case, being equivalent to the

shortest) as the optimal plan. Additionally, we will sometime refer to the tuple consisting of just the

fluent and action set (i.e., ⟨F,A⟩ as the domain of the planning problem.

This chapter also involves finding model updates to generate planning models with the required

properties. To do this, we will follow the model-space search paradigm followed by methods like
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model reconciliation [9, 27, 28], and similar to these earlier works, we will rely on a model parame-

terization function to represent each possible model by a set of propositional factors. Since we will

be using these parameterization methods over the original models, we will define a parameterization

function that only supports model types without conditional effects.

Specifically, we will follow the conventions set by Sreedharan et al . [28] and define a model

parameterization function Γ for a set of fluents F and action labels A, which is defined over a set of

model parameters F (F,A), where

F (F,A) = {init-has-f | f ∈ F} ∪ {goal-has-f | f ∈ F} ∪

⋃

a∈A

{a-has-positive-prec-f, a-has-negative-prec-f,

a-has-add-fluent-f, a-has-del-fluent-f | f ∈ F}.

And the model parameterization function itself is defined as Γ(M) , which is a mapping to a

state s ⊆ F , is defined by

τI = {init-has-f | f ∈ I}

τG = {goal-has-g | g ∈ G}

τpre
+
(a) = {a-has-positive-prec-f | f ∈ pre+(a)}

τpre
−
(a) = {a-has-negative-prec-f | f ∈ pre−(a)}

τadd (a) = {a-has-add-fluent-f | f ∈ add (a)}

τdel (a) = {a-has-del-fluent-f | f ∈ del (a)}

τa = τpre
+
(a) ∪ τpre

−
(a) ∪ τadd (a) ∪ τdel (a)

τA =
⋃

a∈AM

τa

Γ(M) = τI ∪ τG ∪ τA
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Where pre+(a) is the positive literals that are part of the precondition for a and pre−(a) the

negative ones.

In our work, we map the problem of proactive intervention to that of solving a Partially

Observable Markov Decision Process (POMDP) [29–31]. Generally, POMDPs can be described

with 8-tuples ⟨S,A,O, T, C,Ω, µ0, δ⟩, where S, A, and O represent the agent’s state, action, and

observation space, respectively. In each step, the agent takes an action a ∈ A at a state s. This

results in the agent receiving an observation o ∈ O and the environment state transitioning to a

state s′. The transition probabilities for the state are captured by T , which is a set of conditional

probabilities of the form T (s′|s, a). C is a cost function that maps all state and action pairs to a

cost. Similarly, Ω captures observation probabilities Ω(o|s′, a). µ0 is the initial distribution over the

states and finally, δ ∈ [0, 1) is the discount factor. The goal here would be to generate behavior that

minimizes the expected discounted total cost. Since the agent doesn’t know the exact environment

state, it can track its current state estimate by tracking the whole history of observations received

or converting them into a posterior distribution over the likelihood of possible states (starting with

µ0 as the prior beliefs). We will refer to the latter representation as a belief state and use B to

represent the set of all belief states. A policy for a POMDP can take the form of a function that

maps belief states to actions. In this case, the value function (V π : B→ R) for a policy π returns

the expected total discounted cost received by executing a policy at a belief state, and the Q value

function (Qπ : B × A → R) returns the expected total discounted cost received by executing an

action at a belief state and then following the policy. An optimal policy is the one with the lowest

expected total discounted cost, and the corresponding value and Q value functions are represented

as V ∗ and Q∗.

3.3 Running Example

Imagine an AI agent observing a human in a kitchen setup. The agent is tasked with the

responsibility of ensuring the safety of the human. This robot monitors the human’s actions, gauges

task failure risks, and steps in to prevent errors. Figure 3.1 depicts our "Kitchen Domain" example,
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Figure 3.1: A graphical representation of our running example involving an AI agent observing a human

operating in a kitchen.

showing a human navigating a specific 9x7 grid kitchen layout. The human starts at point (4,7). The

human can move diagonally, vertically, or horizontally through the kitchen, each move being a unit

cost action. A wall, marked by diagonal arrows along the y-axis, divides the kitchen. A one-way

door at (5,4) allows movement only from the kitchen’s left to the right side. The human’s objective

is to switch on one of the ovens at (2,1) or (8,1). However, unknown to the human, there are oil

spills blocking paths to the right oven, and stepping on the spill could potentially lead to the human

injuring themselves. The human ignorance about the oil spill may come from the fact that the spill

just happened and wasn’t present the last time the human visited the room. On the other hand, the

assistive agent uses information received from sophisticated sensors placed all around the kitchen to

generate an accurate estimate of the overall state. Arrows in Figure 3.1 indicate a set of possible
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observations the agent could have received at various points in time. The objective of this chapter is

to build an approach that can identify when the human may be headed to a possibly unsafe situation

and intervene before they make a mistake.

To ground this example within the framework of our problem, we can see that this example

corresponds to a scenario with knowledge asymmetry. Here, the human is unaware of the oil spills,

while the AI agent knows about its locations. As such, if we encode the knowledge of the human

and the agent into planning models, we would get two distinct models that allow for different valid

plans. Particularly in the human model, there are additional plans that involve the human going to

the stove on the right.

The first goal of the agent would be to use the observations received from the human activity to

determine whether the human is currently executing a plan that involves moving through one of the

cells with oil in it. Given the exponential blow-up of plan space for factored planning settings, it

would be infeasible to iterate over all potential human plans that could fail explicitly and calculate

the probability of the human following one of these invalid plans. As such, we need to develop

methods that can approximate this likelihood without the need to enumerate all possible plans.

Once the system has built enough confidence that the human may in fact be heading to an unsafe

state, they need to intervene. In this case, the reason why the human is engaging in this unsafe

behavior is the underlying knowledge asymmetry; as such, one way to intervene would be to help

resolve this asymmetry. Specifically, the agent could inform the user about the oil spill so they don’t

move into those cells. However, it is worth noting that the agent should only inform the user about

the oil spills if it has high confidence the human is headed towards it. If the human received this

information when they had no intention of heading to the room on the right, the agent would just

be introducing cognitive load on the human’s end for no reason (which could potentially lead to

the human not trusting the system and potentially ignoring it in the future). Such considerations

become even more important in cases where the difference between the human model and the robot

model could be quite significant. In such cases, it also becomes important that the agent should

be able to recognize what is the minimal set of information that it can give to the human to avoid
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potential mistakes. Dumping all the model differences onto the human would again result in the

human getting overwhelmed and even potentially ignoring important information.

The question of when to provide the human with the information could be as important as what

information to provide. One possibility might be to wait until the agent’s confidence crosses a

certain threshold or, at the very least, the agent is more confident about the human making a mistake

than not making one. However, in the example laid out here, that point is reached once the human

crosses through the door. While intervening after that point could help prevent the human from

stepping on the oil, it would leave the human trapped in the right room and unable to complete their

task. As such, at every time step, the system needs to reason about the possible cost of giving model

information when unnecessary (there by incurring some penalty associated with adding cognitive

load at the human’s end) and the possibility that the user might take an action that would prevent

them from ever reaching the goal. To do this form of reasoning, the agent not only needs to consider

the probability that the human is following an invalid plan but also consider what exact next steps

the user could follow (along with their likelihood). The user would need to use these probabilities

with the costs associated with each outcome to determine the right course of action. In this case,

this would correspond to the agent informing the human about the oil spill, as soon as the human

reaches the door.

3.4 Model Compilation for Failure Detection

We will consider a basic setting where a human operates in an environment. The human

maintains some beliefs about the task, which can be represented mathematically via a model

MH = ⟨F,AH , IH , GH⟩. Now, we have an assistive agent tracking human actions and trying to

evaluate the likelihood of success. The agent maintains its estimate of the task that we will denote

asMR = ⟨F,Aα, Iα, Gα⟩. We will refer to this pair of models Mα = ⟨MH ,MR⟩, as the assistive

model pair. To simplify the discussions, we will assume that the action definitions in both models

have empty conditions effect sets and share the same set of action labels. Additionally, we will

assume that theMR is a more accurate task representation thanMH and that they might differ over
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any of the model components. For the running example, the difference between the two models is

primarily in the initial state, and the initial state in the human model is missing propositions related

to the oil spills next to the right oven.

At a given timestep t, let Ot be the series of actions that the human has performed, now the first

step would be to estimate the likelihood that the plan being pursued by the human (i.e., πH) will

fail. More formally, we are trying to estimate

Definition 1. For a given assistive model pair, Mα = ⟨MH ,MR⟩, the likelihood of failure given

an observation sequence Ot, or PF (Ot,M
α), is equal to the probability

∑
π∈ΠH

F

PH(π|Ot,M
H),

where PH gives the probability of the human selecting a plan given their current understanding

of the task, and ΠH
F gives the set of plans that succeeds in the human model but fails in the agent

model, i.e., ΠH
F = {π|γMH (IH , π) |= GH , γMR(Iα, π) ̸|= GR}.

Likelihood of failure, thus captures the marginal probability of the human selecting a plan they

think will succeed but fails as per the agent’s environment model.

Now to calculate this probability, we will employ a compiled model that combines both the

human model estimate and the agent one. The basic intuition is that we want to build a model that

supports generating all valid plans in the human model but can also track their status in the agent

model.

More formally, we will represent this model asMC = ⟨F C, AC

, IC, GC⟩. Here the new fluent F C set consists of all the original fluents, a copy for each fluent that

will be used to track the agent state, and finally, a proposition called plan_fail to detect plan

failure, i.e.,

F C = F ∪ α(F ) ∪ {plan_fail}

Where α(F ) are the copies of the fluent made for the agent. This means that the compiled model

will contain two copies for each original propositional fluent, and we will use α() as a function to

map the original fluent to the agent copy. For example, in our running example, the compiled model

will have two stove_on propositions, the original one and a new proposition α(stove_on).
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Coming now to the actions AC , we create a copy for each human action with the same precon-

ditions and effects but now include two new sets of conditional effects, one that corresponds to a

case where the action succeeds in the agent model too (and isn’t following some previous action

that may have failed in the agent model) and one that corresponds to the failure in the agent model.

More specifically, for action aH ∈ AH (with a corresponding action aα in the agent model), we will

have a corresponding action aC = ⟨pre (aC), ceff (aC), add (aC), del (aC)⟩, such that

pre (aC) = pre (aH), add (aC) = add (aH), and add (aC) = del (aH)

Now for the conditional effects, we have

ceff (aC) = {⟨α(pre (aα)) ∧ ¬plan_fail,

α(add (aα)), α(del (aα))⟩,

⟨¬α(pre (aα)), {plan_fail}, {}⟩}

The initial state here consists of the original human initial state and then the copy of the agent’s

estimate of the initial state

IC = IH ∪ α(Iα)

Finally, coming to the goal, the first goal we will consider if one where we are trying to find a

plan where the human goal is met and the proposition plan_fail is also satisfied.

GC = GH ∪ {plan_fail}

A plan that will satisfy this goal would be one that will work on the human model but not on the

agent one. This brings us to the first proposition, namely that the failure set (ΠH
F ) only consists of

plans that satisfy this goal

Proposition 1. For a plan π is part of ΠH
F , if and only if, γ(IH ,ΠC) |= GC .
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The proof for this proposition is relatively straightforward. Given the structure of the precondi-

tions and the the add effects, any plan that satisfies the human goal will still result in a state where

the part of the state defined with F will satisfy the human goal specification. Additionally, if the

plan wasn’t valid in the agent model, there must be at least one action in the plan where the failure

conditional effect will be executed and thus producing plan_fail. The ‘only if’ part can be

proved using a similar reasoning line.

Now to show that we can use the compiled model to calculate the probability, we need to show

that the distribution of plans follows the original distribution in the human model. This requires

us to adopt a model of decision-making for the human. A natural choice is the noisy-rational

model [32, 33], which has been widely used to model human-AI interaction. Under this model, the

likelihood of the human selecting an action sequence is given as

PH(π|M
H) ∝ e−1×C

MH (π)

Where CMH (π) = |π| if the action sequence is valid (hence a plan) inMH , else it is equal to∞.

Now if we created a new modelMC′

= ⟨F C, AC, IC, GH⟩, we can see that the distribution plans

under decision-making model will match the original distribution forMH .

Proposition 2. For noisy rational decision-making models, we can see that

PH(π|M
H) = PH(π|M

C′

)

for every action sequence π.

This follows from the fact that every action sequence that is valid inMH is valid inMC′

) and

vice-versa. Similarly, any action sequence invalid inMH is invalidMC′

) and vice-versa. Thus the

normalization is done over the same set, and since the cost of valid plans is conserved across the

two models, the probabilities stay the same.

Given these two propositions, we can assert that the probability of failure is the probability that

the human follows a plan that satisfies the goal GH ∪ {plan_fail}, i.e., GC given an observation
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Figure 3.2: Probabilities for goal failure, and not goal failure, as derived for our running example.

Ot, more formally,

PF (Ot,M
α) =

∑

π,γ(π,IC)|=GC

P (π|Ot,M
C′

)

Which in turn can be formulated as a probabilistic goal recognition problem between two mutu-

ally exclusive goals GH ∪ {plan_fail} and GH ∪ {¬plan_fail}, for the planning domain

⟨F C, AC⟩, initial state IC and observation sequence OC . For this purpose, we can direct use methods

like the one proposed by Ramírez and Geffner [34], which implicitly uses a noisy rational model.

Figure 3.2 illustrates the probabilities associated with task failure and task success for each observed

time slice in the running example.

3.5 Minimal Interventional Information

As discussed in the previous sections, the source of human confusion is their misunderstanding

regarding the task. Additionally, the agent has access to a more accurate representation of the task.

As such, a way to avoid human mistakes might be by informing them about potential differences in

tasks. However, informing them about all the differences might be overwhelming and unnecessary.

For example, in the running example, knowing the fact that the weather outside the house has

changed will not deter the user from going down the wrong path. The goal thus becomes to find

the minimal set of model updates that need to be made to the human model, per the agent model,

that will ensure that in the resulting model, the human can’t select a plan that will result in failure.
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Reader’s familiar with model reconciliation [9, 27, 35, 36] literature will note the similarity of the

description with that of MCE explanations. However, unlike MCE explanations, where the goal

is to identify a set of model updates that will ensure that a specific plan is optimal in the updated

model, our objective is to ensure that the probability of the human selecting a failing plan is zero, or

more formally

Definition 2. For a given assistive model pair, Mα = ⟨MH ,MR⟩ and an observation sequence

Ot, the Minimal Intervention Information or MII is given by a pair of model updates of the form

E = (E+, E−), such that

C1 E+ ⊆ (Γ(MR) \ Γ(MH)) and E− ⊆ (Γ(MH) \ Γ(MR))

C2 The probability of failure for the updated model pair M̄α = ⟨M̄H ,MR⟩ is zero, where

M̄H = Γ−1(M̄H \ E−) ∪ E+

C3 There exists no pair Ẽ that satisfies C1 and C2, such that |Ẽ+|+ |Ẽ−| < |E+|+ |E−|

The model updates which satisfy C1 and C2, but not C3 (hence aren’t minimal) will be referred

to as simply valid interventional information (or VII)

Following the discussion in the previous section, this is equivalent to finding the minimal set

of model updates to be applied to the human model so that the corresponding compiled model is

unsolvable when the initial state is set to the one obtained by applying the observations (we will

only consider observation sequences that are valid in both human and agent model).

Now we can identify such MII model updates by selecting any existing model-space search or

MCE generation algorithm (cf. [9]) and replacing it with the new goal condition. However, unlike

the traditional MCE algorithm, the fact that the model updates here are detected for an observation

sequence gives rise to two interesting properties.

Proposition 3. For a model pair Mα, if a model update pair E is VII for an observation sequence

O, then it must be a VII for any observation sequence Ô that contains O as a prefix. However, the

reverse is not true.
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This proposition is rather straightforward given the fact that for a model update pair to be VII,

it needs to eliminate all failing plans the human may consider. Any possible failing plan that the

human may consider after committing to additional steps must be a subset of this set. However, a

VII that merely removes a subset need not work for the original set.

Proposition 4. For a model pair Mα, if a model update pair E is MII for an observation sequence

O, and Ẽ an MII for an observation sequence Ô that contains O as a prefix, then we must have

|Ẽ+|+ |Ẽ−| ≤ |E+|+ |E−|

This proposition can be proved by following a similar line of reasoning as the previous propo-

sition. This brings up an interesting question about trade-off, is it better to just generate a VII in

advance that works for all possible actions the human can take in the beginning and just use it when

the agent has enough confidence or is it better to wait until the point of failure and calculate an MII

2. We will be evaluating this trade-off empirically in our evaluation. For the running example, the

MII at every point involves informing the human about all the cells with the oil spill.

3.6 Pre-Emptive Intervention

Looking back at the running example (and Figure 3.2), the system is only confident about failure

after step 4. At step 4, it can give information about the spilled oil and hopefully stop the human

from making the mistake. As mentioned earlier, this would also leave the human stuck inside the

room. They can no longer go back out of the room and switch on the other stove. If the goal of the

system was to empower the human to actually achieve the goal, as opposed to just preventing them

from making a mistake, the information should have been provided much earlier.

This could be the case with many non-ergodic domains, where waiting until the system is

confident could result in the human receiving the information too late to actually be used effectively.

2One could in theory also argue for a rather conservative approach of always giving a VII upfront. However, in cases

where the actual likelihood of the human making a mistake is low, this will not only place an unnecessary cognitive

load on the human but could also result in humans losing trust in the system and potentially ignoring future warnings.
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Instead of merely reasoning about the likelihood of the human making mistake, it needs to reason

about the expected costs involved and use it to drive the decision-making. A natural way to express

this reasoning problem would be in terms of a POMDP.

Framed from the point of view of the agent, the actions of the POMDP are limited to a NOOP

action (i.e., the agent doesn’t intervene), and the action to provide the model updates (aE ). The state

here includes the current task state as evaluated by the agent, the current task state as evaluated by

the human, the human’s current belief about the task model, and finally, the plan that is currently

being pursued by the user. In our setting, all elements except the current plan are considered

observable. The transition function for NOOP action simply involves the execution of the human

action and updating both the agent and human’s estimate of the state. On the other hand, the choice

to give model updates, would update the human model and maybe also the plan they might pursue.

The likelihood of the plan selection can be determined by the noisy rational model described before.

The cost function could correspond to a failure cost cf if the system transitions to a state that

corresponds to a failure state, cost of model update cE(s) if the system provides one at state s, and

zero for all other transitions (with cf >> cE(s) for all s). Note that we will use a more expansive

definition of a failure state than a state obtained by the application of an action whose preconditions

are not met. In fact, we will consider any state from which the human goal cannot be achieved to be

a failure state and also treat it as an absorbing state. We will denote this POMDP asM(H,α).

Even with the advances in POMDP solvers, exactly solving this problem may not be feasible

or practically effective. In fact, even building this model is an expensive process given the need to

identify all the states from which the goal is not reachable. However, as we will see, the setting

lends itself to be approximated easily.

First, instead of considering individual plans as part of the state, we will aggregate them into a

binary variable that represents whether the human is pursuing a plan currently that is bound to fail

or not fail (F or ¬F ). We will use the notation St to capture the observable part of the state at a

given time step t. Finally, we will leverage the intuition that once the model updates are given, the

human is guaranteed to succeed. Thus there is no reason to ever repeat this information.
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At any timestep t and state St, let the probability of the human following plan that fails be PF

(shortened from PF (Ot,M
α) for convenience). For the current step, the cost of giving a model

update will be just cE . For NOOP, in cases where the human may be pursuing a plan that will fail,

we will look at what the next potential states are and then try to approximate the cost from that state.

If no failure has happened in the next state, we will approximate the future cost by using (cE ). This

is equivalent to saying that if no error occurs in the next step, the agent will take the safer option of

giving a model update. The cost for NOOP action is given as

ĈNOOP (St) = PF ×
∑

St+1

P (St+1|St)× C(St+1)

In the above equation, P (St+1|St) effectively considers the probability of transition under each

possible plan, along with the likelihood of the plan. However, the formulation provided in Section

3.4 provides us with the tools to calculate it without explicitly enumerating it over all plans. Note

that for states St+1 which are failure states, the cost C(St+1) will automatically be cf and cE(St+1)

for the rest of the states. We can ignore the (1− PF ) term, since there is no cost associated with

following a plan that will not fail.

We can show that the above cost calculation is a cautious approximation, as it always overap-

proximates the cost of performing a NOOP action. More formally, we can state this as

Theorem 1. For any belief state B(H,α) of the original POMDP, we have

ĈNOOP (S) ≥ Q∗(B(H,α), NOOP ), where S is the common observable part shared by all states

with non-zero probability in B(H,α), and Q∗ is optimal Q-value for the corresponding belief space

MDP.

Proof Sketch. This theorem can be proved easily by considering two facts. First, the aggregation

maintains all the individual probabilities (as proved in the previous section). Secondly, we can

consider a QMDP approximation [37] of the POMDP. For QMDP, we can already see that for

NOOP, the Q-value cost will be higher. Secondly, we see that for the MDP estimates where the

current state corresponds to a failing plan, the optimal plan would always involve waiting until the
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failure step and then providing the model updates. This will be smaller than the value provided

here.

Our approximate decision-making procedure would involve choosing the explanation action,

whenever ĈNOOP (S) > cE . Given the results of Theorem 1 and the fact that Q∗(B(H,α), aE) = cE ,

we can guarantee that there will never be a state where the optimal policy would choose to perform

the model update action (aE ) and the approximate method would choose to perform a NOOP action.

This further means that our method is always guaranteed to provide model updates before or at the

same time as the optimal policy.

3.7 Related Work

Designing effective pro-active decision-support/assistive systems requires the creation of adap-

tive systems that can seamlessly comprehend the user’s requirements, goals, and limitations. Then

be able to directly use that information to come up with suggestions and even corrective actions to

help the user achieve their intended objective. As such many of the early works in this direction

have focused on the problem of tracking user actions and identifying goals, and providing assistance

when necessary.

There currently exists a rich set of works on activity, plan, and goal recognition [38]. In

particular, the methods discussed in this chapter are particularly connected to the goal-recognition

literature [34, 39] as defined within the context of classical planning. Some works have tried to

incorporate the problem of goal recognition directly into the assistance framework (cf. [40–42]).

There are also frameworks like CIRL [43], where there is an expectation that humans might take

an active role in helping communicate their objectives. On the other hand works in active goal

recognition [44], looks at endowing the observer/recognizer agency to improve recognition. There

have also been similar systems designed to support people with cognitive disabilities [45]. There

is also a wider literature on intervention in both adversarial and cooperative settings [46, 47]. Our

proposed algorithm can also be seen as a special case of the intervention problem defined by [48].
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However, one set of scenarios where knowledge asymmetry has been explored to a degree is

within the problem of providing decision support during the planning phase. Here the human is

in the middle of coming up with a plan of action and using a specific decision support interface to

formalize their plan. The agent could keep track of this plan and then provide suggestions on other

courses of action to take and even provide explanations. Some prominent examples of such systems

are the RADAR decision-support systems [49–51]. Such systems have also been explored in the

context of risk management [52, 53]. One important example from this group of work is the one

used in enterprise settings, which makes use of diverse planning.

In the context of human-robot Interaction, related approaches have been investigated in the

context of shared autonomy [54]. In these cases, the control of a system is shared between the user

and some form of automated decision-making system. In many of these systems, inferring the user

goal is important to ensure the system is helping the user effectively [55]. Other relevant works in

this direction include human-robot joint actions [56, 57] and coordination [58]. Most of these works

involve social interaction in which two or more individuals/agents coordinate their actions in a

shared space to effect a change in the environment, the emphasis of our research is on preventing the

human actor from performing actions that could lead to failure. A pivotal element of the proposed

proactive assistance system is its ability to reason about human mental states. Consequently, our

work aligns closely with the Theory of Mind concepts in AI planning [59–61]. This includes the

concept of Perspective Taking—a human ability that enables individuals to see things from another’s

viewpoint [62].

3.8 Evaluation

For empirical evaluation, our primary goal was to evaluate the two proposed approaches over

a set of standard IPC benchmarks. The first method (M1) merely assesses the likelihood of goal

failure through observation and intervenes when the likelihood of failure is higher, while the second

method (M2) adopts a preemptive approach to identifying points at which to intervene. Through

this evaluation, we are interested in testing three main hypotheses.
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H1 M2 can help prevent failures that might happen under M1.

H2 The use of satisficing planners for approximating goal likelihood will result in lower runtime

without serious degradation in performance with regard to the failure detection step.

H3 We expect the model update size to go down with observation length.

The code for the evaluation and the supplementary files can be found at https://github.com/

cglrtrgy/Help.

Setting: We evaluated our method on four IPC domains. For each domain, the original domain

description acted as the agent model, while we created the human domain model by randomly

deleting five preconditions and delete effects. We created five distinct human models for each

domain. Next, we selected five problems per domain. Thus per domain, we had 25 unique pairs of

human and agent models (please note that in our terminology, a model contains both the domain and

problem information). The optimal planner consisted of the FastDownward implementation [63] of

A* search with hmax heuristic and used Lama as our satisficing planner. The observations were

also generated by a satisficing planner (lazy-greedy search). All experiments were performed on a

machine powered by an Intel Processor running at 3.10 GHz and with 128 GB RAM [64]. In our

experiment, the planners were allowed to operate without any time or memory constraints, and we

only considered unit cost actions. The cost of failure was taken to be double that of giving a model

update.

Results: Table 3.1 gives an overview of the computational characteristics of the proposed

methods and also provides all the information relevant to the first two hypotheses. Due to space

limitations, we have only reported the average across all 25 instances, but you can find the full data

in the supplementary file. Here for each problem instance, we present the results averaged across

all five pairs of human and agent models. Specifically, for H1, we are interested in determining

whether M2 provides any advantages over M1. Here we see clearly that, the failure rate of M1

(no of times the method intervened after the human made an error) is pretty high throughout all

the domains. We skip reporting the failure rate for M2 because it never failed to catch a potential
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Table 3.1: Comparison of performance metrics for the methods (M1 and M2) using both optimal and

satisficing planners across different domains with varying problems. Here O corresponds to the average

observation length; F.S - the average step at which the observation would have resulted in a failure; FR - the

ratio of instances in which the method failed to prevent the human from taking a step that results in failure;

Int. Step - the average step number in which the method intervened (along with the std deviation). Finally,

time reports the time taken for the approach as a whole.

Domains O F.S

Optimal Satisficing

M1 M2 M1 M2

Int. Step FR Time(s) Int. Step Time(s) Int. Step FR Time(s) Int. Step Time(s)

Elevator 5.40 4.04 3.2 ± 1.8 3.6/5 3.2 ± 2.5 0.95 ± 0.8 77.2 ± 62.3 3.7 ± 1.7 4.4/5 3.6 ± 2.3 0.95 ± 0.8 72.9 ± 61.0

Rovers 9.24 7.04 6.9 ± 1.6 4.8/5 16.6 ± 7.0 2.9 ± 0.8 1800.7 ± 2036.7 6.1 ± 1.9 3.2/5 15.3 ± 9.3 2.3 ± 1.1 674.7 ± 659.5

Gripper 5.60 3.44 3.2 ± 1.6 4.8/5 6.1 ± 7.1 1.2 ± 0.8 154.4 ± 178.7 3.0 ± 1.7 4/5 3.1 ± 2.8 0.8 ± 0.7 104.5 ± 82.7

Zenotravel 5.96 4.16 3.5 ± 1.6 4.2/5 7.1 ± 5.8 0.5 ± 0.4 1552.5 ± 2091.6 2.4 ± 1.7 2.4/5 3.9 ± 4.7 0.3 ± 0.5 903.8 ± 735.7

failure. These results support H1. However, we do see that M2 does take more time than M1 (here,

the time doesn’t involve the time taken for model update generation). This increase in time could be

explained by the large branching factors of IPC domains and the fact that you are calculating the

probability of each potential outcome.

This brings us to H2. Here we do see that even when using a satisficing planner, M2 never

allowed the user to take a step that fails. Additionally, using a satisficing planner does result in some

reduction in the time taken. The domain with the most significant reduction in time was the Rover

domain. This again supports hypothesis H2.

For H3, we considered three of the above domains and plotted how the minimal model update

size changed with observation length. In Figure 3.3, each graph shows the average length of the

Minimal Interventional Information (MII) across the five human-agent model pairs for each problem

instance. In the domains Rover and Elevator, we saw that there was a reduction in the minimal

intervention information size, with the reduction being most significant in Rover. However, we do

not see the same reduction in Gripper, where MII size stayed the same across all observation sizes

and problem instances. This might be explained by the fact that Gripper is an extremely compact

domain and removing any model component results in an invalid domain. While these results do

give some support for H3, it does point to the need to run more evaluation to better characterize

how the model update size changes with observation length. Finally, we say that the average time

taken across all domains was 278.7 seconds with a standard deviation of 200.5.
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Figure 3.3: Average size of the minimal intervention across three domains as a function of observation

length.

3.9 Conclusion

The work presents the first-of-its-kind pro-active assistance system which is able to identify

potential human errors in the presence of knowledge asymmetry. We show how we can turn the

problem of finding the probability of failure into a goal recognition problem. We additionally build

on this basic formalism to support pre-emptive assistance to prevent humans from taking action that

may result in them never reaching their goal. We also looked at how we can use model-space search

to identify what information should be provided to the user to prevent such errors. In the future,

we would like to look at problems where the assistive agent may be embodied or have limitations

on how they could intervene. This would mean the agent would need to identify an error early

enough that they can actually intervene. In future research, we plan to investigate user preferences

regarding the timing of early intervention—such as whether support is preferred at the beginning of

the task or just before failure becomes inevitable or costly. We also aim to study how users respond

to explanations of varying sizes, including those that may contain task-unrelated information.

30



Chapter 4

WHO AM I DEALING WITH? EXPLAINING THE

DESIGNER’S HIDDEN INTENTIONS

In the previous chapter, I focused on reasoning about the user’s mental model and introduced

methods for providing proactive support when users hold incorrect or incomplete beliefs about

a task. While that work addressed the knowledge asymmetry, it did not consider a critical third

stakeholder in real-world AI deployments: the designer. In this chapter, I extend the model

reasoning framework by introducing a third stakeholder in human-agent interaction: the system

designer. While many explanation techniques in AI focus on aligning the agent’s model with

the user’s expectations—particularly through model reconciliation—this approach overlooks a

critical influence on agent behavior: the intentional design choices made by the system’s developer.

These choices shape both the environment and the agent’s decision-making processes, yet they

are typically hidden from the end user. I argue that focusing solely on the agent’s model in

explanations can mislead users, especially when the agent’s apparent behavior is influenced by goals

or constraints originating from the designer. To address this, I propose a new explanation framework

that incorporates designer-centered reasoning, enabling users to understand not only what the agent

is doing, but also why the agent was designed to behave that way. This framework builds on

existing model-space reasoning by extending the explanation space to include the designer’s goals

as a distinct model to be reasoned about. To illustrate and evaluate this approach, I formalize a

multi-actor explanation model and empirically study its explanatory performance. I also present

findings from a user study exploring how people interpret designer-driven explanations and discuss

implications for developing more transparent and human-aligned AI systems.
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4.1 Introduction

Human agent collaboration enables a varied, distributed set of actors to work together to address

problems of greater complexity than those able to be addressed by each actor alone. However,

the field of user-agent interaction presents several challenges, including issues related to trust,

utilization, and varying degrees of reliance, which can hinder effective collaborations [65–67]. The

problem of eXplanaining AI (XAI), often equated with interpretable AI [68], has been developed

to address these challenges by enhancing users’ understanding of AI systems and fostering more

optimal interactions [1, 69]. XAI approaches have aimed to improve people’s understanding of the

agent model, help people recognize model uncertainty, and support people’s calibrated trust in the

agent [70, 71].

One XAI approach that aims to bridge this gap is through applying model-reconciliation,

ascribing the agents with an approximation of the human’s task and goal models [6]. In this

approach, the agent explains its actions by leveraging the differences between its own model and

the human’s mental model of the agent. By reconciling the differences between the agent’s model

and the human’s perception of that model, this method aims to align the human’s expectation with

the outcomes of the agent’s behavior.

However, we posit that focusing on explaining the agent model, be it through model reconcil-

iation or otherwise, should not be the goal and may even (unintentionally) create user deception.

There is a third actor about whose intentions the user needs to reason. That is the designer, the actor

who created the AI agent and made key choices about it’s design and performance (Figure 4.1). It

is rare for AI agents to be deployed and operate in a completely uncontrolled environment. In most

cases, at least some aspects of the environment would have been controlled or designed to promote

certain forms of agent behavior. Obviously, such a design process would also be applied to the agent

itself. When an end-user comes in contact with an AI agent and asks it to achieve certain objectives,

the responding agent actions would be heavily dependent on these prior design choices. For the

most part the user is oblivious to the design decisions taking place behind the scenes. And while the

designer’s intentions may overlap with the agent’s professed intentions (for example a search and
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Figure 4.1: An overview of the interactions captured in our framework. The designer tries to modify the

environment so that the robot’s behavior achieves its underlying goal GD.

rescue robot’s intention is the same as the designers’ intention for it - finding the human), they also

may not. Consider recommendation systems: the agent’s professed intention is to recommend a

product that is similar to other products that the user likes and would therefore enjoy. On the other

hand the designer’s intention is for the user to ultimately spend more money, thereby increasing its

utility. It is these goals that are often consciously or unconsciously hidden from the user through the

mask of the agent. Same as in deception by misdirection, in which a person is deceived by focusing

their attention in the wrong place - when explaining the robot’s actions rather than the designer’s,

these explanations mask the true intention by shifting the user attention to reason about the acting

agent [72]. In effect, the explanations people are receiving are not the explanations they need.

To bridge this gap we propose a new explanation framework which explains both designer

intentions and acting agent actions. We begin by formalising a multi-actor explanation framework,

this time considering the additional aspect of the designer/stakeholder (Section 4.4). We then

instantiate our framework on the classical planning Sokoban environment and empirically evaluate

the explanation generation performance and efficiency (Section 4.5). Finally, we conduct a proof-
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of-concept user study in which users are presented with designer explanations (Section 4.6). We

discuss the results and propose ideas for future work.

To summarize, the main contributions of this chapter are as follows:

• We identify and formalize the role of the system designer as a distinct and influential stake-

holder in AI explanations, whose intentions may differ from those of the agent or the user.

• We propose a new explanation framework that incorporates reasoning over designer goals,

extending traditional model reconciliation beyond user-agent dynamics.

• We instantiate this framework in a classical planning domain and demonstrate how designer-

aware explanations can clarify agent behavior shaped by hidden design choices.

• We conduct a user study to evaluate how designer explanations impact trust, understanding,

and user perception, providing initial evidence for their value in human-agent collaboration.

4.2 Related Work

As AI applications become more widespread and even deployed in safety-critical settings, there

is increasing recognition that these systems need to be capable of explaining their decisions [73].

While some of the early works in explanations go back to expert systems [74, 75], the more recent

interest has been particularly spurred by the inscrutability of the state-of-the-art AI models [70].

Even in a subfield of AI, like planning, we see a pretty large number of works related to explanations

(cf. [76, 77]). However, recent works have also highlighted how explanations could lead to misuse

of the system. This includes how even simple explanations could cause people to place unwarranted

trust in the system [78] and even accept system decisions against their best interest [79]. Despite

the rapid advancements in the field, most explanation efforts remain focused on a straightforward

dyadic settings [6]. To the best of our knowledge, no other works in XAI has looked at incorporating

the influence the designer has on the final behavior.
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4.3 Running Example

To illustrate our approach consider Figure 4.2. In this scenario, there are three actors; (1) the

operator who is tasked with helping robots navigate from a start position to a goal location by

choosing one of several possible routes; (2) the robot whose goal is to reach the flag safely and with

the least possible actions. The robot can move one square at a time, but only in the direction its tires

are facing. It can rotate by changing its facing direction 90 degrees at a time and each action has a

uniform cost; and (3) the designer of the robot and environment. The designer’s goal is for the robot

(and therefore, operator) to view the ads. To achieve this, the designer positioned the robot facing

left and placed the boxes to make the passage too narrow, rendering the purple path invalid. Note

that the operator does not know that the robot is too wide to safely pass through narrow passages.

4.4 Environment Design Problem and Explanations

To solve the problem of designer explanations we adopt a two-level explanation strategy. First

we explain why, given the current agent model and environment state, the current plan is the right

course of action. Then, we explain how aspects of the current model which were under the designer’s

control, gave rise to agent behavior that helped achieve the designer’s goal.
A
d
s

Ads

A
d
s

1

23

Figure 4.2: Example of decision making task
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We begin by formally defining the underlying design problem that influenced the environment

and gave rise to the particular agent behavior. We define the underlying designer goal as (GD), the

goal the designer wants the AI agent (henceforth referred to as the robot3) to achieve in the course

of its operation (defined by a set of goals GR). The designer has access to a set of actions (AD) that

they can employ to change both the environment and the robot. In our running example, GR ensures

that the robot pass near ’Ads,’ while AD includes placing boxes action (changing the environment)

and rotating the robot’s facing direction action (changing the robot).

The solution to the design problem is a sequence of designer actions that results in an environ-

ment where the behavior selected by the robot will satisfy the designer’s goal. For convenience, we

assume that the designer’s actions only change the initial state of the robot and that the robot is an

autonomous agent, using an independent optimal decision-making process to identify the optimal

course of action to achieve its goal, given the environment. Note that the influence that the designer

asserts on the agent is an indirect one, where they set up the environment so that the autonomous

agent ends up also achieving the designer’s hidden intent. This is a special case of mechanism

design, which is an important topic within game theory.

We define the design problem, and solution, as follows:

Definition 3. An environment design problem is characterized by the tuple,

DP = ⟨F,AR, I0,GD,AD,GR,Λ⟩, where:

• F,AR,GR - Fluents used in the robot model, robot actions, and potential goals the robot

might come across, respectively.

• I0 - Initial, unedited, state.

• GD,AD - Designer goal and actions.

• Λ - Transition function related to the application of designer action in the initial state such

that, Λ : 2F ×AD → 2F .

3Even though we refer to the AI agent as a robot, no part of this approach is limited to physically embodied agents.
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Definition 4. A solution to the environment design problem is a designer plan, which consists

of a sequence of designer actions πD = ⟨aD1 , ..., a
D
k ⟩, such that the resultant initial state is ID =

Λ(I0, πD), and allows that for every G′ ∈ G
R, the resultant robot modelM′ = ⟨F,AR, ID, G′⟩ is

of the form that every plan π′ optimal inM′ satisfies GD, i.e, δM
′

(ID, π′) |= GD.

Following this definition, we can define the form of explanations we would want for this setting.

We refer to these explanations as the robot-designer explanations. We use model reconciliation

[9, 27, 35] as our base explanatory framework and extend it to support explaining the role of design

choices. One aspect to remember here is that, as discussed before, the designer may want to hide

the design influence from the user. Therefore an objective explainer can rarely be the designer or a

system sanctioned or built by the designer. A more plausible role these systems could take would

be that of an external, post-hoc system being employed by the user to make sense of the decision of

an automated system. This necessarily restricts the information the explanation generation system

might have access to. We generally adhere to information that can either be learned (possibly

through observation of the robot and environment) or can be hypothesized directly from observed

behavior.

The robot-designer explanations are based on the robot model (MR), the user’s mental model

of the robot (MH), the plan to be explained (πR), the set of fluents whose values the designer could

potentially influence (FD ⊆ F ), and the potential designer goal (GD). As this is the first work

considering designer intentions, we will focus on cases where a single fluent set and an individual

hypothesis for the designer’s goal are provided initially.

As discussed, our final explanation consists of two parts. (1) Explaining the robot behavior given

the current environment, leveraging model reconciliation explanations [9]. Here, the explanation

consists of information about the robot model, MR, which, when incorporated into the human

model, MH , will allow the user to correctly evaluate the robot plan against the robot goal. (2)

Model updates and counterfactual explanation [80]. The model updates will establish the fact that

in the current model, the optimal plan always includes achieving the designer’s goal, GD. The

counterfactual explanation will point out a set of initial state fluent values whose value change could
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result in an optimal plan for the robot goal that no longer achieves GD. More formally, we define

the explanation problem as follows:

Definition 5. A robot-designer explanation problem is represented as a tuple

DEP = ⟨MR,MH , πR,FD,GD⟩. Here, the primary components for the robot explanation include

the robot modelMR, the human modelMH , and the robot plan πR. The designer information

being used includes the fluents that can be changed by the designer (FD) and the designer goal

(GD). TheMR used here is assumed to be a result of an environment design process.

This defines a robot-designer explanation problem, and now we can formally define what a

solution to this problem, i.e., an explanation, looks like.

Definition 6. For a given robot-designer explanation problem DEP = ⟨MR,MH , πR,FD,GD⟩, a

valid explanation consists of tuple of the form E = ⟨ER, ED⟩, where ER is the robot explanation

and ED is the designer explanation of the form ED = ⟨Eµ, Eκ⟩, such that the following conditions

are met

C1- For ER = ⟨E+R , E
−
R ⟩, Eµ = ⟨E+µ , E

−
µ ⟩ and Eκ = ⟨E+κ , E

−
κ ⟩, are such that,

1. E+R ⊆ Γ(MR) \ Γ(MH) and E−R ⊆ Γ(MH)

2. E+µ ⊆ Γ(MR) \ Γ(MH) and E−µ ⊆ Γ(MH)

3. E+κ ∪ E
−
κ ⊆ F

D.

C2- The plan πR is optimal for modelMH + ER.

C3- For the modelMH + ER + Eµ there exists no optimal plan such that it doesn’t satisfy GD and

πR is still optimal.

C4- for modelM′ =MH +ER+Eµ+Eκ, there exists an optimal plan π′, such that δM
′

(I
′

, π′) ̸|=

GD and CM′

(π′) ≤ CM′

(π′).

In the case of the designer’s explanation Eµ captures the model update part, and Eκ the coun-

terfactual part. Condition C1 sets the requirements for the model updates provided as part of
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the robot explanation to be consistent withMR. Similarly, it states that the designer explanation

component should only consider changing fluents that are under the designer’s control. The next

three conditions, C2-C4, ensure that each explanation component meets its required purpose. The

robot’s explanation on its own shows why the current plan is optimal in the given environment.

Returning to Figure 2, the robot’s explanation would be: ’The robot is wide. The robot can only

move through spaces that are wide.’ This would help the user understand why the red path is optimal

rather than the green path.

The first part of the designer’s explanation will establish the fact that achieving the designer’s

goal will always be part of any optimal strategy in the given environment. The second part of

the designer’s explanation identifies some initial state fluents that the designer could influence. If

changed, these fluents’ values could allow for optimal plans that might not have met the designer’s

goals. This communicates the counterfactual cases where the designer’s goals could have been

avoided. Consider Figure 2, if the designer only changed the robot’s facing direction from right to

left without placing boxes on the left side of the green path, the robot would follow the green path

which would be optimal.

Note that not all valid explanations may be equally effective or preferred by the user. After all,

selectivity has been widely recognized as one of the central characteristics of preferred explanations

[70]. As such, we need to minimize the amount of information passed to the user. Rather than

optimizing the two components separately, we aim to minimize the total amount of information

passed to the user.

Definition 7. A given explanation pair, E = ⟨ER, ED⟩, is considered a minimal explanation for the

robot-designer explanation problem DEP , if (a) it is valid explanation for DEP , i.e., it meets the

conditions listed in Definition 6 with respect to DEP and (b) there exists no other valid explanation

Ê = ⟨ÊR, ÊD⟩, such that

|Ê+R |+ |Ê
−
R |+ |Ê

+
µ |+ |Ê

−
µ |+ |Ê

+
κ |+ |Ê

−
κ | <

|E+R |+ |E
−
R |+ |E

+
µ |+ |E

−
µ |+ |E

+
κ |+ |E

−
κ |
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We measure the cost associated with each explanation by the number of model updates it

communicates. This measure was motivated both by its intuitiveness and generality. However, it is

worth noting that we can easily associate an arbitrary cost function with each model update with

minimal changes to the formulation and the explanation generation algorithm we will discuss next.

Before we discuss the algorithm we will first introduce some important properties of the

robot-designer explanation.

Proposition 5. For a given given robot-designer explanation problem

DEP = ⟨MR,MH , πR,FD,GD⟩:

1. We can guarantee that a model update ER exists, such that, both conditions C1 and C2 are

met.

2. We can guarantee that a set of model update Eµ exists, such that, both conditions C1 and C3

are met.

3. There might not exist a model update Eκ that meets C1, & C4.

The first property arises from the fact that one can guarantee to meet C1 and C2, by just

communicating the complete modelMR. After all,MR identified πR as the optimal plan.

Similarly, since the current problem is the result of a design process, communicating the entire

model will ensure that all possible optimal plans will satisfy the designer’s goal, thus guaranteeing

the existence of Eµ.

However, the counterfactual part of the designer explanation isn’t guaranteed because the

designer’s goal could have been of the form that the initial state already guarantees its achievement

(i.e., the solution to the original design problem was an empty sequence). Additionally, FD could

be empty or might not have influenced the behavior of the plan.

The next property will deal with comparing robot explanations found as part of the minimal

robot-designer explanation and minimally complete explanation (MCE) for the plan [9]:
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Proposition 6. Let ER be part of a minimal robot-domain explanation for a problem DEP =

⟨MR,MH , πR,FD,GD⟩. We can guarantee that |ER| ≥ |EMCE|, where EMCE is the MCE for πR

given the modelsMR andMH .

This property follows from the fact that any robot explanation for DEP meets the criteria for an

MCE and, as such, can be a candidate for an MCE explanation. Note that the robot explanation here

is found as part of the overall minimal solution to DEP . Since these are not required for MCE, it is

possible to find smaller model updates set that meets the requirement for MCE but not those for the

minimal explanation for DEP .

Finally, another explanation property in the model reconciliation framework is that of mono-

tonicity [9]. Namely, an explanation is non-monotonic if additional model updates can invalidate it.

In our case, it means adding new model updates to the robot explanation and/or designer explanation

component, causing it to violate conditions C2 and or C3.

Proposition 7. A minimal robot-designer explanation E∗ for a problem DEP need not be mono-

tonic.

The non-monotonicity of the robot explanation component directly follows the argument pro-

posed through the concept of model reconciliation. New information about new preconditions (while

missing information about other actions add effects), might cause one to think a plan previously

thought to be optimal is now invalid (thus violating C2). Similar arguments can also be made for the

model update part of the designer explanation. For the counterfactual component, C4 might have

been satisfied by initial state changes because it now made new plans possible. However, additional

changes to the initial state could invalidate those plans, hence violating C4.

4.4.1 Identifying Minimal Robot-Designer Explanation Set

To identify the minimal robot-designer explanation we will use model space search which has

been used previously for both model reconciliation [9] and design [81]. We will start by focusing

on a breadth-first search. However, one could convert it into an informed search by incorporating

various model-space search heuristics considered in the literature (cf. [9]). Algorithm 1 provides the
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pseudo-code for our method. Note that the goal of the robot-designer explanation is not the same as

other model reconciliation explanations, such as MCE. Here, we are tracking three sets of model

updates, one of which is counterfactual changes. Here, the successor generator corresponding to the

last explanation component is only considered in states where the first two components are found.

Finally, unlike the MCE, we can’t guarantee that an explanation always exists.

We start by initializing the search queue with empty explanations. At each node expansion step,

we test for conditions C2, C3 and C4 from Definition 6: Test_for_C2(MH+ÊR) checks to see if πR

is optimal in the resultant model; Test_for_C3(MH + ÊR + Êµ) tests if in the model resulting from

applying ÊR+ Êµ all optimal plans here would satisfy GD; Finally, Test_for_C4(MH+ ÊR+ Êµ+ Êκ)

checks if the introduction of Êκ, results in at least one optimal plan that doesn’t satisfy GD. We don’t

need to test for C1 explicitly because our successor function guarantees that any model updates

considered will satisfy it. At the end of the search, if no robot-designer explanation was identified,

a minimal robot explanation will be returned and the model update component of the designer

explanation that it came across during the search (which are guaranteed to exist).

Proposition 8. Algorithm 1 is guaranteed to return the optimal robot-designer explanation, if one

exists.

The proof is pretty straightforward. Even though, the successor function skips certain possible

successors, the completeness or optimality of the search algorithm is not affected. This is due to the

fact that model updates are inherently captured as set operations; as such it is commutable. The

search still covers all unique model update sets, in the order of the total size of model updates.

4.5 Computational Experiments on IPC Domains

4.5.1 Evaluation Setting

We implemented our proposed framework to evaluate the computational constraints of our

approach over different baselines. In our experiments, we assign uniform unit costs for all model

updates and utilize Fast Downward with landmark-cut heuristic for model-space searches. The
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Algorithm 1 Find the minimal explanation for a robot-designer explanation problem EP .

Input: EP = ⟨MR,MH , πR,FD,GD⟩
Output: An explanation E.

Fringe← Queue()
ÊR ← ⟨{}, {}⟩, Êµ ← ⟨{}, {}⟩, Êκ ← ⟨{}, {}⟩
Fringe.add(⟨ÊR, Êµ, Êκ⟩)
while Fringe not empty do

ÊR, Êµ, Êκ ← Fringe.pop()

C2_condition_met← Test_for_C2(MH + ÊR)

C3_condition_met← Test_for_C3(MH + ÊR + Êµ)

C4_condition_met← Test_for_C4(MH + ÊR + Êµ + Êκ)

if All three conditions met then

return ⟨ÊR, Êµ, Êκ⟩
else

for f ∈ Γ(MR) \ Γ(MH) do

Ê+R , Ê−R ← ÊR; Ê+µ , Ê−µ ← Êµ

Ē+R ← Ê
+
R ∪ {f}; Ē

+
µ ← Ê

+
µ ∪ {f}

ĒR ← ⟨Ē
+
R , Ê−R ⟩; Ēµ ← ⟨Ē

+
µ , Ê−µ ⟩

Fringe.push(⟨ĒR, Êµ, Ê
+
κ ⟩)

Fringe.push(⟨ÊR, Ēµ, Ê
+
κ ⟩)

end for

for f ∈ Γ(MH) \ Γ(MR) do

Ê+R , Ê−R ← ÊR; Ê+µ , Ê−µ ← Êµ

Ê−R ← Ê
−
R ∪ {f}; Ê

−
µ ← Ê

−
µ ∪ {f}

ĒR ← ⟨Ê
+
R , Ē−R ⟩; Ēµ ← ⟨Ê

+
µ , Ē−µ ⟩

Fringe.push(⟨ĒR, Êµ, Ê
+
κ ⟩)

Fringe.push(⟨ÊR, Ēµ, Ê
+
κ ⟩)

end for

if C2 and C3 met then

for f ∈ FD do

Ê+κ , Ê−κ ← Êκ
if f ∈ IR then

Ê+κ ← Ê
+
κ ∪ {f}

else

Ê−D ← Ê
−
D ∪ {f}

end if

Ê+κ ← ⟨Ê
+
κ , Ê−κ ⟩

Fringe.push(⟨ÊR, Êµ, Êκ⟩)
end for

end if

end if

end while

return Minimal ÊR and Êµ that satisfies C2 and C3.
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robot model is derived from the original IPC domains and problem instances, while the human

model is generated by randomly removing preconditions or delete effects from the original domain.

We evaluate five classical planning domains from the planning literature4, each with four problem

instances, and three human domains. All evaluations were conducted on a system equipped with

16GB RAM and an Apple M1 3.2GHz CPU.

To create the designer goals, we first obtain the robot’s optimal plan for each domain problem

instance pair and identify the final predicates available after iterating the robot’s optimal plan to the

goal state. We then randomly select one predicate that is not part of the initial state to serve as the

designer goal.

4.5.2 Results

Our primary goal with these experiments was to both evaluate the computational characteristics

of our proposed algorithm over different baselines, and also to compare it against the standard

model-reconciliation problem implementation. Table 4.1 compares the time taken to find minimal

complete explanations (MCE) [27] with the time taken to compute minimal explanations for a

robot-designer explanation using our proposed algorithm. The results presented are averaged across

the different human models. Note that the use of different human models means that we have

different human plans, and explanations. One of the reasons MCEs makes for a useful point of

comparison is because, similar to our approach, MCE algorithms also leverages model-space search.

However, unlike our approach, they search for potential explanations over a much smaller space.

As expected, the time taken to find MCE was much smaller than the time required to find the

robot-designer explanation. It is worth noting that the robot explanations found in these domains

were exactly the same as the size of MCE. Additionally, the designer explanations found here

consisted only of the counterfactual component Eκ (i.e., |ED| = |Eκ|). Even though the time taken

by our method was larger we did see that, across all the domains, the time was small enough to be

used effectively.

4http://ipc.icaps-conference.org
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Table 4.1: Performance metrics across IPC domains, averaged across human-domains. |πR| and |πH | denote

the lengths of robot and human plans, respectively. The table has two main columns: the first presents |E|,
the minimal complete explanation (MCE) length, and its computation time (seconds). The second shows

metrics for our algorithm, including |ER| and |ED|, the lengths of robot and designer explanation parts, along

with their computation time (seconds).

MCE Robot-Designer

Domains Problem |πR| |πH | |E| Time(s) |ER| |ED| |ER|+ |ED| Time(s)

Depots

prob1 10 5.3 ± 2.3 1.0 ± 0.0 0.3 ± 0.0 1.0 ± 0.0 1.0 2.0 ± 0.0 29.1 ± 26.5

prob2 5 2.7 ± 1.2 1.0 ± 0.0 0.3 ± 0.0 1.0 ± 0.0 1.0 2.0 ± 0.0 46.7 ± 19.9

prob3 10 5.0 ± 1.7 1.0 ± 0.0 0.3 ± 0.0 1.0 ± 0.0 1.0 2.0 ± 0.0 50.8 ± 28.3

prob4 5 2.3 ± 0.6 1.0 ± 0.0 0.3 ± 0.0 1.0 ± 0.0 1.0 2.0 ± 0.0 18.7 ± 10.7

Driverlog

prob1 7 3.3 ± 0.6 1.0 ± 0.0 0.2 ± 0.1 1.0 ± 0.0 2.0 3.0 ± 0.0 75.8 ± 10.1

prob2 9 7.0 ± 1 1.3 ± 0.6 0.2 ± 0.1 1.3 ± 0.6 1.0 2.3 ± 0.6 54.7 ± 17.5

prob3 7 5.7 ± 0.6 1.3 ± 0.6 0.2 ± 0.1 1.3 ± 0.6 1.0 2.3 ± 0.6 43.9 ± 36.9

prob4 8 5.0 ± 1.0 1.7 ± 0.6 0.3 ± 0.0 1.7 ± 0.6 1.0 2.7 ± 0.6 51.3 ± 21.0

Elevator

prob1 4 2.0 ± 0.0 1.3 ± 0.6 0.2 ± 0.1 1.3 ± 0.6 2.0 3.3 ± 0.6 33.7 ± 18.7

prob2 11 8 ± 1.7 1.3 ± 0.6 0.2 ± 0.1 1.3 ± 0.6 1.0 2.3 ± 0.6 29.5 ± 14.7

prob3 10 7.3 ± 1.2 1.3 ± 0.6 0.2 ± 0.1 1.3 ± 0.6 1.0 2.3 ± 0.6 39.6 ± 20.4

prob4 7 4.7 ± 0.6 1.3 ± 0.6 0.2 ± 0.1 1.3 ± 0.6 1.0 2.3 ± 0.6 38.7 ± 21.1

Logistics

prob1 5 3.3 ± 1.2 1.3 ± 0.6 0.3 ± 0.2 1.3 ± 0.6 1.0 2.3 ± 0.6 17.1 ± 16.7

prob2 8 4.0 ± 1.0 1.7 ± 0.6 0.4 ± 0.2 1.7 ± 0.6 1.0 2.7 ± 0.6 51.0 ± 24.3

prob3 3 1.7 ± 0.6 1.3 ± 0.6 0.4 ± 0.3 1.3 ± 0.6 1.0 2.3 ± 0.6 7.9 ± 7.4

prob4 7 5.0 ± 1.7 1.3 ± 0.6 0.3 ± 0.2 1.3 ± 0.6 1.0 2.3 ± 0.6 22.7 ± 22.9

Zenotravel

prob1 7 3.7 ± 1.2 1.7 ± 0.6 0.3 ± 0.1 1.7 ± 0.6 1.0 2.7 ± 0.6 23.3 ± 23.8

prob2 8 4.3 ± 1.5 1.3 ± 0.6 0.2 ± 0.1 1.3 ± 0.6 1.0 2.3 ± 0.6 9.0 ± 7.3

prob3 8 6.3 ± 0.6 1.7 ± 0.6 0.2 ± 0.1 1.7 ± 0.6 1.0 2.7 ± 0.6 30.9 ± 22.2

prob4 9 6.7 ± 0.6 1.3 ± 0.6 0.2 ± 0.1 1.3 ± 0.6 1.0 2.3 ± 0.6 16.2 ± 15.1

4.6 User Study

To test the effects of designer explanations on user decision making we designed a human-robot

collaborative decision task. The user was tasked with helping robots navigate from a start position to

a goal location by choosing one out of several possible routes (Figure 4.2), with different scenarios

incorporating different robots. The explicit aim of the task, as presented to the user, was to choose a

route that will get the robot there safely. The implicit aim, derived from the nature of our participants

being recruited through crowdsourcing, was to do so in minimum time. Participants received a fixed

payment regardless of how long they spend on each task. This meant that the less time they spent on

the task, the more money they made per hour. This study design aimed to emphasises the difference

that can commonly be found between users’ implicit goals and the professed task goal.
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As is common in many decision making tasks there are 2 additional actors in this environment,

with different task goals; the robot and the designer. The robot’s goals were explicit and known to

the user, and they were to achieve the task safely with minimum steps taken. Note that less steps

does not directly mean less time. Hence, the robot’s explicit goal and the user’s implicit goal were

not directly aligned. The robot might also have some physical restrictions that the user does not

know about (such as an inability to go through water).

The final actor is the designer. The designer (namely us) can influence how the environment

is designed as well as the robot’s initial position and orientation and how the robot operates. The

designer’s aim in this task was for the user to view ads, strategically spread out, in the environment.

Note that viewing the ads was costly to the user’s implicit goal, since each ad takes an additional 4

seconds to view before proceeding with the task.

The Designer could influence the outcome of the task in 2 ways. The first includes changes

made deliberately to the robot so as to influence a certain type of behaviour. These include creating

a robot that cannot rotate, creating a wide robot, the initial orientation and position of the robot and

adding weights to one side of the robot making turning to one side costlier than to another. The

second way the designer could influence task outcome was through changing the environment by

placing boxes as obstacles in certain, strategic, locations or spilling water on the floor.

Participants were presented with 6 different scenarios (with different robots), shown in random

order. In 2 of them the designer influenced the robot capabilities and/or start position, in another 2

the designer influenced the environment design and in the last 2 the designer influenced both robot

and environment. Figure 4.2 is an example in which the designer influenced both the environment,

by placing the boxes and ads strategically in the domain and the robot, by making him too wide

to pass safely in the middle path and orienting him to the left. In each scenario, the robot had to

recommend one path out of the path options, and the participants needed to either agree or select an

alternative path. Three of the scenarios (half) involved the participants selecting between 3 path

options (like in Figure 4.2), out of which one path featured ads, one didn’t and the third was a path
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that the robot couldn’t traverse. And the other three scenarios involved selecting between 2 paths,

one with ads and one without.

We ran a between subject study in which we recruited 120 participants through Prolific and

divided them into 3 equal cohorts. The cohorts differed by the type of explanations presented to the

users; 1) No explanations 2) Robot explanations and 3) Robot and designer explanations. Consider

the example in Figure 4.2. In this scenario the robot recommends for the participant to take path

3. The user can either agree or select a different path. In the first cohort no explanation of the

robot recommendation is provided. In the second cohort users are provided with a robot-based

explanation, i.e., "Robot SVY7 is wide. The space between the blocks is narrow. The robot can

only move through spaces that are wide. The selected path is one of the shortest possible paths

to the goal." Choosing this path supports the robot’s explicit goal of getting to the target safely

but also with a minimum number of steps. In the third cohort participants are provided with both

the robot-based explanation as well as the following explanation for the designer’s choices: "The

designer’s goal is for the robot to pass by the ads. To achieve this, the designer positioned the robot

facing to the left and placed the boxes to make the passage not wide." Following the choice the

users made they were shown a brief video of the robot navigating through the selected path. Paths

with ads were, on average, about 37.3% longer than paths without ads, since videos were relatively

short this ranged in an increase of roughly an additional 3 seconds per ad.

After each scenario participants were asked to answer user-reported trust and explanation

satisfaction questionnaires. For trust, we used the Muir questionnaire [82] to assess users’ trust in

both the robot and the designer. For explanation satisfaction, we used the explanation satisfaction

scale [83] to measure participants’ satisfaction with robot explanations in the robot explanation

cohort, and with both robot and designer explanations in the robot-designer explanation cohort.

Refer to Table 4.2 for the questions and statements in the user study. Figures 4.3 through 4.8 show

the details of the scenarios.
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Table 4.2: Questions and statements associated with robot trust, designer trust, and explanation satisfaction

dependent variables

Dependent Variables Questions/Statements in the User Study Scale

Trust for the Robot

To what extent can the robot’s behavior be predicted

from moment to moment?
7-point (1-Low, 7-High)

To what extent can you count on the robot to do its job? 7-point (1-Low, 7-High)

What degree of faith do you have that the robot will be able to

cope with similar situations in the future?
7-point (1-Low, 7-High)

Overall, how much do you trust the robot? 7-point (1-Low, 7-High)

Trust for the Designer

To what extent can the designer’s choices be predicted

from moment to moment?
7-point (1-Low, 7-High)

To what extent can you count on the designer to do its job? 7-point (1-Low, 7-High)

Overall, how much do you trust the designer? 7-point (1-Low, 7-High)

Explanation Satisfaction

From the explanations, I understand how the robots work.
5-point

(1-Disagree strongly 5-Agree strongly)

The explanations of how the robots work are satisfying.
5-point

(1-Disagree strongly 5-Agree strongly)

The explanations of how the robots work have sufficient detail.
5-point

(1-Disagree strongly 5-Agree strongly)

The explanations of how the robots work seem complete.
5-point

(1-Disagree strongly 5-Agree strongly)

The explanations of how the robots work is useful to my goals.
5-point

(1-Disagree strongly 5-Agree strongly)
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d
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1 2

Task: In this scenario, the robot’s goal is to reach the flag.

Robot path: Green

Alternative path: Purple

Robot explanation: The selected path is one of the shortest possible

paths to the goal.

Designer explanation: The designer’s goal is for the robot to pass by

the ads. To achieve this, the designer positioned the robot facing to the

left or placed the box on the far right side.

Figure 4.3: Scenario 1 in the user study
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Task: In this scenario, the robot’s goal is to reach the flag.

Robot path: Red

Alternative path: Purple

Path that robot cannot follow: Green

Robot explanation: The Robot SVY7 is wide. The space between the

blocks is narrow. The robot can only move through spaces that are

wide. The selected path is one of the shortest possible paths to the goal.

Designer explanation: The designer’s goal is for the robot to pass by

the ads. To achieve this, the designer positioned the robot facing to the

left and placed the boxes to make the passage not wide.

Figure 4.4: Scenario 2 in the user study
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Task: In this scenario, the robot’s goal is to reach the flag.

Robot path: Green

Alternative path: Red

Robot explanation: The selected path is one of the shortest possible paths to the

goal.

Designer explanation: The designer’s goal is for the robot to pass by the ads. To

achieve this, the designer placed a box on the left side of the robot.

Figure 4.5: Scenario 3 in the user study
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Task: In this scenario, the robot’s goal is to reach the flag.

Robot path: Green

Alternative path: Red

Path that robot cannot follow: Purple

Robot explanation: Robot can’t move through the water. The selected

path is one of the shortest possible paths to the goal.

Designer explanation: The designer’s goal is for the robot to pass by

the ads. To achieve this, the designer placed the water spills and a box

on the left side of the robot.

Figure 4.6: Scenario 4 in the user study
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Task: In this scenario, the goal is to reach one of the two flags.

Robot path: Red

Alternative path: Green

Robot explanation: The selected path is one of the shortest possible

paths to the goal.

Designer explanation: The designer’s goal is for the robot to pass by

the ads. To achieve this, the designer positioned the robot facing to the

left.

Figure 4.7: Scenario 5 in the user study
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Task: In this scenario, the goal is to reach one of the three flags.

Robot path: Red

Alternative path: Green

Path that robot cannot follow: Purple

Robot explanation: Robot ISX6 cannot turn. The selected path is one

of the shortest possible paths.

Designer explanation: The designer’s goal is for the robot to pass by

the ads. To achieve this, the designer positioned the robot facing to the

left.

Figure 4.8: Scenario 6 in the user study

4.6.1 Results

We conducted our experiment on Prolific with 120 participants who had an approval rate of

over 90% allocated randomly to the different cohorts. Average study time was 18 minutes, and

participants were compensated with $. Of the 120 participants, 52.5% identified as women, 45.0%

as men, and 2.5% as non-binary. The majority of participants (35.0%) were in the 25-34 age. Refer

to Table 4.3 for detailed demographic information.

The results of our study were counter intuitive and we feel that the source of the problem

originates from two aspects; the first is that the price participants had to pay, i.e. the extra time they

had to spend watching the ads, was not significant to influence their decision making. The second is
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Table 4.3: The demographic breakdown of participants across three cohorts: No explanations, robot

explanations, and robot and designer explanations. Label ’n=’ indicates the total number of participants

assigned to corresponding cohort, serving as a basis for percentage calculations in each demographic category.

These categories include Gender, Age, Education, and whether participants have a Computer Science (CS)

background, with percentages totaling 100% per condition. The ’Overall’ column, marked as ’N=120’,

summarizes the data across all cohorts.

Demographics Categories
No

explanations(n=40)

Robot

explanations (n=40)

Robot and designer

explanations (n=40)
Overall (N=120)

Gender

Man 45.00% 40.00% 50.00% 45.00%

Woman 52.50% 57.50% 50.00% 53.33%

Non-binary 2.50% 2.50% 0.00% 1.67%

Age

18 -24 22.50% 17.50% 10.00% 16.67%

25 -34 35.00% 42.50% 32.50% 36.67%

35 - 44 27.50% 5.00% 22.50% 18.33%

45 - 54 10.00% 30.00% 12.50% 17.50%

55 - 64 5.00% 5.00% 20.00% 10.00%

65+ 0.00% 0.00% 2.50% 0.83%

Education

High school 20.00% 22.50% 25.00% 22.50%

College 40.00% 47.50% 35.00% 40.83%

Graduate 40.00% 27.50% 40.00% 35.83%

Other 0.00% 2.50% 0.00% 0.83%

Degree in CS
No 90.00% 85.00% 75.00% 83.33%

Yes 10.00% 15.00% 25.00% 16.67%

that gaining an understanding into the designer’s goals also led to an increase in trust on behalf of

the participants. Let’s begin our result analysis by looking at the results of the trust questionnaires.

Trust

As you recall, at the end of the study all cohorts were asked to answer 4 questions about their

trust in the robot and, separately, their trust in the designer [82]. The results are presented in

Table 4.4.

Table 4.4: Mean trust in robot and designer, SD in parenthesis.

No Ex Robot Ex Designer Ex

Robot Trust 0.74 (0.28) 0.76 (0.24) 0.81 (0.22)

Designer Trust 0.65 (0.24) 0.71 (0.23) 0.77 (0.24)
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Trust in Robot Overall the average trust results in the robot were highest for the designer

explanation cohort. This was significantly higher than the no explanation cohort (p = 0.003)

and marginally significant when compared to the robot explanation cohort (p = 0.07). Counter

intuitively, understanding the designer’s intentions has significantly increased user trust in the robot

itself. In particular, in answer to question 4 "How much do you trust the robot?" there was a

significant difference in favour of the designer explanation when comparing against both the robot

explanation cohort and the cohort that received no explanation at all (p < 0.04 for both).

Trust in Designer These results persisted when evaluating trust in the designer. Overall, average

trust results in the designer were highest for the designer explanation cohort (p < 0.03 for both).

In particular, explaining the designer’s intentions gave participants a higher sense of confidence

in their understanding of the designer. In answer to question 1 "To what extent can the designer’s

choices be predicted?" there was a significant difference in favour of the designer explanation when

comparing against both the robot explanation cohort and the cohort that received no explanation at

all (p < 0.01 for both). Also, when considering question 4 "How much do you trust the designer?"

there was a significant difference in favour of the designer explanation when comparing against both

the robot explanation cohort and the cohort that received no explanation at all (p < 0.02 for both).

User Performance

Given that the designer explanations increased user trust in both designer and robot, how did this

effect overall user performance? We measured user success by considering both the achievement of

the explicit goal (getting the robot safely to the flag) as well as the implicit goal of reducing task

time by not viewing the ads. We therefore measured, in how many instances did users choose the

"correct" alternative path that would both get the robot safely to the end goal but also get it there in

minimum time (for them) by not watching the ads.

We separated the scenarios into two cases; 1) the three scenarios in which there were only two

options, the path recommended by the robot and the alternative ’ad-free’ path, and 2) the three

scenarios in which there were three options, the path recommended by the robot, the alternative
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’ad-free’ path and a potentially shorter path that the robot couldn’t traverse, which would result in a

mission fail. The results are presented separately in Figure 4.9.

Looking at the first set of scenarios, the highest success rate (55.8%) was obtained by the

robot explanations cohort and the lowest by the designer explanations cohort (18.3%) (p < 0.001

according to Chi-Squared Test). These results persisted in the second set of scenarios, with the

highest 35% success for the robot explanations cohort and only 9.2% success for the designer

explanation cohort. The highest fail rate was obtained by the no explanation cohort, with 45.8% and

the lowest by the robot explanation cohort, with 24.2%. The designer explanation cohort obtained a

fail rate of 30.9% (p < 0.001 according to Chi-Squared Test).

Explanation Satisfaction

In terms of explanation satisfaction, no statistical significance was found between the robot

explanation and designer explanation cohorts, following a pairwise T-test between both cohorts

(p > 0.2 for all tests). The average results are presented in Table 4.5 with Standard Deviation in

parenthesis.

Ads path Alt. path

No Ex. Robot Ex. Designer Ex.
0.000 %

20.000 %

40.000 %

60.000 %

80.000 %

100.000 %
Fail path Ads path Alt. path

No Ex. Robot Ex. Designer Ex.
0.000 %

20.000 %

40.000 %

60.000 %

80.000 %

100.000 %

Figure 4.9: User performance as presented by path choice.
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Table 4.5: Mean explanation satisfaction in robot and designer separately among the explanation cohorts, SD

in parenthesis.

Robot Ex Cohort Designer Ex Cohort

Robot Exp Sat 0.61 (0.14) 0.62 (0.17)

Designer Exp Sat 0.61 (0.14) 0.58 (0.18)

4.7 Discussion

So why did the designer explanations increase trust, both in the designer and the robot? We

believe this is the key question to answer, the higher trust having a direct effect on user performance.

We can attempt to understand these results in the light of existing research that suggests that any

explanations can persuade people to change their minds [84] or that people can be persuaded as

much by meaningless explanations as they are by meaningful ones [85]. There have also been

warnings that there may be a problem with the common practice of measuring the effectiveness

of an explanation in XAI by its ability to persuade [79]. However, when reviewing the themes

emerging from the qualitative open-ended question "Which part of the explanations did you find

most useful and why?", we see a different story.

Participants who were exposed to robot explanations hardly addressed the ads at all in response

to this question. When they did it was generally expressed as confusion; "To me the explanations

were not very useful at all. I understood them but I didn’t understand why the robots would always

choose the way that had ads.", "I’m confused by this activity! I’m not sure about the robot, I think

he should have been able to go through the green path. He wanted me to watch ads! ", "There was

no explanation of why the robot chose the path with the ads when the distance was the same for

both paths."

On the other hand participants exposed to the designer explanations evinced an actual under-

standing of the designer and robot intentions and more frequently alluded to the ads in their response;

"the goals of the designer in making sure the ads get triggered", "it seemed the designer always

wanted to show the ads", "whether the robot could turn or had to move a certain direction would

make it a lot easier for the designer to force it to go along the path that contained the ads", "the
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designers (goal) was just to follow the ads", "the robot and designer will always want it to pass

by the Ads", "The way the designer would always fit in the ads in the path of the robot was pretty

smart", "the robot was to take the shortest route avoiding obstacles and pass by the ads due to the

designers choices".

From these responses we can determine that not only did participants engage with the explana-

tions but they also formed a more accurate understanding of the different actors of the system. In

fact, we believe that the designer explanations worked so well that participants not only understood

what the designer goal was but rather often strove to assist the designer in fulfilling it rather then

considering their own personal preferences. This was evident from feedback such as "it was the

designer’s wish that the robot passed the ads so that was the choice to make otherwise you might

be failing the brief", "What I didn’t understand was whether I was supposed to determine the

robot’s path so that I avoided the ads or whether I was supposed to see them". We conclude that the

differences in task time currently imposed, between watching and not watching the ads, was not

sufficient motivation for the designer goal to contradict their own goals, hence it was easier to align

with.

4.8 Conclusion

We have emphasized and formalized a crucial and, until now, overlooked aspect of generating

explanations for automated systems: the presence of a hidden actor—the designer—whose goals

and intentions may not align with those of the user but should still be taken into account. We

have instantiated our explanation framework on the classical planning Sokoban environment and

performed a proof-of-concept user study in which participants were exposed to both agent and

designer explanations. Our results have shown that designer explanations can increase user trust in

the system and help users acquire a deeper level of task/actor understanding.

Our study should be viewed in light of the following limitations. As a first study of this nature,

introducing the concept of designer explanations, we did not know to what extend users would

engage with and understand the concept of a designer. This led to potential changes we hope to

55



include in future. Possible experiment settings could include increasing user cost to using the agent,

monetary rewards to participants for quicker performance and imposing some penalty for following

a failed path. It is also possible that the manner in which the explanations were presented had an

effect on user performance, which we hope to explore through a future user study. And lastly, please

note that the empirical experiments were conducted with a single type of stakeholder (laypeople)

and within demographics which speak English as a primary language. Hence, we don’t know how

these explanations affect user understanding, performance, trust and explanation satisfaction when

tested on a more multicultural and multilingual group.
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Chapter 5

EXCUSE MY EXPLANATIONS: INTEGRATING

EXCUSES AND MODEL RECONCILIATION FOR

ACTIONABLE EXPLANATIONS

In the previous chapter, I introduced a framework for generating explanations that incorporate

the intentions of system designers—highlighting how user understanding can be limited when

explanations focus only on agent behavior. While that work emphasized who influenced the

agent’s actions, this chapter shifts focus toward what users can do when they disagree with those

actions. Specifically, I investigate the limitations of existing explanation techniques—such as model

reconciliation and excuse generation—that help users understand or imagine alternate behaviors, but

fail to offer both clarity and control. These methods tend to separate why the system acted a certain

way from how the user might influence it. In this chapter, I introduce Actionable Reconciliation

Explanations (AREs)—a new class of explanations that integrate the strengths of both model

reconciliation and excuse generation. AREs are designed to help users understand the reasoning

behind the agent’s behavior while also providing them with information on how to alter the model

to produce their desired outcomes. I present a novel algorithm for generating AREs, evaluate

their properties computationally and through user studies, and compare their performance against

traditional explanation methods along key dimensions such as trust, cognitive load, and perceived

actionability.

5.1 Introduction

The field of Explainable AI, or XAI, has been getting much attention in recent years. While

the majority of works in XAI have focused on single-shot decisions like classification [86, 87],

there has been increasing interest in developing explanation generation methods for sequential
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decision-making problems that are better suited for robotics tasks [88, 89]. One of the popular

methods in this direction is that of model reconciliation explanations [7, 9]. Given its focus on

modeling the user’s knowledge and by allowing for the fact that the users might not be aware of

all the details of the task or the robotics platform, it is particularly well suited for applications

where a lay user may be working with a complex robotics platform. However, these works operate

from the assumption that the robot already has the ground truth model of the task, and as such,

the robot’s plan must be correct and doesn’t need to be changed. This, unfortunately, overlooks

a core desirable property of explanations that have been identified in the wider XAI literature,

namely actionability [90] (also sometimes referred to as algorithmic recourse [91]). An actionable

explanation would empower the user, if they wish, to influence or change the system output to the

one the user expected or prefers.

Excuse generation is an orthogonal approach that looks at how to update a planning model so

as to ensure the generation of solutions of some desired property [8, 92]. These methods focus on

providing users with information on how to update the task/planning model (most frequently by

updating the task setting), such that solving the updated planning model is guaranteed to generate

the desired behavior. Unfortunately, excuses on their own do not constitute actionable explanations,

as they do not provide any information as to why the system chose the unexpected behavior in the

first place [70]. Additionally, the current excuse literature focuses exclusively on scenarios where

the user’s belief about the robot is equivalent to the true robot model, an assumption that is not met

in many scenarios.

In summary, if users only receive model reconciliation explanations generated by the model

reconciliation framework, they can understand why the robot’s plan is different from what they

expect. However, it does not inform them about what needs to be done to achieve the desired

behavior. On the other hand, if the robot only provides excuses, users would know what actions

to take to get the desired outcome, but they would not understand why the robot initially failed to

perform the desired action. In this work, we develop a novel explanation generation method that
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bridges this gap and generates explanations that help the user understand the reasoning behind the

robot’s actions and the steps required to achieve their desired behavior.

We show that how this new explanatory information, named Actionable Reconciliation Expla-

nations (ARE) (Section 5.4), combines the previous approaches’ strengths and exhibits a unique

set of properties (refer to Figure 5.1). We show that how generating ARE requires us to develop

a novel model-space search algorithm [7] (Section 5.5). In developing this new method, we also

introduce a more general version of the excuse generation problem to the current literature. We

evaluate ARE by providing theoretical analyses of these new explanations (Section 5.4), running

empirical evaluations to compare how our new algorithm compares to previous ones (Section 5.6.1),

and finally running user studies to establish various effects of the information on the user’s end,

including, trust, cognitive load, and perceived actionability (Section 5.6.2). As part of these user

studies, we also perform, to the best of our knowledge, the first comparison of excuse and model

reconciliation explanations along these dimensions.

MH MR
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πH πR

C(πH) = $MR+! 
∗

MH + ! + %

Plan Explanations via 

Model Reconciliation       
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Actionable 
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Figure 5.1: Schematic representation of model updates for explanation, excuse, and ARE processes. In

explanation generation, the human model (MH ) is updated to align more closely with the robot model (MR),

ensuring the robot plan (πR) is optimal within the updated human model. During excuse generation, the

MRis updated to ensure that the human’s plan (πH ) is optimal. For ARE following an initial explanation that

updates theMH , the human is also provided with additional model updates that could ensure the optimality

of πH in both models.

59



To summarize, the contributions in this chapter are as follows:

• We introduce a novel explanation type Actionable Reconciliation Explanations (ARE) that

integrate aspects of both excuses and explanations, aimed at providing task assigners with

comprehensive information to have the robots with desired behavior.

• We present a new algorithm for generating these AREs, utilizing existing model reconciliation

methodologies.

• We conducted a user study to assess the effectiveness of our approach in comparison to

traditional excuses and model reconciliation explanations. To our knowledge, this is the first

work that makes compression between excuses and explanations in a user study.

• We tested our algorithm in various planning domains, demonstrating its applicability and

effectiveness in generating ARE.

5.2 Related Work

To start with let’s look at the current landscape of relevant related work. A significant portion of

previous research on sequential decision-making problems has centered on providing explanations

for existing plans. Typically, the inquiries in this area revolve around understanding why a specific

plan has been chosen ("Why is this the plan?") or why it was chosen over alternative plans or

foils [70, 88]). Some popular explanation methods in this space include model reconciliation [7, 9],

causal chain explanations [93, 94], and model restrictions [95]. Excuses, on the other hand, produce

information about how a planning model could be updated to produce plans for certain properties.

Excuses were originally introduced to identify how an unsolvable model can be made solvable [8].

This can be compared against methods for explaining the unsolvability of the problem [96].

Multiple works have looked at evaluating the effectiveness of model reconciliation explanation.

These include basic tests to compare the effectiveness of different forms of model reconciliation

explanation and whether people naturally identify model reconciliation explanations (cf. [35]) and

what kind of model update information are preferred by users [35]. Early evaluations were focused
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on simplified robotic tasks [35], but since then they have also been tested in decision-support

contexts [51, 97]. Excuses have also been evaluated using user studies [92], but we are unaware of

any prior work that has compared the two.

Multiple authors have argued for the need to ensure that explanations generated by AI systems

need to be actionable [98]. However, most of the existing works on generating actionable explana-

tions are focused on single-shot decision-making settings [99]. Another related direction of work

is that of counterfactual explanations, which were primarily studied in the context of single-shot

decision-making. These explanations aim to identify important features behind a decision and how

to change them to get different outcomes [100]. Thus, these methods are both identifying the reason

for the decision and how to change it [80]. As such, these works are closely in spirit with the kind

of methods discussed in this chapter.

To illustrate the distinctions between excuses, explanations, and our method, we introduce

a scenario featuring a robot navigating a small grid world, as depicted in Figure 5.2. Initially

positioned in a small room at E6, the robot is tasked by a human to reach a specified goal at A10 via

the shortest possible route. The environment includes a wall marked by diagonal lines extending

from D2 to D9, which the robot cannot cross. There are two exit doors: Door A at E4 and Door B at

E7. The corridor between E8 and E10 is dark due to the lights being switched off, which the human

is aware of. The optimal plan expected by the human, denoted as πH in blue, involves the robot

exiting via Door B to directly reach the goal. The robot, on the other hand, exits through Door A

and follows a seemingly longer path to the goal (πR denoted in green). Here, the human is unaware

of the fact that the robot can’t open locked doors, that door B is locked, and that the robot can’t

navigate through dark corridors.

5.3 Running Example

In the presence of this discrepancy, if the user were to ask, “Why didn’t you just go through

door B to reach the goal?" the robot could respond either with an excuse or an explanation.

Explanation - I can’t open the doors that are locked and Door B is locked
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Figure 5.2: Motivational Example: The robot, initially positioned at E6 within a small room bounded by

walls and two doors (unknown to the human Door B is locked), is tasked by a human to reach the goal at A10.

A continuous wall extends from D2 to D9, forming an impassable barrier for the robot. The corridor between

E8 and E10 is dark due to the lights being turned off. The human’s anticipated route for the robot is depicted

with blue arrows (πH ), while the robot’s actual path is indicated by green arrows (πR).

Excuse - I could have followed πH if Door B was unlocked and the lights at cells E8, E9, and E10

is switched on.

Now, an explanation provides information as to why the robot chose its behavior but not how to

correct it, while excuses, on the other hand, provide information on how to allow generation of πH ,

but no justification for its choice of πR .

The minimal ARE for the setting would be as follows

ARE - I can’t open the doors that are locked, I can’t move in the dark, and door B is locked. I could

have followed πH if Door B was unlocked and the lights at cells E8, E9, and E10 is switched on.

Note that ARE tries to perform functions of both explanations and excuses; however, it contains

information not contained in either. We will provide a more detailed discussion of the reason why

ARE takes this form and how to generate them in the following sections.

5.4 Actionable Reconciliation Explanations

Before discussing and analyzing our newly proposed explanatory information, let’s revisit the

problem of excuse generation and start with a more general definition.
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Definition 8. For a target modelM = ⟨F,A, I,G⟩ and a target plan set Π, and general excuse

generation problem is defined by the tuple Pζ = ⟨M,Eζ , Cζ ,Π⟩, where E
ζ ⊆ F (F,A) is the set of

allowed model edits, and Cζ is the cost associated with each model edit. A solution to an excuse

generation problem is an excuse ζ ⊆ E
ζ , such that for the updated modelMζ =M + ζ, there

exists at least a plan π ∈ Π, that is optimal inMζ .

The original excuse generation work [8] focused on converting an unsolvable planning problem

into a solvable one by changing the initial state. We can derive this specific instantiation of the

problem from the general problem by setting the target plan set, to the set of all action sequences

not containing a−1. In our case, our target model is the robot modelMR, the target plan set is a

singleton set containing πH , and the model update set Eζ contains all the changes to the task and

the robot that can be viably made, and Cζ reflect the cost of making that change. In the context of

our running example, the model edits include both changing the environment (unlocking Door B)

and upgrading the robot (adding sensors), and the identified minimal excuse includes edits of both

kinds.

Now, moving over to the problem at hand, the underlying explanatory problem is one shared by

multiple earlier works (cf. [9, 51, 101]). In its most general form, the problem is represented as a

tuple PE = ⟨MH ,MR, CE , πR, πH⟩. Even though these earlier works look at the same problem,

they propose generating different kinds of explanations for different objectives. For example, works

on model reconciliation [6] have introduced both MCE for one-shot interactions and MME for

longitudinal ones. Similarly, works on explicable planning [21] consider changing the robot plans

to better align with human expectations. We add to this growing body of literature by considering a

novel explanation form that becomes more appropriate when we relax a core assumption shared

by all these previous works, namely that the robot model is not changeable. In particular, the

explanatory information generated under this new method consists of two sets of information: a) a

set of information about the robot model that is aimed at explaining why the robot chose πR, b) a set

of model updates that if performed could allow the robot to follow πH instead. Thus, the explanation

here includes the reason for the system’s choice (πR) and a set of actionable recourse the user could

63



potentially follow to generate the behavior they expected (πH). We will again leverage the notion

of model edits to define such explanations. Specifically, we formalize the notion of Actionable

Reconciliation Explanations (ARE) as follows:

Definition 9. For an actionable explanation problem P = ⟨MH ,MR,Eζ , CE , Cζ , πR, πH⟩, the

ARE is given as a tuple Ξ = ⟨E , ζ⟩, such that it meets the following conditions:

C1 ζ ⊆ E

C2 πR is optimal in the modelMH + E

C3 πH is optimal in both the modelsMH + E + ζ andMR + ζ

Under this definition, E corresponds to the explanation component and ζ to the excuse (C1

merely states that the excuse can only include valid model updates). Condition C2 requires that E

helps ensure the optimality of the robot plan in the updated human model, and condition C3 requires

that the application of excuse ensures the optimality of the human plan in both the robot model and

the updated human model you obtain after incorporating the explanation.

Our natural next step would be to attribute a notion of minimality to ARE. A natural option

would be to minimize Cζ(ζ) + CE(E). However, revisiting the motivational example shows how

this could be an issue. Note how the minimal ARE provided includes more information than a

simple union of the explanation and excuse information. If we were to simply return the union

of the two, the user would understand why the robot would want to unlock Door B, but not why

the lights need to be switched on. For the second piece of information, it needs to know that the

robot can’t go through dark rooms. In this example, a naive approach to simply minimizing the total

information provided could lead to the human thinking that the excuse includes more information

than is required. So, instead, we will use a multi-tiered notion of minimality. In particular, for a

given ARE, we are looking for the cheapest explanation, for which we can generate an excuse that

is perceived as minimal by the human. Note that this definition centers on human perception. As

they do not know the robot model, it is very hard for humans to judge what a minimal explanation

is. However, as in the example, once an explanation is given, the human can try to estimate if the
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excuse includes superfluous information. To formally capture this notion, we will start by defining

a minimal excuse for an explanation.

Definition 10. For a given problem P , a set ζ ⊆ E is said to be minimal for E , if ⟨E , ζ⟩ is a valid

ARE for P and there exists no other excuse ζ ′ ⊆ E, such that πH is optimal forMH + ζ ′ and

Cζ(ζ ′) < Cζ(ζ).

A minimal ARE is one with a minimal explanation for which a minimal excuse is possible, or

more formally

Definition 11. For a given problem P , an ARE Ξ = ⟨E , ζ⟩ is considered minimal if ζ is minimal

for E and there exists no Ξ′ = ⟨E ′, ζ ′⟩, such that CE(E ′) < CE(E) and ζ ′ is minimal for E ′.

Now, with the definitions in place, we can see some basic properties of ARE

Proposition 9. For a given problem P , there might not exist a valid ARE.

This result is in stark contrast with the model reconciliation explanation, where one could always

show one exists. Here, this property primarily arises from the requirements for a valid excuse, and

one can show this fact holds trivially when E is empty (i.e., the robot model cannot be updated in

line with the original assumption of the model reconciliation work).

Returning to a property that was earlier hinted at in the example, the total cost of a minimal

ARE might be higher than the total cost of a minimal explanation and excuse.

Proposition 10. For a given problem P , let Ξ = ⟨E , ζ⟩ be a minimal ARE, now let E∗ be the MCE

for PE , and ζ∗ be the minimal excuse for Pζ , then

Cζ(ζ) + CE(E) ≥ Cζ(ζ∗) + CE(E∗)

The proof of this proposition can be established rather directly. Firstly, we can see from

Definitions 9 and 11 that the excuse and explanation components of any ARE are valid explanations

and excuses. Since CE(E∗) and Cζ(ζ∗) are lower bounds on explanations and excuses, their sum
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Algorithm 2 Algorithm of the excuse generation pseudo-code procedure that is called by the outer model-

space search when it identifies a valid explanation.

1: procedure MINIMAL EXCUSE SEARCH

2: Input:MR,M̂H ,E, πH , Cζ , where M̂H =MH + E
3: Output: Excuse set ζ and min_excuse_found flag

4: fringe← Priority_Queue()

5: min_excuse_found← False

6: ζ̂ ← {}

7: fringe.push(ζ̂ , priority = 0)
8: min_excuse_cost←∞

9: while fringe is not empty do

10: ζ̂ ← fringe.pop()

11: if Cζ(ζ̂) ≤ min_excuse_cost then

12: if πH is optimal in M̂H + ζ̂ then

13: min_excuse_cost← Cζ(ζ̂)

14: if πH is optimal inMR + ζ̂ then

15: min_excuse_found← True

16: return ζ̂, min_excuse_found

17: end if

18: end if

19: end if

20: for ∀e ∈ E \ ζ̂ do

21: ζ̂ ← ζ̂ ∪ {e}

22: fringe.push(ζ̂ , Cζ(ζ̂) + hζ(ζ̂))
23: end for

24: return ζ̂, min_excuse_found

25: end while

26: end procedure

must also be a lower bound of the total ARE cost. This establishes the ≥ relationship. We can see

that it’s neither always equal nor greater in the general case through construction. The running

example already shows a case where the cost ARE is higher, and in the evaluation, we will see

cases where they are equal. This eliminates any chances of establishing a more precise relationship

without further constraining the problem.

5.5 Generating ARE

To generate ARE, we will be using a bi-level search (refer to Figure 5.3), termed ARE-search.

The outer-search will be similar to the explanation generation process described for generating MCE

(cf. [7]). In the traditional MCE, the goal check merely checks whether the identified model updates

66



MH MR

!1
""

!2
""

!3
""

C(πR) = C
!" !

∗

πH

C(πR) = C
!" !

∗

πR

Valid Explanation       

C(πH) = C$""+% 
∗

C(πH) = C$R+% 
∗

Actionable Reconciliation Explanations

bi-level 

search

!%"+ &2
MR + &2

!%"+ &1
MR + &1

Valid Excuse

!%"

MR

Figure 5.3: Illustration of the Bi-Level Search Algorithm for identifying ARE. This process is initiated by

locating a valid explanation, followed by a subsequent search phase that seeks a valid excuse, taking into

account both the robot’s model and the human model updated with the initial valid explanation.

constitute a valid model reconciliation explanation (with guarantees of minimality provided by the

choice of the search). Now, in our case, we will run an additional goal check when this condition is

met. In particular, we check if a valid minimal excuse exists for the corresponding explanation E .

The algorithm for finding such an excuse is sketched in Algorithm 2. It takes as input the

updated human model (obtained by applying an explanation of the human model), the original robot

model, the allowed edits, the human plan, and the cost function. The algorithm internally makes

use of a modified A* search [102] with an admissible heuristic (hζ). It searches over the space of

excuses (corresponding to subsets of E). It will only test an excuse if its cost is lower than or equal

to the previously found min_excuse_cost. This min_excuse_cost is initially set to infinity (or more

practically to a large value). The min_excuse_cost variable gets set to a specific value as soon as

you find an excuse that makes the plan optimal in the human model. If the same excuse makes

it optimal in the robot model, then it’s returned as the required minimal excuse, else it continues

searching. The successors for each expanded excuses involves new excuse set formed by adding
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previously missing model edits from E, and the node value is set as the sum of it’s cost and heuristic

value (as per the conventions of A* search).

5.6 Evaluation

5.6.1 Experiments on IPC Domains

First, we determine our proposed algorithm’s computational characteristics, particularly the time

taken on standard planning benchmarks, and compare them against the original model reconciliation

explanation (referred to henceforth as simply explanation) and excuse generation methods5. The

time taken is an interesting metric of comparison because we are introducing a new class of more

complex search algorithms (given the multi-level structure) than the ones previously considered in

the literature.

Setting For the experiments, we will assign uniform unit costs for all model updates (both for

explanations and excuse model edits) and use a blind heuristic for all model-space searches. We

considered two settings, one where we tested on the original benchmark domains and then a set

where we know that the cost of ARE will be higher than the total cost for explanation and excuses.

For the first set, the robot model consisted of the original IPC domains and instances, and the human

model was generated by randomly deleting some static predicates from the original domain. The

allowed model updates for excuses includes adding a subset of predicates to the initial state. We

considered five domains, and for each domain, we considered five instances of increasing size (25

total problems).

We also evaluated our approach on problems where ARE is guaranteed to be longer than

individual excuses or explanations. As such, we expect the search effort to be significantly higher in

these problems. To create such problem instances, we updated each domain by adding a duplicate

set of actions that allows for shorter plans by removing some of the preconditions in the human

model. As such, to explain away the use of these actions, the system only needs to point to one

5All code and data for the experiments can be found in https://github.com/cglrtrgy/ActionableExplanations
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precondition in one of these actions. However, to ensure the optimality of human plans that use

these actions, a minimal ARE will involve explanations that include all relevant preconditions. The

human models were generated as before, and the model updates for excuses were again similar

to the last setting. For this setting, we considered three domains and five instances each (15 total

problems). All evaluations were performed on a computer with 16GB RAM and an Apple M1

3.2GHz CPU.

Results Tables 5.1 and 5.2 present the time taken and solution size for the three methods, i.e.,

excuses, explanations, and ARE. Since all costs are unit costs, we report costs simply as the size.

Table 5.1 focuses on the first setting where ARE could simply be a union of the explanation and

excuse. The primary thing to note here is the fact that even though the algorithm for ARE is more

complex than a simple model search involved in excuse and explanation generation, the time taken

by ARE is comparable to the sum of time taken for excuse and explanation. This is even true

in Table 5.2, where we are explicitly considering problems where the solution size for ARE is

larger than the sum of excuse and explanation in isolation. Please note that the reason for the large

standard deviations is that we are summarizing results across planning instances of different sizes.

Refer to Table 5.3 and Table 5.4 provide detailed breakdowns of the aggregated results presented in

Table 5.1 and Table 5.2, respectively.

Table 5.1: Comparison of performance metrics across three approaches: Excuse, Explanation, and ARE.

For each domain, metrics are averaged across 5 problem instances, with standard deviations provided. |πR|
and |πH | represent the average lengths of robot and human plans, respectively. |ζ|, |E|, and |ζ + E| denote

the lengths of the Excuse, Explanation, and ARE. The ’Time(s)’ column indicates the computation time (in

seconds).

Domains |πR| |πH |
Excuse Explanation ARE

|ζ| Time(s) |E| Time(s) |ζ + E| Time(s)

Logistics 31.0 ± 11.0 15 ± 4.5 2.8 ± 1.3 5.2 ± 5.7 2.0 ± 0.0 22.1 ± 46.4 4.8 ± 1.3 16.2 ± 16.7

Depots 19.0 ± 7.6 8.2 ± 3.6 3.6 ± 1.3 4.5 ± 5.3 3.8 ± 0.4 137 ± 249.1 7.4 ± 1.5 153 ± 264.7

Freecell 12.0 ± 5.6 5.0 ± 1.6 2.6 ± 1.9 16.4 ± 34.4 2.8 ± 0.4 18.6 ± 19.3 5.4 ± 2.2 45.6 ± 72.4

Rovers 13.0 ± 5.5 7.8 ± 3.1 2.6 ± 0.9 6.6 ± 11.5 2.0 ± 0.0 1.4 ± 2.0 4.6 ± 0.9 8.1 ± 12.7

Satellite 16.2 ± 2.4 14.2 ± 2.2 2.6 ± 1.1 9.2 ± 13.7 1.8 ± 0.8 11.9 ± 17.3 4.4 ± 1.8 27.7 ± 32.6
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Table 5.2: This table focuses on problem instances where the length of ARE is guaranteed to be greater

than the total length of Excuse and Explanation when computed individually. See Table 5.1 for a detailed

description of the metrics.

Domains |πR| |πH |
Excuse Explanation ARE

|ζ| Time(s) |E| Time(s) |ζ + E| Time(s)

Blocks 12.0 ± 2.4 8.8 ± 1.1 2.8 ± 0.8 2.9 ± 3.8 1.0 ± 0.0 0.3 ± 0.0 4.6 ± 1.1 5.2 ± 3.0

Zenotravel 13.6 ± 3.2 12.0 ± 3.1 2.0 ± 0.0 1.7 ± 1.8 1.0 ± 0.0 13.5 ± 15.2 4.0 ± 0.0 24.8 ± 26.7

Logistics 31.0 ± 11.0 13.0 ± 5.4 2.4 ± 0.9 3.4 ± 6.5 2.0 ± 0.0 21.9 ± 42.4 5.2 ± 0.4 38.8 ± 37.5

Table 5.3: Comparison of performance metrics across three approaches: Excuse, Explanation, and ARE.

For each domain and problem instance pairs. |πR| and |πH | represent the average lengths of robot and

human plans, respectively. |ζ|, |E|, and |ζ + E| denote the lengths of the Excuse, Explanation, and ARE. The

’Time(s)’ column indicates the computation time (in seconds). Summarized data can be found in Table 5.1

Domains Problem |πR| |πH |
Excuse Explanation ARE

|ζ| Time(s) |E| Time(s) |ζ + E| Time(s)

Logistics p1 20 10 1 0.14 2 0.46 3 0.99

Logistics p2 19 11 2 0.19 2 0.48 4 1.02

Logistics p3 36 17 4 11.83 2 1.62 6 27.66

Logistics p4 36 16 3 3.11 2 2.74 5 12.41

Logistics p5 44 21 4 10.6 2 105.1 6 38.85

Depots p1 10 4 2 2.71 4 3.60 6 4.71

Depots p2 15 6 3 0.69 4 4.32 7 5.34

Depots p3 27 12 5 2.47 4 96.94 9 110.42

Depots p4 16 7 3 13.78 3 3.52 6 24.67

Depots p5 27 12 5 2.68 4 576.68 9 620.11

Freecell p1 8 5 1 0.24 2 3.33 3 3.04

Freecell p2 14 6 2 1.72 3 26.04 5 34.13

Freecell p3 8 4 2 1.02 3 7.08 5 8.73

Freecell p4 21 7 6 78.01 3 49.2 9 173.37

Freecell p5 9 3 2 1.09 3 7.12 5 8.87

Rovers p1 10 5 2 0.55 2 0.49 4 1.47

Rovers p2 14 8 3 3.52 2 0.52 5 4.53

Rovers p3 11 7 2 0.51 2 0.49 4 1.18

Rovers p4 8 6 2 1.34 2 0.47 4 2.55

Rovers p5 22 13 4 27.1 2 5.06 6 30.73

Satellite p1 17 16 1 0.16 1 0.54 2 1.27

Satellite p2 15 13 2 1.06 2 2.48 4 5.98

Satellite p3 20 17 4 7.40 3 41.31 7 62.1

Satellite p4 15 12 3 33.14 2 13.71 5 64.53

Satellite p5 14 13 3 4.23 1 1.49 4 4.67

5.6.2 Human Subject Experiments

Next, using a between-subjects study, we compared our method against just excuses and model

reconciliation explanations. Each participant was randomly assigned to one of three conditions:
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Table 5.4: Comparison of performance metrics across three approaches: Excuse, Explanation, and ARE.

|πR| and |πH | represent the average lengths of robot and human plans, respectively. |ζ|, |E|, and |ζ + E|
denote the lengths of the Excuse, Explanation, and ARE. Please note that the length of ARE is greater than

the total length of Excuse and Explanation when computed individually. The ’Time(s)’ column indicates the

computation time (in seconds). Summarized data can be found in Table 5.2

Domains Problem |πR| |πH |
Excuse Explanation ARE

|ζ| Time(s) |E| Time(s) |ζ + E| Time(s)

Blocks p1 10 8 2 0.89 1 0.35 4 4.00

Blocks p2 16 10 4 10.22 1 0.36 6 9.55

Blocks p3 12 10 3 1.70 1 0.35 5 5.00

Blocks p4 10 8 2 0.27 1 0.33 3 1.38

Blocks p5 12 8 3 1.56 1 0.34 5 6.27

Zenotravel p1 11 9 2 0.20 1 0.29 4 2.02

Zenotravel p2 14 12 2 1.20 1 7.18 4 14.39

Zenotravel p3 10 9 2 0.19 1 0.29 4 1.94

Zenotravel p4 15 14 2 2.69 1 32.08 4 44.76

Zenotravel p5 18 16 2 4.34 1 27.43 4 60.78

Logistics p1 20 8 2 0.40 2 0.93 5 8.79

Logistics p2 19 8 2 0.47 2 0.88 5 8.59

Logistics p3 36 14 2 0.72 2 3.06 5 39.72

Logistics p4 36 14 2 0.48 2 7.05 5 100.39

Logistics p5 44 21 4 15.12 2 97.64 6 36.47

Excuse only (EXC), Explanation only (EXP), or Our Method: ARE. The experiment followed IRB

approved protocols, and an overview of the study setup and the robot behavior can be seen in the

attached video6.

Study design and task Within each condition, participants were presented with two scenarios

involving a robot assigned to perform a task. The sequence of these scenarios was randomized per

participant. The participants were briefed on the robot task, and then they watched a recorded video

of the robot performing the task (for example, Figure 5.4), where they saw the robot performing a

seemingly suboptimal plan. Following each task, a question is raised about its behavior, and the

robot responds according to the condition (EXC, EXP, or ARE). Details of the users’ questions and

the robot’s responses are provided in Figure 5.5. One of the tasks produces an ARE that is the union

of explanation and excuses (Task 1 in Figure 5.5) and in the other it contains more information

6Video link: https://youtu.be/JpPO0RVHtkg
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Figure 5.4: Images captured from an actual robot in two different task scenarios. Top images illustrate the

first task, where the robot groups blocks by color on opposite table sides using minimal steps. The top left

image displays the initial setup, while the top right shows the post-task arrangement, highlighting that the

robot’s plan of swapping two red blocks (1 and 2) on the left with two green blocks (5 and 6) on the right is

seemingly sub-optimal (instead of swapping the one green block three on the left with red block four on the

right). The bottom image presents the initial setup of an unsolvable task, where the robot was to stack a clear

block on top of the purple blocks.

(Task 2 in Figure 5.5). Participants then evaluated the robot’s response in terms of satisfaction,

clarity, and their perceived ability to make the robot behave the way they wanted (actionability).

After completing both tasks, participants responded to questions regarding their trust in the robot

and their perceived workload. The survey concluded with demographic questions.

Participants and recruitment We recruited 93 participants through the Prolific [103]. We

excluded data from three participants who failed an attention check. The analysis proceeded with

the following number of participants: 29 in the ’EXC’ condition, 31 in the ’EXP’ condition, and 30

in the ARE condition.

On average, participants completed the survey in eight minutes and were compensated $3.50 for

their participation. In our study, 54% of participants identified as men, 41% as women, and 4% as

non-binary. The largest age group, comprising 41% of participants, was between 25-34 years old.
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Task 1 User’s Question: Why did you choose not to swap the green block on the left side (block 3) with 

the red block on the right side (block 4)?

Task 1 Robot’s Responses:

• EXC: If the red block 4 was lighter, I could have swapped the green block on the left side (block 3) with 

the red block on the right side (block 4).

• EXP: Red block 4 is heavy. I cannot pick up heavy objects.

• ARE: I cannot pick up the heavy blocks. Red block 4 is heavy. If red block 4 was lighter, I could have 

performed only one swap.

Task 2 User’s Question: Why can’t you solve this task?

Task 2 Robot’s Responses:

• EXC: If the clear block was on the purple divider, I could have performed the task.

• EXP: I cannot perform the task because I cannot pick up the clear block from the table.

• ARE: I cannot perform the task because I cannot pick up the clear block from the table. I can pick up 

clear blocks that are placed on the purple divider. If the clear block was on the purple divider, I could 

have performed the task.

Figure 5.5: User questions and robot responses

Regarding education, 5% of participants held a college degree or higher, 33% had a high school

diploma or its equivalent, and 16% had obtained a graduate degree. Within the participant pool, 14%

had a degree in Computer Science. Refer to Table 5.5 for a detailed breakdown of the participants’

demographics in the study.

Dependent variables We evaluated participants in three conditions across two tasks. We were

particularly interested in analyzing the following dependent variables (DV):

• Satisfaction: This measures how satisfied participants were with the robot’s response to the

tasks they were given.

• Clarity: This assesses how clear the participants found the robot’s responses.

• Actionability: This assesses participants’ understanding of how to make the robot perform the

tasks in the way they wanted.

• Trust: The trust the user placed on the robot, as measured through Muir questionnaire [82].
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Table 5.5: Detailed breakdown of the demographic distribution of participants according to the response

condition they were assigned to: Excuse-only, Explanation-only, and ARE. Each condition column, denoted

by ’n=’, represents the total number of participants in that specific group, providing a basis for the subsequent

percentage calculations within each demographic category. These categories encompass Gender, Age,

Education of participants, and whether participants have Computer Science (CS) Background or not, with

their respective percentages summing up to 100% for each condition. The ’Overall’ column, marked as

’N=90’, aggregates the data across all conditions, offering a comprehensive view of the entire study’s

demographic landscape.

Demographics Categories Excuse (n=29) Explanation (n=31) ARE (n=30) Overall (N=90)

Gender

Woman 27.59% 48.39% 46.67% 41.11%

Man 65.52% 48.39% 50% 54.44%

Non-binary 6.90% 3.23% 3.33% 4.44%

Age

18 -24 13.79% 16.13% 16.67% 15.56%

25 -34 41.38% 41.94% 40% 41.11%

35 - 44 17.24% 25.81% 10% 17.78%

45 - 54 13.79% 9.68% 23.33% 15.56%

55 - 64 10.34% 6.45% 10% 8.89%

65+ 3.45% 0% 0% 1.11%

Education

High school 34.48% 32.26% 33.33% 33.33%

College 51.72% 48.39% 53.33% 51.11%

Graduate 13.79% 19.35% 13.33% 15.56%

CS Background
No 82.76% 90.32% 83.33% 85.56%

Yes 17.24% 9.68% 16.67% 14.44%

• Workload: The workload, especially cognitive load, imposed by each condition, as measured

by NASA TLX questionnaire [104].

Refer to Table 5.6 for the specific questions and statements used to assess participant responses

across various metrics for each dependent variable in our user study.

Hypotheses For the human subject experiments, the following hypotheses were tested:

• H1 ARE condition will result in higher satisfaction compared to the EXC and EXP conditions.

• H2 ARE condition will result in higher clarity compared to the EXC and EXP conditions.

• H3 ARE condition will result in higher perceived actionability compared to the EXC and

EXP conditions.

• H4 ARE condition will result in higher trust compared to the EXC and EXP conditions.
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Table 5.6: Overview of Questions and Statements Associated with Each Dependent Variable.

Dependent

Variables
User Study Questions/Statements 7-point Scale

Satisfaction I am satisfied with the answer to my question provided by the robot.
1-Low,

7-High

Clarity I found the robot’s answer regarding its behavior to be clear.
1-Low,

7-High

Actionability I understand how to make this robot perform this task in the way I wanted.
1-Low,

7-High

Trust

To what extent can the robot’s behavior be predicted from moment to moment?
1-Low,

7-High

To what extent can you count on the robot to do its job?
1-Low,

7-High

What degree of faith do you have that the robot will be able to cope with

similar situations in the future?

1-Low,

7-High

Overall, how much do you trust the robot?
1-Low,

7-High

Workload

How much mental and perceptual activity was required? Was the task easy or

demanding, simple or complex, exacting or forgiving?

1-Low,

7-High

How much physical activity was required? Was the task easy or demanding,

slow or brisk, slack or strenuous, restful or laborious?

1-Low,

7-High

How much time pressure did you feel due to the pace at which tasks occurred?

Was the pace slow and leisurely or rapid and frantic?

1-Low,

7-High

How successful were you in accomplishing the goals of the task? How satisfied

were you with your performance?

1-Good,

7-Poor

How hard did you have to work to accomplish your level of performance?
1-Low,

7-High

How did you feel during the task?
1-Low,

7-High

• H5 No significant difference in workload is expected between ARE and EXC or EXP

conditions.

Results A one-way ANOVA was performed to compare the effect of the robot’s response according

to the condition (EXC, EXP, or ARE) on each DV. We present the results in relation to each

hypothesis, incorporating the mean and standard deviation (SD) values for further insight.

H1: While ANOVA did not show a significant difference in satisfaction scores between conditions

(F (2, 177) = 2.053, p = 0.131, ω2 = 0.012), the mean satisfaction score was highest in the

ARE condition (M = 0.414, SD = 0.362) compared to the EXC (M = 0.302, SD = 0.330)

and EXP (M = 0.312, SD = 0.311) conditions. This trend aligns with H1 but does not reach
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statistical significance. H2: ANOVA revealed a significant difference in clarity scores between

conditions (F (2, 177) = 6.441, p = 0.002, ω2 = 0.057). Post hoc Tukey’s test indicated that

the ARE condition (M = 0.678, SD = 0.339) resulted in higher clarity scores with statistically

significant p value compared to the EXC condition (M = 0.460, SD = 0.342, p = 0.002).

However, the difference between the ARE and EXP conditions did not reach statistical significance

(p = 0.057). Additionally, the ARE condition had the highest clarity score among all conditions,

followed by EXP (M = 0.538, SD = 0.324). These results partially support H2. H3: The ARE

condition led to statistically significant higher actionability scores (M = 0.653, SD = 0.325)

compared to both the EXC condition (M = 0.474, SD = 0.336, p = 0.008) and the EXP condition

(M = 0.336, SD = 0.301, p < 0.001), supporting H3. H4: For trust, ANOVA did not show

a significant difference between conditions (F (2, 87) = 0.544, p = 0.583, ω2 = 0.000). While

the ARE condition (M = 0.271, SD = 0.212) had the highest trust scores compared to EXC

(M = 0.270, SD = 0.236) and EXP (M = 0.220, SD = 0.201), the differences were not

statistically significant. H5: ANOVA results showed no significant difference in workload scores

between conditions (F (2, 87) = 1.501, p = 0.229, ω2 = 0.011), supporting H5. Table 5.7 presents

the results of all pairwise comparisons performed as part of Tukey’s HSD test for DVs that showed

significant differences in the ANOVA analysis. Descriptive statistics for all DVs across different

conditions are displayed in box plots in Figure 5.6 and Table 5.8.

Table 5.7: Post-hoc test results for the dependent variables Clarity and Actionability, the only variables for

which ANOVA showed significant differences. * denotes significant comparisons where ptukey < 0.05, based

on Tukey’s post-hoc correction.

DV Comparison Mean Difference SE t ptukey

Clarity

ARE - Excuse-only 0.218 0.062 3.534 0.002*

ARE - Explanation-only 0.140 0.061 2.310 0.057

Excuse-only - Explanation-only -0.078 0.061 -1.272 0.413

Actionability

ARE - Excuse-only 0.179 0.059 3.025 0.008*

ARE - Explanation-only 0.317 0.058 5.455 <.001*

Excuse-only - Explanation-only 0.138 0.059 2.358 0.051
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Figure 5.6: Box Plots of Conditions by Dependent Variables. ‘X’ represents the mean and the line represents

median.

Table 5.8: Mean and standard deviation for dependent variables by conditions

Dependent Variable Excuse Explanation ARE

Satisfaction 0.302 ± 0.330 0.312 ± 0.311 0.414 ± 0.362

Clarity 0.460 ± 0.342 0.538 ± 0.324 0.678 ± 0.339

Actionability 0.474 ± 0.336 0.336 ± 0.301 0.653 ± 0.325

Trust 0.270 ± 0.236 0.220 ± 0.201 0.271 ± 0.212

Workload 0.321 ± 0.109 0.272 ± 0.107 0.288 ± 0.118

Discussion ANOVA and post-hoc test results revealed that the actionability score for ARE was

higher with statistically significant p values than for both EXC and EXP conditions. Additionally,

we saw that the clarity score for the ARE condition was higher, with a statistically significant

p-value, than that for the EXC condition. These results align with our primary hypothesis regarding

the utility of ARE. Specifically, it provides users with clear information that not only helps them

understand the rationale behind the robot’s behavior but also informs them about the necessary

changes required to elicit the expected behavior from the robot. These results suggest that ARE is,

in fact, improving the "actionability" of the model reconciliation explanation while not reducing

its explanatory power. It is also interesting to note that the users in fact found ARE to be more

actionable than ‘EXC’. This might point to the fact that while the ‘EXC’ condition may list the

required changes, a lack of rationale about why these changes are needed may leave the user

confused. As such, reducing the user’s ability to utilize this information correctly.
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Interestingly, ANOVA did not reveal significant differences in satisfaction, trust, or workload

scores across the conditions. One possible explanation for the lack of variance in satisfaction is that

users’ perceptions of robots would influence their expectations and, in turn, how satisfied they are

with the robot. Since our study focused on a block placement task, participants may have perceived

the robot as performing adequately, regardless of the explanation provided. In terms of workload, it

is worth noting that the users observed the same robot performing the same tasks across all three

conditions. The only difference across conditions was the explanatory information provided. In

each case, the user is expected to look at the same behavior, try to make sense of it, and then evaluate

the explanation. This cross-condition similarity of what the user needs to do, combined with the

relatively simple nature of the explanations involved, might explain the similarity in workload.

Finally, in the case of trust, it is well established that user trust is directly related to their willingness

to take risks and to be vulnerable when using the AI system [105]. As such, the similarity of the

robot behavior and a lack of any significant risk on the user’s end from using the robot could also

explain the similarity in perceived trust.

5.7 Conclusion

This chapter introduces a novel form of model reconciliation that not only explains why the

system chose a behavior but also how the user could potentially change it. In doing so, we not

only model reconciliation explanations actionable but also combine them with the existing methods

of ‘excuse’ generation. This new form of explanation is validated through user studies, which

shows its advantages over explanations and excuses. In the study, we also perform a comparison

between excuses and explanations, marking a first in this field of research. Additionally, we apply

our approach to IPC domains to study the computational characteristics of our proposed algorithm

for generating ARE. Future work will involve conducting semi-structured interviews with users

to delve deeper into the factors they consider to assess excuses, explanations, and ARE’s, thereby

further enriching our understanding of these methods.

78



Chapter 6

CAN LLMS FIX ISSUES WITH REASONING

MODELS? TOWARDS MORE LIKELY MODELS

FOR AI PLANNING

In the previous chapter, I introduced Actionable Reconciliation Explanations (AREs), which

demonstrated how model-space reasoning can be used not only to explain an agent’s behavior

but also to guide users in modifying the model to achieve alternative outcomes. While these and

previous chapters have shown the versatility of model-space search across support and explanation

settings, they also highlight a key limitation of the approach: its computational cost and lack of

preference guidance when selecting among multiple valid model edits. In this chapter, I explore

how Large Language Models (LLMs) can be leveraged to improve the effectiveness and scalability

of model reasoning. Specifically, I explore LLMs as standalone model reasoners and also as

complementary components that guide combinatorial search toward more likely or natural model

edits. Through experiments across multiple planning domains and explanation scenarios, I evaluate

the ability of LLMs to enhance model-space reasoning both in terms of computational efficiency

and alignment with human expectations. This chapter marks an important step toward scaling model

reasoning and incorporating broader commonsense signals into planning tasks.

6.1 Introduction

AI planning or automated planning (used interchangeably) is the task of synthesizing the goal-

directed behavior of autonomous agents. Traditionally, the AI planning community has looked at

the classical planning problem as one of generating a plan given a model of the world [106]. Here,

“model” or a “planning problem” refers to a collection of constraints describing the current state of

the world (initial state), the actions available to the agent along with the conditions under which the
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agent can do those actions and the effect of doing those actions on the environment, and a target

(goal) state for the agent to achieve. The plan is a sequence of actions that the agent can use to

transform the current state to the desired goal state.

Typically, these models are represented using the planning domain definition language or

PDDL [107, 108] – we will use the same in this chapter. All the information to derive this solution

(plan) is contained in the input model which remains static during the planning task. But what if the

model itself needs to be changed?

This may be because it is incorrect, or incomplete, or even unsolvable. It may be because it

needs to be changed to support some new behaviors. It may also be because the model is being

used to describe a world that itself needs to change through the actions of an agent. In practice, the

deployment of systems that can plan involves a whole gamut of challenges in authoring, maintaining,

and meta-reasoning about models of planning tasks.

Model Space Problems in AI Planning

We begin by enumerating the different flavors of model space reasoning explored in the AI

planning literature. All of them involve a starting model which has something wrong with it and the

solution is a new model where the problem has been resolved or the required criterion has been met

(Figure 6.1). For readers new to the subject, we provide a conceptual illustration of these topics in

Figure 6.2. These will form the basis of the rest of our study.

Figure 6.1: Classical planning versus model space problems.
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(a) Unsolvability. (b) Explanations.

(c) Domain Authoring.

Figure 6.2: A conceptual illustration of model space problems in AI planning. Instead of the classical

planning task of computing a plan given a model, a model space task starts with a starting modelM and a

target criterion to satisfy, and the solution is a new modelM1 where that criterion is satisfied. That criterion

in Figure 6.2a is that the initially unsolvable model becomes solvable (or an initially invalid plan in M
becomes valid in the new modelM1). In Figure 6.2b, the starting model is the mental model of the user that

needs to be updated, and the target is a new model that can explain a given plan (or refute a given foil). In

domain authoring situations, such model updates happen with the domain writer in the loop, and the starting

model is the model under construction (Figure 6.2c). In all these cases, there are many non-unique model

editsM1∆M that can satisfy the required criterion. In this work, we explore whether LLMs can produce

more likely edits in real-world domains.

Unsolvability

Perhaps the most difficult of model space problems, especially with humans in the loop, is

that of unsolvability. This is because when a model is unsolvable, there is no artifact (such as an

outputted plan) to look at for debugging purposes. While there have been a lot of efforts, including
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an ongoing competition [109], to detect unsolvability of planning tasks up-front to speed up calls

to a planning module [110, 111], and attempts to compute or even learn heuristics [112–114] and

fzproduce certificates [115–117] for unsolvable tasks, to make this process as efficient as possible,

these do not help to fix the issues with the model that make it unsolvable in the first place.

One of the seminal works in this category [8] framed the problem as “excuse generation” where

the authors envisaged a reformulation of the input planning task where if only (i.e. an excuse)

certain things about the current state were changed then it would become solvable. In addition to

initial state changes, this idea was later extended [118] to cover other parts of the model and framed

as a more general “planning task revision” problem.

While these works do not particularly consider a human in the loop, authors in [96, 119] have

looked at the problem of explaining unsolvability of planning tasks to users explicitly as a model

evolution problem, using techniques like domain abstractions (simplifications) to adjust to users

with different levels of expertise. Later efforts [120] have borrowed from these concepts and tried to

operationalize them for developers.

Executability

While unsolvable models produce no plans, incorrect or incomplete models produce wrong

plans. Conversely, a desired plan may not be among the best (or even valid) plans in a given model.

This class of model evolution problems [96, 119, 121] closely mimics the unsolvability problem

but with an additional input – a plan – that must be made valid in the target model. Interestingly,

since the given plan is not valid in the basis model, the basis model together with the plan (i.e. a

compiled model where both are enforced) gets us back to the unsolvability situation above. We will

use this approach when we deal with this class of problems later in this chapter but, to be clear, we

do treat it as a separate class of model space problems to study since the input involves a plan that a

competent solver must be able to reason about.
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Explanations

The above problems deal with one model in isolation. However, when working with humans

in the loop, AI systems are often required to provide explanations of their behavior. Planning

systems are no different [122–124]. The model evolution problem here involves reasoning explicitly

with the model of the (system) explainer as the basis model and the mental model of the human

(explainee) as the target model. This task can be formulated as one of “model reconciliation” [7] –

an explanation is the model update that justifies a particular plan i.e. if both models justify a plan

then there is no need for explanations. There is an overlap here with the previous tasks in terms of

what kind of justifications a user is looking for: it might be a justification for a plan that the system

produced and is invalid in the user model, and we end up in the unsolvability scenario again. In the

worst case, the system may have to refute all possible alternatives (called “foils” [70]) and establish

the optimality of a plan [7].

Interestingly, one can remove [125] the basis model in the model reconciliation formulation and

produce false explanations or “lies”. While this makes for a computationally harder open-ended

search in the space of probable models, authors in [125] envisaged that algorithms which have

looked at linguistic patterns for model evolution [126, 127] can assist in finding more probable

models. This, of course, raises several ethical questions [128], especially now that LLMs can

provide a stronger linguistic signal. We do not study this task here for two reasons: 1) Technically,

this is not a separate class of a model reasoning problem since this ability is contained in the model

reconciliation formulation; and 2) There seems to be little reason for building systems that can lie

more effectively.

Domain Authoring and Design

While model evolution, in isolation, is useful for any autonomous system in a non-stationary

domain, and explanations are a desired tool for any user-facing tool, a unique task in the context of

planning systems we want to give a shout-out to is that of domain acquisition. Planning requires

models and a significant portion of those models are acquired from domain experts. The knowledge
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acquisition literature in automated planning has studied this domain for decades [129] and the

difficulty of acquiring domains remain a bottleneck in the adoption of planning technologies.

One subclass of domain authoring problems is design – here, the task is not to author a new

domain but to evolve an existing one to optimize certain criteria like making the task of recognizing

the goals of agents in the environment easier [81, 130, 131] or making the behavior of agents easier

to interpret [132, 133]. Here as well, search techniques reveal multiple possible design options that

can be enforced on a domain to achieve the desired effect. Issues of explanations, unsolvability,

and executability manifest themselves in domain authoring and design tasks, with an additional

component of interaction design with the domain author in the loop. Authors in [119] demonstrate

this in a large-scale industrial domain on authoring models for goal-oriented conversational agents

[134]. The role of an AI assist in authoring problems is especially critical in what we call “real

worldly domains”.

Real Worldly Domains and Likelihood of Models

All the model space problems we talked about so far are usually solved by some compilation

to a combinatorial search process [7, 8, 121] which terminates after a set of model edits satisfy the

desired properties in the modified model. It is usually the case that this yields many non-unique

solutions – e.g. there may be many explanations for the same plan, many ways to change an

unsolvable problem into a solvable one, or many ways to fix a model in order to support an invalid

plan. From the perspective of a combinatorial search process, all these are logically equivalent and

hence equally likely. In fact, in preliminary studies [135], it has already been demonstrated how

users perceive logically equivalent explanations generated through a model reconciliation process,

differently.

Large-scale statistical models such as LLMs, on the other hand, carry a lot of domain knowledge

on things we do in our everyday lives i.e. our worldly matters. For want of a better term7, we call

7While looking for a term to describe the domains describing our worldly matters, we overlooked two in particular.

In scientific literature, the term “real-world domains” is often used to establish something that is real but does come

with an unnecessary connotation or snark of not being something of mere academic interest aka a “toy domain”.

Furthermore, a so-called “real world” domain includes Mars rovers and unmanned vehicles, which are by no means
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these real worldly domains. Broadly speaking, these include all manner of human enterprise – and

consequently (planning) models describing them wherever relevant (sequential decision-making

tasks) – that are described on the public internet (and not the domain describing the inner workings

of a Mars rover per se). Existing works leveraging LLMs for planning have already shown promising

results in the classical planning task in real worldly tasks in the home and kitchen [136, 137], and in

specialized but common tasks such as service composition [138, 139]. Can LLMs do the same for

model space reasoning for planning tasks? Can LLMs give statistical insight into what model edits

are more likely when CS says they are equivalent? Can LLMs even bypass the CS process, as it

can in certain circumstances for the classical planning task, and do it all by itself?? These are the

questions we ponder in this work.

Contributions

This is the first attempt at an extensive and systematic exploration of the role of LLMs in model

space search. To this end, we analyze the effectiveness of an LLM for generating more likely model

edits either in relation to CS as a direct replacement for the model space reasoning task or in its role

in an augmented approach with CS.

The answers to these questions have major implications beyond just an academic interest in

finding out the impact of LLMs on model space tasks in planning. Unlike carefully crafted planning

domains used as benchmarks, such as the ones used in the International Planning Competition

(IPC) [140], the deployment of planning models in real worldly domains has touchpoints with

all the problems described above – explainability of outputs and failure modes, investigation of

unsolvability and executability in potentially faulty models, model authoring and maintenance over

time, etc. – often with the domain author in the loop [119, 141]. These models are often not written

by hand but generated on the fly at runtime from input data, either through code or using knowledge

compilers like [142]. An insight into the likelihood of models can empower the domain author to

part of our worldly matters. On the other hand, “common sense” tasks are widely used to characterize things that

come naturally to humans but our worldly matters can involve much more complexity than common sense tasks – e.g.

a service composition task – and we do hope to find the knowledge of those activities in the statistical signal from

large-scale language models. We avoid both terms for these reasons but better suggestions are welcome.
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create and debug models with greater ease [119, 120], as well as allow automated model adaptation

in fully autonomous systems in nonstationary environments [143] or in constrained creative tasks

like story-telling [127, 144, 145] that have previously relied on using limited linguistic cues like

antonyms and synonyms [126] for domain evolution.

6.2 Formal Interpretation of Model Likelihood

In this section, we aim to provide a uniform probabilistic interpretation for the types of queries we

employ in this problem. Figure 6.3 presents a simplified dynamic Bayes network that encapsulates

the scenario. This could be utilized to better comprehend and formalize the nature of the probabilities

we intend to capture. Starting with the random variables, M1/2 and W1/2, these correspond to the

model descriptions and the information about the true task/world at a given time step. The random

variable Πi captures the policy that determines what action will be applied at a given step, which

can alter the world and the model description. U1 determines the use case (this roughly maps to

the type of model space search problem being solved). The action combined with the use case,

allows us to capture both scenarios where the focus is on updating the model description to better

Figure 6.3: A DBN representing the random variables and their relations that are relevant to the problem at

hand. The blue lines capture the diachronic, i.e., over time, relationships, and the maroon lines capture the

synchronic ones.
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reflect the task (for example, domain authoring settings where the author may have misspecified

something), and cases where the change also involves updating the underlying task and reflecting

that change into the model description (for example, cases where the true task is unsolvable). Please

note that for explanation tasks, we expect M1/2 to capture both the human knowledge about the task

and the agent’s model.

In the first time slice, we see that the actions that perform the update depend on the current

model description, the task/world, and the use case. Naturally, this is a simplification of the true

setting, but for the purpose of understanding the problem, this model serves as a useful abstraction.

The most crucial term we are interested in measuring in this chapter is the probability of an updated

model description, given the prior model description and the use case:

P (M2 =M2 |M1 =M1,U1 = U). (6.1)

We will examine cases where the information about M1 and U1 are included as part of the prompt,

and we expect the LLM to approximate the above probability expression.

Note that this presupposes multiple capabilities of the LLM. For one, it assumes that the LLM

can capture prior probabilities of possible world states. Next, it assumes that it can capture the

likelihood of a specific action being performed for a given use case, state, and model description.

Finally, it assumes that the LLM can discern how this action affects the next state and the model

description. Furthermore, even if the LLM is capable of capturing this information separately, it

may not correctly estimate the above probability expression. We hope to find a model such that:

M = argmax
M

′
∈M

P (M2 =M
′

|M1 =M1,U1 = U), (6.2)

where M is the set of all possible model descriptions.
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6.3 LLMs ft. Model Space Exploration

In each of the model space search cases discussed before, we would ideally like to identify some

model that satisfies Equation 6.2. However, to understand the current efforts in the model-space

search, it might be useful to further decompose the metric into two components:

• Objective Metric This is the traditional metric that is being optimized by the various CS

methods studied previously. In the cases we are focusing on, this is mostly a binary metric

such as the solvability of a problem or the executability of the given plan. We will say a

solution/model is sound if it satisfies the objective metric.

• Likelihood of the Updated Model This is the specific aspect that is currently being over-

looked by existing methods. This metric corresponds to the likelihood that the updated model

generated through search corresponds to a desired target model. Equation 6.1 provides a

formalization of this probability. The likelihood of different sound models would vary based

on the use case and the context.

Our goal now is to find an updated model that meets the objective metric while maximizing its

likelihood. As discussed, we will use pre-trained LLMs as the source for the information about the

latter measure. One can envision four different configurations (see Figure 6.4) to achieve this goal:

LLM-only Configuration

In this mode, we provide the entire problem to LLM. The prompt is included with enough

context that the system is aware of the criteria against which the likelihood of the models need to be

measured. The LLM is asked to produce an updated model that is the most likely sound model. This

corresponds to asking LLM to directly approximate Equation 6.2. We use the OpenAI API [146]

for this approach.

LLM as a Post Processor

In this mode, we use CS to generate a set of potential candidate solutions that are guaranteed to

be sound. The LLM is then asked to select the model that is most likely. The prompt would again
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Figure 6.4: Different points of contact with LLMs and the CS process. While Approach-4 is known to be too

expensive, we explore Approaches 1-3 in this chapter in terms of the soundness and likelihood of solutions.

be designed to include the context necessary to determine what constitutes a target model. In this

case, we are effectively trying to approximate the following problem:

M = argmax
M

′
∈M̂

P (M2 =M
′

|M1 =M1,U1 = U), (6.3)

where M̂ ⊆M, such that every model in M̂ meets the formal requirements to satisfy the use case U .

Since enumerating all solutions is too expensive, we used an exhaustive search that caches

solutions until a search budget of 5,000 (10,000) node expansions for unsolvability (inexecutability)

and a 2-hour limit was met per problem instance. This makes the solution incomplete.

LLM as a Pre-Processor

In this mode, we ask the LLM to provide a ranked order of likely model edits without considering

the objective metric. The ordering can then be used by CS to compute the most likely model that

would satisfy or maximize the objective metric. This approach is still guaranteed to be sound, as

the CS would only return a solution if the selected model updates result in a model that meets the
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objective metric. In this case, we are trying to approximate the following problem:

M = argmax
M′∈M̂, M′

is sound

V (M
′

), (6.4)

where the utility/value function V (M
′

) is calculated from the LLMs approximation of the model

likelihood. Specifically, we will have V (M
′

) ∝ P (M2 =M
′

| M1 =M1,U1 = U) if you are

trying to order based on both objective metric and the likelihood of a model description, else you

will have V (M
′

) ∝ P (M2 =M
′

|M1 =M1).

For the purposes of our implementation, we converted all the ordered edits proposed by the

LLM into a set of actions that the CS can perform with different costs. In particular, we chose the

cost of actions in such a way that, for an ordered sequence of l edits, the total cost of including the

first i edits is always less than the cost of including the i+ 1th edit. Since the LLM cannot rank all

possible edits (capped at 20 for the experiments), there is a possibility that the CS search will not be

able to find a valid solution, which makes this approach incomplete in practice as well.

LLM for Search Guidance

This mode is particularly relevant if heuristic search is used. The search algorithm could leverage

LLMs to obtain search guidance in the form of heuristic value. As with the previous mode, we can

use LLM for getting information about both metrics and we can still guarantee correctness. The

formal problem being approximated here again corresponds to the one listed in Equation 6.4 and

the value function considered will also have similar considerations. This process requires calls to an

LLM within the process of search and is known to be [147] computationally excessively prohibitive.

Hence, we do not consider this configuration in our study.

In this chapter, we focus primarily on evaluating two basic model space search problems, namely,

addressing unsolvability and plan executability. The nature of the likelihood of the model could

depend on the underlying use case in question. One can broadly identify two classes of problems,

namely model misspecification and updating the environment. In the former case, the current model

is misspecified and the model search is being employed to identify the true unknown underlying
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model. In the latter case, the current model is an exact representation of the true environment,

however the model and by extension the environment doesn’t meet some desired properties. The

goal here becomes to then identify the set of changes that can be made to the environment such

that it meets the desired property. One could equivalently think of this being a case where there

are actions missing from the model that correspond to these possible changes. While both of these

use cases have been considered in the literature, for simplicity the evaluation in the chapter will

primarily focus on the latter one. All prompts considered in the chapter were written with the latter

use case in mind.

6.4 Empirical Results

For evaluating the three approaches, we designed four novel domains so that a certain set of

changes would be clearly recognized as more reasonable, i.e. more likely to be realized in the real

world. We additionally assume that all changes that belong to this set (henceforth referred to as

“reasonable changes”), will result in models with the same likelihood.

Travel Domain

Here an agent travels from a given city to another, using either a taxi or bus to travel between

cities. We additionally encode which cities neighbor each other, and the initial problem only

includes bus or taxi services between neighboring cities. Reasonable changes are limited to starting

taxi or bus services between neighboring cities only.

Roomba

In this domain, the agent needs to clean a specified room, which requires it to travel to the target

room while traversing the intermediate rooms through connecting paths. Along the paths, obstacles

such as walls, chairs, or tables may be present. If a path is blocked, the agent can not move to an

adjacent cell. Changes are reasonable if they involve removing chairs or tables that obstruct the

path and adding ‘path clear’ to the corresponding cells.

91



Barman-simple

This is a modified version of the IPC barman domain [148]. Here, the agent is expected to

prepare a set of drinks, given a set of containers and ingredients. While only considering a subset of

actions from the original domain, we introduce a new predicate that indicates whether a container

is clean, which is a precondition for using the container for a drink. We consider solutions to be

reasonable if they only involve marking containers as clean (as opposed to adding prepared drinks).

Logistics-simple

Finally, we consider a simplified version of the logistics problem where a package is transported

from one collection station to a target station. Each station contains a truck that can move the

package to a neighboring station. We add a new precondition that ensures that only trucks that

are marked as being ready for transportation can be used to move packages. We limit reasonable

changes to ones that mark trucks as being ready for transportation.

Experimental Setup

In each domain, we create a set of solvable problems of varying sizes. We then made it

unsolvable by deleting a set of initial state predicates that correspond to reasonable changes. The

number of such modifications ranges from 1 to 4. This means, by design, there exists a set of

reasonable changes that can make the problem solvable. For the plan executability case, we chose

one of the plans generated from the original solvable plan as the target plan to be made solvable.

All model updates were limited to initial state changes only.

Hypotheses

We focus on the following hypotheses, for both the unsolvability and executability settings:

H1 LLM can identify sound model updates.

H2 LLM can identify reasonable model updates.

H3 The ability to find sound model updates improves with the capability of the LLM.
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H4 The ability to find reasonable model updates improves with the capability of the LLM.

H5 The ability to produce sound, and hence reasonable solutions as a fraction of it, will be

significantly outperformed by the two CS+LLM approaches.

H6 LLMs will provide a stronger signal, i.e. a higher fraction of sound and reasonable solutions,

in public domains an LLM is likely to have seen already.

H7 The performance of an LLM will deteriorate with the complexity of the model space reasoning

task.

(a) Unsolvability: Soundness vs. Edit size (b) Unsolvability: Soundness vs. Plan size

(c) Executability: Soundness vs. Edit size (d) Executability: Soundness vs. Plan size

Figure 6.5: Soundness of solutions from the LLM-only (GPT-4) approach against edit and plan sizes for

unsolvability and executability settings in 564 problems across all 5 domains. Each bar represents one

problem instance: a bar height of 1 indicates a sound solution, -1 otherwise. A higher concentration of

negative bars will indicate deterioration in performance.

Measurements

H1 and H2 are measured directly against the ground truth, as per the problem-generation process

explained at the start of Section 6.4. For H3 and H4, we compare H1 and H2 from GPT-3.5-turbo

to GPT-4. For H5, we measure H1 and H2 relative to the two CS integrations with the LLM as

a pre-processor and LLM as a post-processor. For H6, we compare H1-H4 in two ways: 1) the

performance in two public domains Barman and Logistics, as compared to the two novel domains

Travel and Roomba; and 2) the relative performance between Logistics and Logistics-simple, the

latter being a modified version of the former. Finally, for H7, we measure how H1 and H2 fares

with two measures of complexity: 1) the number of model edits required to arrive at a solution;
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and 2) the length of the plan underlying a model space reasoning task. For unsolvability, this is

known when a planning task is made unsolvable as per the problem generation process, while for

executability, the plan is part of the input to the reasoning task.

Results

Tables 6.1 and 6.2 presents the outcomes for unsolvability and inexecutability setting respectively.

Since both display identical trends for H1-H7, we describe them together. The only difference

between the two settings is that the post-processing approach had a larger budget for expanded

nodes as mentioned in Section 6.3, since it rarely hit the time budget. However, this did not make

much difference.

Table 6.1: Results from the LLM-only, LLM as post-processor, and LLM as pre-processor settings for each

unsolvability domain.

Unsolvability LLM-Only LLM as Post Processor LLM as Pre Processor

Domains GPT-3.5-turbo GPT-4 GPT-3.5-turbo GPT-4 GPT-3.5-turbo GPT-4

Sound Preferred Sound Preferred Solutions Preferred Solutions Preferred Ratio Preferred Ratio Preferred

Travel 97/245 7/97 164/245 66/164 245/245 24/245 245/245 63/245 129/245 1/129 160/245 27/160

Roomba 0/20 0/0 36/100 7/36 20/20 2/20 71/100 9/71 0/20 0/0 18/100 4/18

Logistics 61/69 0/61 65/69 1/65 69/69 10/69 69/69 0/69 56/69 0/56 65/69 4/65

Barman-S 43/61 2/43 57/61 34/57 34/61 3/34 34/61 4/34 28/61 28/28 17/61 16/17

Logistics-S 89/89 0/75 77/89 28/77 45/89 3/45 45/89 5/45 24/89 0/24 10/89 5/10

Overall 276/484 9/276 399/564 136/399 194/484 39/194 198/564 78/198 237/484 29/237 270/564 56/270

Table 6.2: Results from the LLM-only, LLM as post-processor, and LLM as pre-processor settings for each

executability domain.

Executability LLM-Only LLM as Post Processor LLM as Pre Processor

Domains GPT-3.5-turbo GPT-4 GPT-3.5-turbo GPT-4 GPT-3.5-turbo GPT-4

Sound Preferred Sound Preferred Solutions Preferred Solutions Preferred Ratio Preferred Ratio Preferred

Travel 80/245 33/80 225/245 130/225 89/245 38/89 89/245 57/89 31/245 31/31 207/245 207/207

Roomba 0/20 0/0 57/99 31/57 12/20 12/12 16/99 12/16 0/20 0/0 67/99 11/67

Logistics 16/69 0/16 66/69 11/66 51/69 5/51 51/69 22/51 13/69 2/13 13/69 20/57

Barman-S 57/61 14/57 56/61 15/56 34/61 8/34 34/61 13/34 29/61 29/29 29/61 26/26

Logistics-S 21/89 6/21 89/89 77/89 68/89 23/68 68/89 60/68 0/89 0/0 0/89 14/18

Overall 174/484 53/174 493/563 264/493 170/484 32/170 170/563 110/170 73/484 62/73 375/563 278/375

In support of H1 and H2, the LLM-only approach demonstrates surprising proficiency in

suggesting sound and reasonable solutions across various domains. In support of H3-H4, the

LLM-only approach sees the most pronounced improvement in identifying sound model alterations,
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accompanied by a higher rate of reasonable solutions as well, as we upgrade to the latest LLM. The

relative gain between sound and reasonable solutions is slightly counter to expectations though,

since an LLM is supposed to be a stronger statistical signal on more likely updates rather than a

reasoner by itself.

This surprise carries onto the comparative results with CS+LLM approaches. Contrary to H5,

the LLM-only setting outperforms both CS+LLM approaches. Note that the CS+LLM approaches

are guaranteed to be sound, so the deficit in the “solutions” column is between a sound solution

versus no solution at all (and not sound versus unsound solutions). The only way we do not get a

(sound) solution from the LLM as a Post-Processor approach is if the CS stage does not terminate

within the time or memory budget (as mentioned in Section 6.3). Similarly, the two ways we do not

get a solution for the LLM as a Pre-Processor approach is if the preferred set of reasonable edits

from the LLM are not sufficient for the CS to construct a solution, or as in the previous case, the

search does not terminate. While the CS+LLM approaches hit the computational curse, the LLM

approach hits the curse of limited context size. Between GPT-3.5 and GPT-4, the prompt size has

grown from 4,096 to 8,192 tokens, but instances surpassing the token limit could not be processed.

This makes a significant dent in the numbers for the Roomba domain, especially for GPT-3.

The rate of sound solutions is much higher for public domains compared to the custom ones,

which is consistent with H6. However, this trend does not carry over to whether the solutions

are reasonable or not. In fact, the derived logistics domain shows much higher rate of reasonable

solutions than the public logistics domain that shadows it. So results for H6 are inconclusive, and

further underline the fickle nature of interfacing with LLMs. Relatedly, the trends with respect to

the complexity of the tasks, also defy expectations. The rate of mistakes in constructing a sound

solution is spread uniformly across the spectrum of task complexity (Figure 6.5).

Phrasing of the prompts

Our objective is to determine whether a model space solution is reasonable in the sense of the

likelihood of being realized in the real world. As a way to test the effect the phrasing of our prompt

had on the results, we also tried a variant of the prompt that was more explicit in what it expected to
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optimize for. Specifically, for generating a solvable problem variant we asked the system to: ‘Select

the set of changes that would be the easiest to realize in the real world’. Table 6.3 shows the results

of running this prompt for the LLM-only setting. The results can be compared directly to those

presented in LLM-only columns of Table 6.1. The results are pretty similar, with the more verbose

query being slightly worse off, so we do not explore this direction in much more detail.

6.5 Conclusion

This is the first work to consider the use of LLMs for model space reasoning tasks for automated

planning. While the problem of model space search has been studied in various contexts, the

question of how to evaluate the quality of different sound model updates have mostly been left

unanswered. Domain knowledge contained within LLM provides us with a powerful option to

evaluate the likelihood of different model updates. In contrast to early attempts [149] to use LLMs

for model corrections, which were constrained to limited settings and models that are no longer the

state of the art, we find LLMs to be surprisingly competent at this task. In this chapter, we exploited

that power in 3 ways: first as a standalone end-to-end approach and the others in conjunction with a

sound solver. The results reveal some intriguing trade-offs for the practitioner:

- CS approaches are limited by the complexity of search. Thus even while being theoretically

sound and complete, they produce fewer solutions and hence fewer sound solutions in absolute

numbers. This means that augmenting the LLM-only approach with a validator [150] will

produce as a whole a more effective sound and reasonable solution generator!

Table 6.3: The number of sound and reasonable model updates generated as a response to the more verbose

query.

Executibility GPT-3.5-turbo GPT-4

Domains Sound Preferred Sound Preferred

Barman 13/33 0/13 33/33 27/33

Logistics 17/25 0/17 24/25 0/24

Overall 30/88 0/30 57/58 27/57

96



- LLM approaches are limited by the size of the prompt and thus does not scale to large domains

even for computationally simpler problem instances.

- The unpredictable nature of LLMs (e.g. H6 and H7) makes interfacing to LLMs unreliable.

Despite these trade-offs, the promise of an LLM across H1-H5 is undeniable. We are excited to

explore further how this strong statistical signal influences domain authoring tasks, as mentioned in

Section 6.1, and reduces authoring overhead for planning tasks in the future.
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Chapter 7

CONCLUSION

This dissertation explored the role of model reasoning in enabling more transparent, adaptive,

and collaborative AI systems. Rather than assuming a fixed model of the world, I argued that

intelligent agents should be able to reason about the models themselves—recognizing when models

are misaligned, explaining those differences, and adapting accordingly. To operationalize this

idea, I used model-space search as a unifying framework and applied it across four distinct yet

connected works, each representing a different dimension of human-aware AI. The first contribution,

Chapter 3, introduced a framework for proactive support, enabling agents to detect and respond

to user misconceptions by estimating failure likelihood and identifying minimal model updates.

Chapter 4 extended the explanation space by including designer intentions, acknowledging that

behavior is often shaped by decisions beyond the agent’s immediate model. Chapter 5, Actionable

Reconciliation Explanations (AREs), combined explanation and excuse generation to empower

users not just to understand system behavior, but to influence it. Finally, the Chapter 6 demonstrated

how Large Language Models (LLMs) can be used to improve the scalability and acceptability of

model reasoning by guiding model-space search with human-aligned heuristics. Together, these

contributions tell a cohesive story: model reasoning is not a single technique, but a paradigm shift

— one that reframes AI planning to include explanation, assistance, and adaptive improvement as

first-class objectives. This dissertation not only introduces a unified theoretical framework but also

demonstrates its practical value across real-world-inspired challenges. It paves the way toward

AI systems that are more transparent, human-aware, and ultimately more capable of meaningful

collaboration with the people they serve.
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