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ABSTRACT

In today’s world, artificial intelligence (AI) is increasingly becoming a part of our

daily lives. For this integration to be successful, it’s essential that AI systems can

effectively interact with humans. This means making the AI system’s behavior more

understandable to users and allowing users to customize the system’s behavior to

match their preferences. However, there are significant challenges associated with

achieving this goal.

One major challenge is that modern AI systems, which have shown great success,

often make decisions based on learned representations. These representations, often

acquired through deep learning techniques, are typically inscrutable to the users in-

hibiting explainability and customizability of the system. Additionally, since each

user may have unique preferences and expertise, the interaction process must be tai-

lored to each individual.

This thesis addresses these challenges that arise in human-AI interaction scenarios,

especially in cases where the AI system is tasked with solving sequential decision-

making problems. This is achieved by introducing a framework that uses a symbolic

interface to facilitate communication between humans and AI agents. This shared

vocabulary acts as a bridge, enabling the AI agent to provide explanations in terms

that are easy for humans to understand and allowing users to express their preferences

using this common language. To address the need for personalization, the framework

provides mechanisms that allow users to expand this shared vocabulary, enabling them

to express their unique preferences effectively. Moreover, the AI systems are designed

to take into account the user’s background knowledge when generating explanations

tailored to their specific needs.
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Chapter 1

INTRODUCTION

In recent years, significant advancements in AI have generated increasing interest

in integrating AI systems into our daily lives. To successfully deploy such systems,

it’s crucial that these AI systems exhibit behavior that is comprehensible to humans

and aligns with their preferences. A crucial step toward achieving this is establishing

effective human-AI interaction. This means giving AI agents the ability to explain

their decisions to humans when confusion arises about the system’s behavior and

ensuring that humans can instruct the agent to follow their preferences.

While AI systems have made remarkable progress in performing complex tasks

like autonomous driving, robotic manipulation, assembly, healthcare automation, fi-

nancial advising, and surveillance, there is a notable gap when it comes to ensuring

that these AI agent’s behavior is comprehensible and adaptable by the users who

ultimately interact with them. This challenge arises because these systems heavily

depend on internal task representations that have been learned using deep learning

methods. Unfortunately, these learned representations are opaque for the end users,

creating a substantial barrier in establishing effective communication between humans

and AI systems.

Another key challenge in human-AI interaction is personalization. The AI sys-

tem needs to adapt to individual users’ unique preferences. Thus, communication

framework should be versatile enough to adjust to each user. However, this can get

complicated due to the inscrutability of the agent’s model. Additionally, consider-

ing that users may have varying background knowledge and expertise, AI systems

should customize explanations to match the user’s understanding of the task without

1



overwhelming them with too much detail.

This thesis focuses on scenarios where AI systems are designed to solve sequential

decision-making problems. In this context, our primary goal is to address the chal-

lenge of dealing with inscrutable task models and enabling personalized human-AI

interaction. Although our primary focus is on sequential decision-making, most of the

principles and techniques we study can be applied to human-AI interaction settings

in general.

To tackle the challenge of communicating with AI agents whose task models are in-

comprehensible to users, current AI techniques often depend on using shared medium,

such as images of the environment or videos of the agent’s behavior, to facilitate the

interaction. This may involve using saliency regions in images to interpret the agent’s

decisions (Greydanus et al. (2018)) or using Preference based reinforcement learning

(PbRL) that employ pairwise behavior comparison to learn user’s preferences (Chris-

tiano et al. (2017)). However, such systems may not scale well in complex sequential

decision-making scenarios, as this form of information exchange can place a high

cognitive load on humans and be a weak training signal for the agent.

In this thesis, we advocate that human-AI communication be conducted through a

symbolic interface consisting of terms that humans understand and that are grounded

in the agent’s task representation. We design systems capable of leveraging this

shared vocabulary for communication. The agent generates explanations using this

vocabulary, while the user uses it to express their preferences.

Furthermore, we make sure that the interaction is personalized for the user. This

is achieved by allowing the human to add new terms to the vocabulary to convey

their unique preferences. Additionally, our agents are equipped with the capability to

consider the user’s background knowledge of the task and tailor the explanations they

provide to suit the specific user. This builds upon the existing work in explainable
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AI for sequential decision problems (Sreedharan et al. (2022)).

The overall architecture of our proposed system for creating advisable and ex-

plainable AI agents is depicted in Figure 1.1.

Figure 1.1: Overall architecture of our proposed AI system that exposes a symbolic

vocabulary interface to the user thus enabling the AI agent to generate explanations

in human interpretable vocabulary and letting the human convey their preference

to the agent. In addition, the user can add new terms to the interface when the

vocabulary is insufficient for their preference. Finally, the agent reasons about the

current user’s type & generates an explanation tailored to their type.

1.1 Defense Outline

The following sections of this defense are structured as follows:

Chapter 2 : In this chapter, we provide an overview of current research on explain-

able and advisable AI agents for sequential decision-making problems. These agents

generate explanations while considering the human’s model of the task. We note

the limitations of these techniques in terms of producing personalized explanations.

Following that, we critically assess prior research in explainable and advisable AI sys-

tems, with a particular emphasis on scenarios where the agent’s task representation

is non-interpretable.
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Chapter 3 : In this chapter, we explore the setting where the agent generates

explanations in terms of a pre-established symbolic vocabulary. We demonstrate how

the agent can learn an approximate symbolic representation of the task to generate

such explanations. We also present the results of human subject studies that measure

the preference for symbolic explanations and their impact on users’ understanding of

the agent’s task model.

Chapter 4 : This chapter introduces our technique for enabling AI agents to per-

sonalize their explanations for users. We illustrate how the agent can identify user

types relevant to the task it is solving and present a methodology for inferring the

current user’s type and tailoring the agent’s explanation accordingly.

Chapter 5 : Here, we discuss our work that focuses on the challenge of specifying

preferences using the symbolic interface. We particularly address situations where

the existing vocabulary is insufficient and must be expanded for preference specifica-

tion. We present a technique for introducing new vocabulary terms while requiring

minimal feedback from the user. We perform extensive evaluation of this technique,

including comparison with PbRL that employs non symbolic feedback from the user.

We additionally perform a user study to compare the cognitive load of our method

vs pairwise comparsion queries opted by PbRL.

Chapter 6 : This chapter sets the conclusion of this work along with some sug-

gested future directions.
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Chapter 2

BACKGROUND

In this chapter, we begin by explaining the fundamental model reconciliation frame-

work. This framework enables an agent to produce explanations for its actions by

taking into account the human’s understanding of the task. We’ll also highlight the

current limitations of this framework, which we aim to address in this thesis. The

remainder of the chapter is then divided into two sections. The first section discusses

how existing explainable AI techniques have dealt with the challenge of generating ex-

planations for AI systems that use task representations that are non-interpretable to

the user. The subsequent section outlines the techniques employed by these systems

to allow users to provide guidance or instructions to the agent.

2.1 Generating Explanations as Model Reconciliation

In any interaction between humans and AI, it’s crucial to consider the user’s model

of the task. Let’s imagine a situation where an AI agent creates an optimal plan to

achieve its goal based on its own model of the task. In this scenario, there’s a human

involved who’s responsible for evaluating the plan. Now, if the human’s model of

the task differs from the system’s model, there’s a possibility that the human won’t

agree with the quality of the plan. In such cases, it becomes important for the AI

agent to provide an explanation for its plan that addresses this model difference. This

explanation takes the form of model updates that aim to bring the human’s mental

model closer to its own model such that the plan is optimal in the human’s updated

mental model.

The concept of offering explanations through model updates was initially intro-
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duced in the research by Chakraborti et al. (2017), where they called this process as

model reconciliation. In their study, they operated under the assumption that both

the system’s model and the human’s mental model, which was used to evaluate the

plan, were known. The model updates were found by doing a systematic search in

the space of models. The objective was to minimize the number of necessary model

updates until a model was found that would evaluate the agent’s plan to be optimal.

This framework for generating explanations based on the user’s mental model is

particularly relevant to this thesis. In the original work by by Chakraborti et al.

(2017), the human’s model was assumed to be known. Subsequent research, such as

that by Sreedharan et al. (2018a) and Sreedharan et al. (2018b), addressed scenarios

where uncertainty existed regarding the human’s model, and the AI agent attempted

to customize explanations based on its estimation of the user’s model.

However, these works have certain limitations. In the case of Sreedharan et al.

(2018a), the system requires prior knowledge of the possible mental models of users,

and these models must be represented in a specific declarative form. Additionally,

the user-adaptive explanation process in this work requires that the agent should

have the ability to ask specific queries to the user to assess their knowledge about the

task. Likewise, Sreedharan et al. (2018b) makes similar assumptions, requiring prior

knowledge of the possible mental models of users. Furthermore, it restricts the user’s

model to be an exact state abstraction of the system’s model.

In this thesis, we take a different approach by relaxing the assumptions concerning

any prior knowledge of the potential mental models of users. Instead, we introduce

data-centric techniques that allow us to learn these models. Our primary focus is

on learning models for various user types with whom the agent may interact. Sub-

sequently, the agent can reason about the current user’s type and provide a tailored

explanation based on the learned model.
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Another limitation of the original model reconciliation approach and its exten-

sions is their assumption that the system’s task model is symbolic and uses terms

that are understandable to the user, which makes the model space search feasible.

However, this assumption doesn’t always hold, particularly when the agent employs

deep learning-based function approximators to learn the task dynamics.

In this thesis, we establish a framework that specifically addresses this situation,

where the agent’s model is inscrutable to the user. In the next section, we will explore

previous research that has tackled the challenge of generating explanations in such

scenarios.

2.2 Visual & Symbolic Explanations for Making Inscrutable Agents Interpretable

As previously mentioned, there are situations in human-AI interactions where

the agent employs a task representation that is not understandable to the user. In

sequential-decision making scenarios, these agents are typically trained using deep

reinforcement learning (RL) techniques applied on image-based observations of the

state. Currently, the go-to method for explaining how such agents make their decisions

is through the use of saliency maps (refer to Zahavy et al. (2016), Greydanus et al.

(2018), Iyer et al. (2018), Puri et al. (2019)). A saliency map is essentially a heat-

map that illustrates which pixels the agent focused on when making its decision.

However, unlike explanations in natural language, visual explanations like saliency

maps can be mentally taxing for humans to interpret. Furthermore, as demonstrated

in studies such as Atrey et al. (2019) and Kim et al. (2018), saliency maps can often be

perplexing and result in an inaccurate understanding of the agent’s decision-making

process.

Given the challenges linked with visual explanations, such as saliency maps, there’s

a growing interest in exploring alternative methods for generating explanations. Sym-
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bolic explanations, showcased in works like Kim et al. (2018), Ghorbani et al. (2019),

and Bau et al. (2017), present a promising alternative approach. These methods

aim to explain an agent’s decision-making process in terms of user-defined concepts,

departing from the pixel-level focus of visual explanations.

While symbolic explanations are gaining traction, they’ve primarily been applied

to one-shot classification problems. However, in this thesis, we address the challenge

of generating explanations for deep reinforcement learning-based agents that tackle

sequential decision-making problems. There have been only a few efforts in this direc-

tion thus far. One noteworthy example is the work of Hayes and Shah (2017), which

utilizes high-level concepts to create policy summaries. These summaries consist of

logical formulas specifying the conditions under which the agent takes particular ac-

tions. While valuable, these summaries may not fully address contrastive queries like

”Why did the agent take action A instead of B”, which are common in human-AI

interactions (Miller (2019)). Our developed techniques can answer such queries posed

by the users.

Other noteworthy efforts in explaining deep reinforcement learning-based systems

also include van der Waa et al. (2018) and Madumal et al. (2020). Both techniques

aim to answer users’ contrastive queries. The explanations to these queries essentially

emphasize the difference in outcomes between the original plan and the user-suggested

alternative, expressed in terms of user-defined concepts. However, it’s essential to rec-

ognize that both approaches introduce additional requirements to the domain specifi-

cations. Specifically, van der Waa et al. (2018) necessitates that the domain designer

assigns positive and negative outcomes to each action, while Madumal et al. (2020)

requires specifying the domain dynamics as a structural causal model using user-

defined concepts. In this thesis, we tackle the challenge of generating explanations

for deep RL based agents while not imposing any additional constraints on the how
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the task is specified.

While letting the deep RL system explain their behavior is challenging, it is equally

challenging for the user to communicate with such agents. For an effective human-

robot interaction, the human must be able to instruct the agent on how it must behave

so that the agent’s behavior is aligned with the user’s preference. Users are more likely

to rely on and have confidence in a robot that consistently respect their choices and

values. In the next section, we will illustrate current approaches that allow users to

express their preferences to the agent, noting that most of these techniques rely on

communication directly through videos of the agent’s behavior rather than symbolic

representations.

2.3 Expressing User’s Preferences to Agents with Inscrutable Task Representation

When it comes to instructing agents with non-interpretable task representations,

there are primarily two main approaches: learning from evaluative feedback and

preference-based reinforcement learning (PbRL).

In the category of learning from evaluative feedback, representative works include

Knox and Stone (2009) and MacGlashan et al. (2017) that were initially designed

for low-dimensional state spaces. However, extensions of these techniques, such as

Warnell et al. (2018), Cui and Niekum (2018), and Arumugam et al. (2019), have

adapted them for pixel-level or high-dimensional state spaces. The core idea behind

these approaches involves a human observer in the loop who observes the agent’s

interactions in the environment. The observer provides positive feedback for desirable

actions and negative feedback for undesirable ones. This feedback is then used to

approximate the value of the state (Knox and Stone (2009)), an advantage estimate

(MacGlashan et al. (2017)), or directly determine the user’s latent reward model (Cui

and Niekum (2018)). Standard reinforcement learning techniques, including policy
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gradient methods, are subsequently applied to train a policy that aligns with the

human’s preferences. It’s important to note that this feedback can be demanding for

users, as they need to assign values to behaviors based on their expected impact on

future behavior.

Another approach for learning user preferences is preference-based reinforcement

learning (PbRL) (Christiano et al. (2017), Lee et al. (2021), Bukharin et al. (2023)).

These methods present users with pairs of trajectories and ask them to rank these

trajectories based on their preference. The agent then learns a reward function that

can produce similar rankings to those provided by the user. This reward function

approximates the user’s latent reward model for the task, and standard reinforcement

learning techniques are used to learn the user’s preferred policy. PbRL approaches

are particularly well-suited for tacit knowledge tasks where user preferences cannot

be easily expressed in symbolic terms. However, we posit that such approaches would

not scale well in complex sequential decision making problems that involve both tacit

and explicit knowledge as exchanging information solely over trajectory comparison

can induce high cognitive load for humans and ultimately be a very weak training

signal.

In this thesis, we advocate for the utilization of symbolic specification of user

preferences. In our proposed human-AI interaction system, we provide a shared sym-

bolic vocabulary that is both interpretable to users and grounded in the agent’s task

representation. Users can employ this shared vocabulary to express their preferences

symbolically. Our primary focus in this thesis is on the development of feedback-

efficient techniques that facilitate the real-time addition of new terms to this shared

vocabulary, thereby accommodating the potentially distinct preferences of each cur-

rent user.
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Chapter 3

GENERATING EXPLANATIONS FOR AGENT WITH INSCRUTABLE TASK

REPRESENTATION

We start our discussion of the human-AI interaction techniques developed in this

thesis for interpretable and configurable agents by addressing situations in which the

agent must explain its decision to the user, even though it relies on an internal repre-

sentation of the task that the user cannot interpret. Such representations are common

in modern AI agents, particularly those utilizing high-dimensional task representa-

tions learned through neural networks. Prior research on making such agents more

interpretable has mainly centered on one-shot classification tasks, using approaches

like highlighting input regions salient to the classification result (Sundararajan et al.

(2017), Selvaraju et al. (2016)).

In contrast, our primary focus is on agents dealing with sequential decision-making

tasks. These tasks require reasoning about the dynamics of the environment, and

the explanation techniques typically employed for one-shot classification tasks are

insufficient for generating explanations suitable for such agents.

In our case of inscrutable task models, relying on the agent’s internal represen-

tation to explain its actions isn’t feasible. One solution could be altering the task

representation itself to make it symbolic. However, this approach raises concerns

about the overall effectiveness and versatility of such agents, as there isn’t a consen-

sus on whether symbolic or non-symbolic techniques are more effective. Therefore, in

this study, we design agents that only compute explanations in symbolic terms that

are comprehensible to humans while continuing to reason using its original represen-
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Figure 3.1: The explanatory dialogue starts when the agent’s plan incorporates jump-

ing over the skull, prompting the user to propose specific alternative plans. The sys-

tem then explains its preference for the original plan using model information in terms

of propositional concepts that the user understands. These concepts themselves are

grounded in the agent’s task representation as classifiers.

tation.

Accordingly, in this work, we introduce a framework that uses a predefined user

vocabulary as a symbolic interface between the human and the AI agent. The agent

uses terms from this vocabulary to explain its decisions to the user. We specifically

address explanations required to deal with contrastive queries commonly encountered

in human-AI interactions (Miller, 2019), which take the form of ”why P (the system’s

proposed decision) and not Q (the user’s proposed alternative)?” To generate expla-

nations for these queries, we create a local symbolic model approximating the task’s

dynamics, similar to a PDDL specification (Aeronautiques et al., 1998). The models
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we learn describe actions using preconditions and action costs as functions of con-

cepts true in the state in which the action occurs. With these model components, we

can justify why the user’s alternative is either invalid or more costly than the agent’s

original plan. Figure 3.1 presents the flow of the proposed explanation generation

process in the context of an Atari game named Montezuma’s Revenge (Wikipedia

contributors, 2019).

We will begin describing our explanatory system by first going over our specific

problem setting detailing the agent’s task formulation for generating its plans and then

describing the symbolic models used as approximations of the task representation.

We’ll demonstrate how the components required for explanations are learned through

agent sampling experiences from the agent’s model. Additionally, we’ll define the

concept of explanatory confidence, which measures the quality of explanations, aiding

users in calibrating their trust in the agent’s explanations. Finally, we’ll present a

series of evaluations, including computational experiments and human subject studies

conducted in two domains.

3.1 Problem Setting

Our setup comprises an agent, whether it is programmed or based on reinforcement

learning (RL), which possesses a model of the task’s dynamics that is inscrutable to

the user. In other words, the user cannot directly utilize the model representation

used by the agent. It’s important to note that the term “model” is used broadly

here, encompassing tabular models defined over extensive atomic state spaces, neural

network-based dynamics models potentially learned over latent state representations,

and even simulators.

The sole constraint imposed on the model is that we can generate potential expe-

riences from it. Irrespective of the underlying representation, we denote the model as
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the tupleM = ⟨S,A, T, C,G, I⟩. In this tuple, S and A denote the state and action

sets, respectively. The transition function T : S × A→ S ∪ ⊥ denotes the transition

model, where ⊥ signifies an absorbing state reached when the agent takes an invalid

action. The function C : S × A → R captures the cost associated with actions. We

are concerned with goal-directed agents whose objective is to steer the world’s state

towards one of the goal states in the set G from an initial state I. The solution takes

the form of a sequence of actions or a plan denoted as π.

To facilitate explanations, we employ symbolic action models with preconditions

and cost functions, akin to PDDL models (Aeronautiques et al., 1998). Such a model

can be represented by the tuple MS = ⟨FS , AS , IS , GS , CS⟩. In this representation,

FS comprises of propositional state variables or fluents defining the state space, AS is

the set of actions, IS represents the initial state, and GS defines the goal specification.

Each valid state in the problem is uniquely identified by the subset of state variables

(or fluents) that are true in that state i.e. for any state s ∈ SMS , where SMS is the set

of states forMS , it holds that s ⊆ FS . Importantly, each fluent in FS corresponds to

some term in the the symbolic vocabulary shared with the user. Furthermore, each

action a ∈ AS is characterized by its preconditions preca, specifying the set of fluents

that must be true in a state for action a to be executable, and the effects of executing

the action as fluents that would become true once the action is executed. We denote

the state resulting from executing action a in state s as a(s).

Our focus is on models where the preconditions are represented as a conjunction

of propositions. If an action is executed in a state with missing preconditions, the

execution leads to the invalid state ⊥. In contrast to standard PDDL models, where

the cost of executing an action is independent of states, we use a state-dependent cost

function of the form CS : 2F × AS → R to capture forms of cost functions commonly

found in RL benchmarks.
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3.2 Contrastive Explanations

In our specific explanatory scenario, as depicted in Figure 3.1, the agent devises

a plan π to achieve one of the goals specified in G, starting from the initial state

I. The user responds by suggesting an alternative plan πf (referred to as ”the foil”)

that they believe should be followed instead. In this context, the system’s task is to

explain why π might be preferable over πf .

The system can accomplish this by demonstrating that either πf is invalid (i.e.,

it does not lead to a goal state or one of the actions in πf results in the invalid state

⊥), or πf is more costly than π (i.e. C(I, π) < C(I, πf )).

To illustrate this interaction, consider a modified version of Montezuma’s Revenge

(see Figure 3.1). In this scenario, the agent begins from the highest platform, and the

objective is to reach the key. The suggested plan π may involve the agent descending

to the lowest level, jumping over a skull, and reaching the key at a total cost of

20. The user proposes two possible foils, both resembling π but employing different

strategies instead of jumping over the skull. Foil1 suggests the agent simply moves

left (i.e., attempting to move “through” the skull), while Foil2 suggests the agent

performs an attack action (not originally part of the game) before moving on to the

key.

Utilizing its internal model, the system can recognize that in the first case, moving

left would lead to an invalid state, and in the second case, the foil is costlier. Ef-

fectively conveying this information to the user poses a challenge. If a shared visual

communication channel exists, the agent could attempt to demonstrate the outcomes

of these alternate strategies. However, this might burden the user with additional

cognitive load and potential confusion, as they may struggle to discern why, in a spe-

cific state, the “move left” action was invalid and why the “attack” action was costly.
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As revealed in our user study and noted by Atrey et al. (2019), even highlighting vi-

sual features in saliency maps may not adequately resolve this confusion. Therefore,

this situation calls for methods capable of expressing possible explanations in terms

that the user can comprehend.

3.2.1 Learning Concept Maps

Our system takes as input the set of propositional concepts the user associates

with the task. These form the set of fluents inMS . For Montezuma’s Revenge, these

concepts could include notions such as agent being on a ladder, holding onto the key,

or being next to the skull. Each concept corresponds to a propositional fact that

the user links to the task’s states, believing that the presence or absence of these

facts in a state can influence the dynamics and the cost function. These concepts

can be gathered from subject matter experts, as demonstrated by Cai et al. (2019).

Alternatively, the user can interact with or observe the agent and then provide a set

of concepts. In our evaluation of the Sokoban domains (section 3.5) we used the latter

approach to collect the propositions.

Each concept is grounded as a binary classifier, determining whether the proposi-

tion is present or absent in a given internal state. This approach allows us to transform

atomic states into a factored representation. Let C represent the set of classifiers cor-

responding to these high-level concepts. For a state s ∈ S, we use the notation C(s)

to specify the concepts that are true in s, denoted as C(s) = {ci|ci ∈ C ∧ ci(s) = 1}

(where ci refers to the classifier corresponding to the ith concept, and we also use

this notation for the name of the ith concept). The training data for such concept

classifiers can be sourced from the user, who provides sets of positive and negative

examples for each concept. Classifiers can then be trained using either the model

states or the internal representations employed by the agent’s decision-making pro-
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cess, such as activations of intermediate neural network layers. In chapter 5, we see

how we can efficiently collect the positive and negative examples of these concepts

from the user to make the concept grounding process more feedback efficient.

3.2.2 Symbolic explanation using concepts

To explain the preference of plan π over foil πf , we will provide the user with model

information derived from a symbolic representation of the agent’s model. Instead of

requiring this model to be an exact representation of the complete agent model, we

will focus on accurately capturing a subset of the model by aiming to learn a local

approximation. Here’s a formal definition of the approximate symbolic model:

Definition 1. A symbolic modelMC
S = ⟨C, AC

S ,C(I),C(G), CCS ⟩ is considered a local

symbolic approximation of the modelMR = ⟨S,A, T, C⟩ for regions of interest Ŝ ⊆ S

if, for every state s ∈ Ŝ and every action a ∈ A, there exists an equivalent action

aC ∈ AC
S such that:

(a) aC(C(s)) = C(T (s, a)) (assuming C(⊥) = ⊥),

(b) CCS (C(s), a) = C(s, a), and

(c) C(G) =
⋂

sg∈G∩Ŝ C(sg).

This symbolic model resembles a PDDL-style model with preconditions and condi-

tional costs defined over a conjunction of positive propositional literals. Importantly,

it’s worth noting that establishing the preference of the plan does not necessitate

informing the users about the entire modelMC
S , but only the relevant parts. We will

now see which model components will suffice for an explanation for preference of π

over foil πf .

To demonstrate the invalidity of πf , we need to simply explain the failure of the

first action, denoted as ai, that results in an invalid state (for example, for Foil1,
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this corresponds to the move-left action at the state visualized in Figure 3.1). We

explain the failure of this action in a state by identifying a proposition that serves

as an action precondition and is absent in that state. Therefore, a concept ci ∈ C is

considered an explanation for the failure of action ai at state si if ci ∈ precai \C(si).

For instance, for Foil1, the explanation would be: the action move-left failed in

the state as the precondition skull-not-on-left was false in the state.

This formulation also allows us to capture the failure to achieve a goal by adding

an additional goal action at the end of the plan, causing the state to transition to an

absorber end state. This action fails for all states except those in G. Notably, we focus

on identifying a single precondition rather than identifying all missing preconditions,

as research in social sciences has shown that selectivity or minimality is an essential

property of effective explanations (Miller, 2019).

For explaining suboptimality of πf , we provide the user with information about

the symbolic cost function CCS . To ensure brevity, instead of presenting the entire cost

function, we aim to learn and provide an abstraction of the cost function, denoted as

Cabss defined as follows:

Definition 2. For the symbolic model MC
S = ⟨C, AC

S ,C(I),C(G), CCS ⟩, an abstract cost

function CabsS : 2C × AC
S → R is specified as: CabsS ({c1, .., ck}, a) = min{CCS (s, a)|s ∈

SMC
S
∧ {c1, .., ck} ⊆ s}.

Intuitively, CabsS ({c1, .., ck}, a) = k can be understood as stating that executing the

action a, in the presence of concepts {c1, .., ck} costs at least k. To explain subop-

timality, we identify a sequence of concept sets Cπf
= ⟨Ĉ1, ..., Ĉk⟩, corresponding to

each step of the foil πf = ⟨a1, .., ak⟩. These sets must satisfy two conditions:

(a) Ĉi is a subset of concepts in the corresponding state reached by the foil.
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(b) The total cost according to the abstract cost function, defined over the concept

subsets, exceeds the cost of the original plan. In other words,

∑
i={1..k}

CabsS (Ĉi, ai) > C(I, π)

For Foil2, the explanation would include the information – executing the action

attack in the presence of the concept skull-on-left, will cost at least 500.

3.3 Identifying Explanations Through Sample-Based Trials

For identifying the model parts, we will rely on collecting experience from agent’s

internal model (MS) to build symbolic estimates. Since we can separate the two

explanation cases of invalidating the foil or proving the foil’s suboptimality, using the

agent’s internal model, we will only focus on the problem of identifying the model

parts given the required explanation type.

3.3.1 Identifying failing precondition

In the context of explaining invalid foils, our goal is to identify a concept that is

absent in the failing state sfail but is a precondition for the action afail in the foil. We

approximate whether a concept is a precondition by checking whether they appear in

all the states sampled from the model where afail is executable. Let S denote the set

of all sampled states. We rely on a sampler (referred to as Sampler) to create the set

S, and the number of samples used is limited by a sampling budget ℓ. The set HP

captures the set of hypotheses regarding the missing precondition maintained during

the search. We present the pseudocode for finding such preconditions in Algorithm 1.

The search starts with a set of hypotheses for preconditions HP and rejects individual

hypotheses whenever the search encounters a state where the action afail is executable,

but the concept is absent. The worst-case time complexity of this search is linear with
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Algorithm 1: Algorithm for finding missing preconditions

Input : sfail, afail, Sampler,MR,C, ℓ

Output: Missing precondition Cprec

HP ← Missing concepts in sfail;

sample count = 0;

while sample count < ℓ do

s ∼ Sampler ;

if T (s, afail) ̸= ⊥ then HP ← C(s) ∩HP /* Remove hypothesis if the

concept is absent in the state where afail is executable */

if |HP| = 0 then return signal that concept list is insufficient

sample count += 1

end

return any Ci ∈ poss prec set

respect to the sampling budget.

To ensure that the learned symbolic model components are local approximations

of the agent’s internal model, we consider only samples within some distance from

the states in the plan and the foil. For reachability-based distances, random walks

can be employed to generate the samples. Specifically, we can initiate a random walk

from one of the states observed in the plan/foil and conclude the sampling episode

when the number of steps taken exceeds a predefined threshold.

Note that if the hypotheses set becomes empty during the search, it indicates

that the current set of concepts is insufficient to explain the given plan failure. Our

focus on learning a single model component simplifies the learning problem and, as

discussed in Section 3.4, allows for quantifying uncertainty related to the learned

model components and accommodating for noisy concept classifiers.
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3.3.2 Identifying cost function

Algorithm 2: Algorithm for finding cost function

Input : πf , Cπ, Sampler,MR,C, ℓ

Output: Abstract cost function Cπf

for conc limit in 1 to |C| do

current foil cost = 0, conc list = [ ], s← I ;

for i in 1 to k (length of foil) do

Ĉi, min cost = find min conc set(C(s), ai, conc limit, ℓ) ;

current foil cost += min cost ;

conc list.push(Ĉi, min cost) ;

s← T (s, ai) ;

end

if current foil cost > Cπ then return conc list;

end

return signal that the concept list is incomplete

We will employ a similar sampling-based method to identify the cost function

abstraction. Unlike the precondition failure case, there is no single action we can

choose, but rather we need to choose a level of abstraction for each action in the foil

(as explained in Section 3.2.2). However, it may be possible in many cases to explain

the suboptimality of the foil by only referring to a subset of actions in the foil.

Our aim is to find cost abstractions for each action in the foil to explain its

suboptimality. The greedy algorithm, depicted in Algorithm 2, helps us achieve this.

The procedure, labeled as find min conc set, takes the current concept representation

of each state si in the foil and searches for the subset Ĉi of C(si) with the maximum

value for CabsS (Ĉi, ai). As mentioned in Definition 2, the value of CabsS (Ĉi, ai) is the
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minimal cost observed when executing the action ai in a state where Ĉi is true. This

value is approximated through sampling (with budget ℓ), and the subset size is upper

bounded by ‘conc limit’. The algorithm incrementally increases the ‘conc limit’ value

until a solution is found or if it exceeds the vocabulary set size. The worst-case time

complexity of this search is O(|C| × |πf | × |ℓ|).

Note that while this algorithm is not necessarily optimal, it has proven to be

effective for the scenarios we tested. Similar to the previous case, we can enforce the

required locality within the sampler. If we are unable to identify a valid explanation

when ‘conc limit’ is set to the vocabulary size, it indicates the insufficiency of current

vocabulary to explain the suboptimality.

3.4 Quantifying Explanatory Confidence

When dealing with post hoc explanations, a critical challenge is ensuring the

fidelity of the generated explanations and quantifying how accurately they reflect the

agent’s actual decision-making process. In our case, we are particularly interested

in judging whether the model components learned using the algorithms described

in Section 3.3 are part of the exact symbolic representation MC
S for a given set of

states Ŝ. Since we are identifying model components based on concepts provided by

the user, there’s a risk of generating explanations that align with the user’s existing

biases about the task.

To address this challenge, we introduce a confidence value that associates a prob-

ability of correctness with each learned model component. This confidence value is

derived by leveraging learned relationships between the concepts. Additionally, our

confidence measure takes into account the fact that the learned concept classifiers may

be noisy. We treat the outputs of the classifiers as noisy observations of the under-

lying concepts. Specifically, we define a probabilistic model P (Os
ci
|ci ∈ S), where Os

ci
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indicates whether the concept was observed in state s and ci ∈ S represents whether

the concept was actually present in the state.

3.4.1 Graphical model for computing confidence in explanations

Figure 3.2: Simplified probabilistic graphical models for confidence of learned (A)

Preconditions and (B) Cost.

Given the following notation & their associated events:

• Os
a : action a is executable in state s

• Os
ci
: concept ci is observed in state s

• OC(s,a)≥k : action a in state s costs greater than or equal to k

• OC(s)\ci : concepts other than ci observed in state s

• Cabss ({ci}, a) ≥ k : if ci is true, then performing action a costs at least k

• ci ∈ pa: concept ci is a precondition of a
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We define the graphical model presented in Figure 3.2 (annotated with notations

inline) for measuring the posterior of the predicted model component being true.

Specifically, for each explanation type, we compute the following posterior probabili-

ties:

1. P (ci ∈ pa|Os
ci
= x ∧Os

a ∧OC(s)\ci)

2. P (Cabss ({ci}, a) ≥ k|Os
ci
= x ∧OC(s,a)>=k ∧OC(s)\ci)

3.4.2 Posterior probability of a concept being a precondition

To simplify our probability calculation, we assume that the distribution of all

non-precondition concepts in states where the action is executable is the same as

their overall distribution (which can be empirically estimated). This implies that the

likelihood of seeing a non-precondition concept in a sampled state where the action is

executable is equal to the likelihood of it appearing in any sampled state. In the most

general case, this equals P (ci ∈ s|OC(s)\ci), i.e., the likelihood of seeing this concept

given the other concepts in the state.

Given this assumption, we can derive the posterior for concept being a precondi-

tion given that we observed ci in state s and we found that a is executable in s i.e.

P (ci ∈ pa|Os
ci
∧Os

a ∧OC(s)\ci).

We know that, P (ci ∈ pa|Os
ci
∧Os

a∧OC(s)\ci) = (1−P (ci ̸∈ pa|Os
ci
∧Os

a∧OC(s)\ci)).

Using Bayes rule, we have:

P (ci ̸∈ pa|Os
ci
∧Os

a ∧OC(s)\ci)

=
P (Os

ci
|ci ̸∈ pa ∧Os

a ∧OC(s)\ci) ∗ P (ci ̸∈ pa|Os
a ∧OC(s)\ci)

P (Os
ci
|Os

a ∧OC(s)\ci)

As per the graphical model in Figure 3.2 we know that ci ̸∈ pa is independent

of Os
a and OC(s)\ci . Therefore, we have P (ci ̸∈ pa|Os

a ∧ OC(s)\ci) = P (ci ̸∈ pa) where

P (ci ̸∈ pa) is the prior probability of ci not being precondition of action a.
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We now expand P (Os
ci
|ci ̸∈ pa ∧Os

a ∧OC(s)\ci) by marginalizing over P (ci ∈ C(s))

& using graphical model (Figure 3.2) as follows:

P (Os
ci
|ci ̸∈ pa ∧Os

a ∧OC(s)\ci) =

P (Os
ci
|ci ∈ C(s)) ∗ P (Ci ∈ C(s)|ci ̸∈ pa ∧Os

a ∧OC(s)\ci)+

P (Os
ci
|ci ̸∈ C(s)) ∗ P (ci ̸∈ C(s)|ci ̸∈ pa ∧Os

a ∧OC(s)\ci)

Where as per assumption 1, we know that P (ci ∈ C(s)|ci ̸∈ pa ∧ Os
a ∧ OC(s)\ci) =

P (Ci ∈ C(s)|OC(s)\ci) & P (ci ̸∈ C(s)|ci ̸∈ pa ∧ Os
a ∧ OC(s)\ci = P (Ci ̸∈ C(s)|OC(s)\ci)

which can be both determined empirically.

Finally, we can expand the denominator, by marginalizing over ci ̸∈ C(s) which

gives us

P (Os
ci
|Os

a ∧OC(s)\ci) =

P (Os
ci
|ci ̸∈ pa ∧Os

a ∧OC(s)\ci) ∗ P (ci ̸∈ pa)

+ P (Os
ci
|ci ∈ pa ∧Os

a ∧OC(s)\ci) ∗ P (ci ∈ pa)

Where P (Os
ci
|ci ̸∈ pa∧Os

a∧OC(s)\ci)∗P (ci ̸∈ pa) was expanded earlier and P (Os
ci
|ci ∈

pa ∧Os
a ∧OC(s)\ci) ∗ P (ci ∈ pa) can be similarly expanded:

P (Os
ci
|ci ∈ pa ∧Os

a ∧OC(s)\ci) =

P (Oci |ci ∈ C(s)) ∗ P (ci ∈ C(s)|ci ∈ pa ∧Os
a ∧OC(s)\ci)+

P (Oci |ci ̸∈ C(s)) ∗ P (ci ̸∈ C(s)|ci ∈ pa ∧Os
a ∧OC(s)\ci)

Where P (ci ∈ C(s)|ci ∈ pa∧Os
a∧OC(s)\ci) = 1 & P (ci ̸∈ C(s)|ci ∈ pa∧Os

a∧OC(s)\ci = 0.

Given these simplifications, we can now compute the required probability, P (ci ∈

pa|Os
ci
∧Os

a ∧OC(s)\ci).
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3.4.3 Posterior probability for cost function abstraction

We compute the posterior for the cost function abstraction as follows when we

observer a concept ci in a state s where action a is executable and the cost of the

action is greater than k.

P (Cabss ({ci}, a) ≥ k|Os
ci
∧OC(s,a)>=k) =

P (OC(s,a)≥k, O
s
ci
|Cabss ({ci}, a) ≥ k)∗
P (Cabss ({ci}, a) ≥ k)

P (OC(s,a)≥k, Os
ci
)

Upon marginalizing the numerator over P (ci ∈ C(s)), we get

=

(P (OC(s,a)≥k, O
s
ci
|ci ∈ C(s), Cabss ({ci}, a) ≥ k) ∗ P (ci ∈ C(s))+
P (OC(s,a)>k, O

s
ci
|ci ̸∈ C(s), Cabss ({ci}, a) ≥ k)

∗ P (ci ̸∈ C(s))) ∗ P (Cabss ({ci}, a) ≥ k)

P (OC(s,a)≥k, Os
ci
)

Given their parents, OC(s,a)≥k and Os
ci
are conditionally independent, and given its

parent Os
ci
is independent of Cabss ({ci}, a) ≥ k) (see graphical model in Figure 3.2),

there by giving

=

(P (OC(s,a)≥k|ci ∈ C(s), Cabss ({ci}, a) ≥ k) ∗ P (Os
ci
|ci ∈ C(s)) ∗ P (ci ∈ C(s))+

P (OC(s,a)≥k|ci ̸∈ C(s), Cabss ({ci}, a) ≥ k) ∗ P (Os
ci
|ci ̸∈ C(s)) ∗ P (ci ̸∈ C(s)))∗

P (Cabss ({ci}, a) ≥ k)

P (OC(s,a)≥k, Os
ci
)

Now P (OC(s,a)≥k|ci ∈ C(s), Cabss ({ci}, a) ≥ k) = 1 and P (OC(s,a)≥k|ci ̸∈ C(s),

Cabss ({ci}, a) ≥ k) can either be empirically estimated from true labels or we can

make the assumption that is equal to pC(.,a)≥k, the probability that executing action

a in any state costs greater than k (which we made use of in our experiments). Given

this, we get P (Cabss ({ci}, a) ≥ k|Os
ci
∧OC(s,a)>=k) to be:

=

(P (Os
ci
|ci ∈ C(s))P (ci ∈ C(s))+

pC(.,a)≥k ∗ P (Os
ci
|ci ̸∈ C(s)) ∗ P (ci ̸∈ C(s))) ∗ P (Cabss ({ci}, a) ≥ k)

P (OC(s,a)≥k, Os
ci
)
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3.4.4 Modified algorithm accounting for confidence in explanations

We can now incorporate these confidence measures directly into the search algo-

rithms described in Section 3.3 to find the explanation that maximizes these probabil-

ities. In the case of precondition identification (algorithm 1), given a noisy classifier,

we can no longer use the classifier output to directly remove a concept from the hy-

pothesis set HP. At the start of the search, we associate a prior to each hypothesis

and use the observed concepts at each executable state to update the posterior of that

concept being a precondition. We only remove a precondition from consideration if

the probability associated with it dips below a threshold.

To obtain the cost function abstraction with the maximum probability, when in-

validating a suboptimal foil, the algorithm employed is mostly the same as Algorithm

2. However, there is a difference in the case of multiple cost functions having the

same upper bound in find min conc set; in such situations, we select the one with the

highest probability. All the results presented in the next section were computed using

the probabilistic version of the search, which allows for the presence of noisy concept

maps.

3.5 Evaluation

We evaluated our search techniques using three distinct environments: the deter-

ministic version of Montezuma’s Revenge from the OpenAI Gym (Brockman et al.,

2016), and two modified versions of the Sokoban game (Schrader, 2018). To simplify

our experiments, we made the assumption that the concepts are independent in the

domains.
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Figure 3.3: The plan and foils used in the evaluation for the game of

Montezuma’s revenge in two different levels. Plans are highlighted in blue

and foils in red. The concepts corresponding to missing preconditions are

not on rope, not on left ledge, not skull on left and is clear down of crab for failure points

A, B, C and D respectively (note all concepts were originally defined as positives and

we formed the not concepts by negating the output of the classifier).

Montezuma’s Revenge:

In the context of Montezuma’s Revenge, we employed a RAM-based state represen-

tation. To introduce richer preconditions , we categorized any action that didn’t

alter the agent’s state or led to situations where the agent would inevitably fall to

its death as failures. We handpicked four invalid foils for evaluation purposes, with

three originating from screen-1 and one from screen-4 of the game (depicted in Figure

3.3). The plan for screen-1 involved the player obtaining a key, while for screen-2, the

player had to reach the bottom of the screen. We defined ten concepts for each screen

that we deemed relevant to the game. Subsequently, we collected positive and neg-

ative examples using automated scripts. Our concept classifiers, based on AdaBoost
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Figure 3.4: The plan and foils used in the evaluation for the two variants of the

Sokoban game (sokoban-switch on the left and sokoban-cell on the right). Plans are

highlighted in blue and foils in red. The concepts corresponding to the cost function,

for the Sokoban cost variants are switch on and on pink cell that results in push action

costing 10 (instead of 1)

(Freund et al., 1999), achieved an average accuracy of 99.72%.

Sokoban Variants:

We considered two variations of the traditional Sokoban game (as shown in Figure

3.4). One variant required the player to activate a switch (green cell) before pushing

the box, referred to as Sokoban-switch. The other variant, Sokoban-cell, included

specific cells (highlighted in pink) from which pushing the box incurred higher costs.

For Sokoban-switch, we explored two subvariants: one where turning on the switch

was a precondition for push actions and another where it only reduced the cost of

pushing the box. The plans and foils for this domain are shown in Figure 3.4.
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To identify concepts for these variants, we conducted a survey involving grad-

uate students who were unfamiliar with our research. Participants interacted with

the game via a web interface, specifically the cost-based versions for Sokoban-switch

and Sokoban-cell. Following the gameplay, they were asked to describe game con-

cepts they found relevant to particular actions. We received 25 unique concepts from

six participants for Sokoban-switch and 38 unique concepts from seven participants

for Sokoban-cell. User descriptions of these concepts were converted into scripts for

sampling positive and negative instances. We focused on 18 concepts for Sokoban-

switch and 32 concepts for Sokoban-cell, selecting them based on their frequency

in game states. For concept classification, we employed Convolutional Neural Net-

works (CNNs) to map state images to concepts. These classifiers achieved an average

accuracy of 99.46% for Sokoban-switch and 99.34% for Sokoban-cell.

3.5.1 Computational Experiments

Figure 3.5: The average probability assigned to the correct model component by the

search algorithms, calculated over ten random search episodes with std-deviation.

We conducted searches to identify preconditions for Montezuma’s foils and both

the Sokoban-switch variants, as well as cost function based explanations for foils in
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both Sokoban variants. To augment our original list of concepts, we doubled the final

concept list by including negations of each concept. This resulted in 20 concepts each

for Montezuma and 36 concepts for Sokoban-switch, and 64 concepts for Sokoban-cell.

We calculated probabilistic models for each classifier based on their respective test

sets.

For precondition identification, we executed the search with a cutoff probability of

0.01 for each concept. In each case, our search-based methods successfully identified

the correct model component for explanations.

Figure 3.5(A) depicts the probability assigned by our system to the correct missing

precondition as a function of the sampling budget. This data represents the average

calculated across ten random episodes. Generally, the probability increases with the

sampling budget, occasionally exhibiting small dips due to misclassifications. Notably,

the smallest explanation likelihood was observed for foil1 in screen 1 of Montezuma

(where the foil was for the agent to move through the skull) with a value of 0.511

± 0.001. This is attributed to the true precondition concept, skull-not-on-left, being

very commonly present in state space; which made its presence in the executable

states not strongly supporting it as a precondition. Nevertheless, the system correctly

identified this concept as the most plausible hypothesis for the precondition, as all

other hypotheses were eliminated after approximately 100 samples. Similarly, Figure

3.5(B) displays the probability assigned to the identified abstract cost functions.

3.5.2 User study

With our basic explanation generation methods in place, we aimed to evaluate

whether users would find such explanations helpful. Specifically, we wanted to mea-

sure the effectiveness of symbolic explanations along two dimensions:

(a) Preference for Symbolic Explanations: We sought to determine whether
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people preferred explanations that referred to the symbolic model components

over potentially more concise and direct explanations.

(b) Improvement in Task Understanding: We aimed to assess whether sym-

bolic explanations aided users in gaining a better understanding of the task.

All participants in our study were graduate students, distinct from those who specified

the concepts.

Testing preference for Symbolic Explanations

Prefer symbolic explanations Average Likert-score p-value

Precondition 19/20 3.47 1.0× 10−8

Cost 16/20 3.21 0.03

Table 3.1: Evaluation results for testing whether participants preferred symbolic ex-

planations indicating model components

For measuring user preference, we tested the hypothesis:

H1: People would prefer explanations that establish the corresponding model com-

ponent over ones that directly present the foil information (i.e., the failing action or

the per-step cost).

This hypothesis is particularly interesting because our baseline explanatory text is

considerably more concise in terms of text size. It aligns with the selectivity principle

(Miller, 2019), suggesting that people prefer explanations without extraneous infor-

mation. Thus, we were effectively testing whether users found the symbolic model

information extraneous.
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We conducted a within-subject study design where participants were presented

with an explanation generated by our method and a simple baseline. For the baseline,

in the precondition case, we pointed out the failing action and the state in which it

was executed. In the cost case, we presented the exact cost of executing each action

in the foil. Participants were asked to choose the explanation they believed was

more useful, with the order of choices randomized to ensure counterbalanced results.

Additionally, they rated the completeness of the chosen explanation on a five-point

Likert scale, with 1 indicating ”not at all complete” and 5 indicating ”complete.”

For precondition case, we collected 5 responses for each Montezuma’s foil, and

for cost based explanation, we obtained 10 responses for each Sokoban variant (40

in total). Table 3.1 summarizes the results from the user study, supporting H1. In

fact, a binomial test demonstrates that the selections are statistically significant with

respect to α = 0.05.

Testing improvement in task understanding

Method Average time taken Average number of steps

Concept-Based 43.78 ± 12.59 35.87 ± 9.69

Saliency-Map based 134.24 ± 61.72 52.64 ± 11.11

Table 3.2: Evaluation results for testing whether participants preferred concept based

explanations over saliency maps

To assess the effectiveness of explanations in aiding users’ understanding of the

task, we examined the hypothesis:

H2: Concept-based precondition explanations help users understand the task better

than saliency map-based ones.
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Our focus was on saliency maps and preconditions, as saliency map-based explana-

tions could potentially highlight areas corresponding to failed precondition concepts,

especially when concepts align with specific regions within the image.

We measured users’ task understanding by evaluating their ability to indepen-

dently complete the precondition variant of the Sokoban-switch game. We adopted

a between-subject study design, where each participant was assigned to a single ex-

planation type. Participants were instructed to complete the game within a 3-minute

time limit, with bonuses offered to those who finished the game in the shortest time.

They received no precise instructions about the game’s dynamics.

Figure 3.6: The saliency map based explanation shown to users to test hypothesis

H2.

During gameplay, if a participant performed an action for which the preconditions

were not met, they were shown their respective explanation. Additionally, the current

episode ended, and they had to restart the game from the beginning. One group of

users received precondition explanations generated through our method, while the re-

maining participants were presented with a saliency map. For the latter, we employed
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a state-of-the-art saliency map-based explanation method Greydanus et al. (2018).

For this technique, participants were informed that highlighted regions represented

areas an AI agent would focus on if it were acting in that state. In all saliency map

explanations, the highlighted region included the precondition region of the switch

(as shown in Figure 3.6). We collected a total of 60 responses but had to discard 12

due to participants reporting not seeing the explanations.

Table 3.2 presents the average time taken and steps required to complete the task

for the two techniques, along with 95% confidence intervals. As observed, the average

values are significantly lower for concept explanations. Furthermore, a two-tailed t-

test demonstrates that the results are statistically significant (p-values of 0.021 and

0.038 against a significance level α = 0.05 for time and steps, respectively). This

indicates a notable improvement in task understanding when users received concept-

based precondition explanations.

3.6 Chapter Summary

In this chapter, we have developed general approaches for generating interpretable

post-hoc symbolic explanations for sequential decision-making problems. Our objec-

tive is to facilitate the generation of explanations using a shared symbolic vocab-

ulary between the user and the agent, even though the agent itself operates with

non-symbolic, high-dimensional task representations. Additionally, we have intro-

duced techniques for computing confidence in the explanations, providing users with

a means to calibrate their trust in the explanation’s accuracy. These approaches have

been applied across a range of domains, and we have conducted evaluations to assess

their effectiveness through user studies and computational experiments. The work

presented in this chapter was accepted as a paper in ICLR 2022.
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Chapter 4

GENERATING PERSONALIZED EXPLANATIONS IN SEQUENTIAL

DECISION MAKING PROBLEM

We’ve discussed how agents can generate understandable explanations even when

their task model is opaque to users. Clear explanations are crucial for successful

human-AI interactions, but they must also align with the user’s specific background

knowledge (Miller, 2019). In this chapter, we explore how our agent can craft per-

sonalized explanations tailored to the user’s mental model of the task. As illustrated

in chapter 2, works done under the umbrella of model reconciliation (Chakraborti

et al., 2017) do account for user’s mental model of the task. They provide explana-

tions that correct or update the model so that the user can correctly evaluate agent’s

decisions. However, these approaches typically assume that the agent possesses the

exact model of the user. Even in cases where they accommodate uncertainty about

the user’s model, they require that the set of possible user models must be explic-

itly represented in a specific declarative form before interacting with the target user

(Sreedharan et al., 2018a,b).

When the agent does not have an explicitly given model of its user, the agent

must learn a new model for each new user. Learning this model would require a lot

of input from the user. Moreover, the agent would not be leveraging the existing

knowledge it gained from learning the models of other users it has interacted with.

In this work, we introduce a more practical setting in which any given task will have

multiple categories of users such that users belonging to the same type would have a

similar model of the task. We refer to these categories as “user types”. For example,

in automated medical diagnosis, user types could be medical experts and patients.

36



Each type may require distinct explanations for the agent’s plans based on their

differing task models. If the agent can access the models of these user types and infer

the current user’s type during interaction, it can effectively explain its behavior to

any user.

We explore this kind of setup in our work. However, this poses some significant

challenges. For one, we may not initially know all the user types that exist. In

addition, even if they are known, any target user cannot be expected to know which

type they belong to. This is especially true when users are not aware of all classes of

users, and how they were classified. To address these challenges, we design a system

that:

1. Identifies the types of users that exist for the task and learn their model of the

task

2. When interacting with the target user, infers their type and uses their model

to give personalized explanations

In this chapter, we first illustrate our problem setting using a planning domain as

an example. We then give background on how approximations of mental model of each

type of users are learned for model reconciliation. We then present our computational

methods for identifying the user types for a given task and learning their models. This

is followed by a detailed discussion of our partially observable Markov Decision Process

(POMDP) based formulation that we use to reason about the current user’s type and

generate explanations according to its inferred type. Finally, we present a detailed

evaluation of our developed techniques using both computational experiments and

human subject studies.
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Figure 4.1: An instance of disaster-rescue domain along with a robot’s execution trace

with transitions labeled with their corresponding rewards

Supervisor type Transitions with rewards, r = 1

Type-A
Picking meal can

Extinguishing fire

Type-B
Picking first aid

Passing over fence

Type-C
Checking forest for fire

Passing over rubble

Type-D
Performing victim’s health check

Passing through smoke

Type-E
Refuel

Passing through puddle

Table 4.1: Inaccurate model components for each possible user-type of the disaster

resuce domain
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4.1 Illustrative Example

We will use a disaster-rescue scenario to illustrate our techniques. This scenario

also serves as one of the domains used to evaluate our solution approaches. In this

domain, a rescue robot is assigned the task of evacuating a victim to a designated

shelter. Additionally, the robot can perform certain actions to earn additional re-

wards. These actions include picking up first aid supplies, extinguishing fires, and

refueling at a fuel station, all of which result in positive rewards. There are also

obstacles such as rubble and puddles, but the robot is equipped to navigate through

them without incurring negative rewards. In Figure 4.1, we depict an instance of this

domain and present an optimal plan executed by the robot. Furthermore, the figure

provides information about the reward associated with each transition.

Beyond the domain itself, there is a human supervisor responsible for evaluating

the robot’s behavior. However, this supervisor may possess inaccurate knowledge

about certain aspects of the domain. We distinguish five types of supervisors, denoted

as type-A to type-E, each with varying levels of domain knowledge. For example, a

type-E supervisor believes that refueling is unnecessary and associates a negative

reward with it. They also assume that the robot can break when moving into a

location with a puddle, leading to a negative reward in their model of the task. Table

4.1 outlines the inaccurate facts held by each supervisor type regarding the domain.

When assessing the robot’s plan, supervisors of each type may find different seg-

ments of the plan inexplicable. For instance, a type-B supervisor will be confused

when the robot collects the first-aid supplies. Importantly, the robot is not aware of

the specific supervisor types or the type of supervisor it is currently interacting with.

To ensure that the entire plan is understandable to the supervisor, one straightfor-

ward approach would be to provide the entire robot’s model. However, this approach
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can easily overwhelm the supervisor. Our objective is for the robot to offer only the

necessary explanations to the supervisor. To achieve this, the robot must determine

all the types of supervisors that exist, learn their models of the task, and, during

interactions with a particular supervisor, infer their type and provide personalized

explanations accordingly. In the following sections, we will delve into how our frame-

work accomplishes this objective. To begin, we will outline the types of problems that

our agent is initially designed to solve, which subsequently leads to agent’s decisions

that might need to be explained to the target user.

4.2 Background

In this work, our focus is on robots that use discounted infinite horizon Markov

Decision Processes (MDPs) for solving a sequential decision making problems Russell

and Norvig (2005). An MDP M can be formally defined as tuple ⟨S,A, T,R, γ⟩,

where: S is the set of states in the domain; A is the set of actions that the robot can

take in any state; T is the transition function where T (s, a, s′) gives the probability

that the robot will reach state s′ after taking action a in state s; R is the reward

function such that R(s, a, s′) gives the reward for a transition ⟨s, a, s′⟩; γ is the dis-

counting factor for the rewards obtained (where 0 ≤ γ < 1). A policy π for an MDP

maps each state to a recommended action. The value for any state given π is the

expected cumulative discounted reward obtained if the robot follows π. For a given

MDP M, the optimal policy π∗M is simply the policy that would give the highest

value from any state. Lastly, the Q-value function, Qπ(s, a), for an MDP gives the

expected value obtained if the robot takes action a in state s and then follows the

policy π. We use Q∗ to denote the Q-value function corresponding to the optimal

policy for the MDP.
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4.2.1 Learning approximate mental model of the user to generate explanations

In the context of model reconciliation as described in Chakraborti et al. (2017),

the robot provides explanations in the form of model updates to correct the human’s

understanding or model of the task. Unlike the original approach, which assumed the

human’s task model was predefined, we adopt the method presented in Sreedharan

et al. (2019) that learns this model. This method employs learned labeling models

to determine the specific model information that needs to be conveyed to the user to

make any transition appear explicable. This labeling model thus serves as a proxy to

the user’s complete model of the task.

Following Sreedharan et al. (2019), we start with a set of explanatory messages

denoted as E = {e1, e2, . . . , en}, which contain information about the robot’s model.

For instance, in the disaster-rescue domain, an example message might be “the robot

receives a reward of 1.0 for picking up the first aid.”

Given a particular transition τ = ⟨s, a, s′⟩, we train a labeling model, L : (T, 2E)→

{0, 1}, where T represents the set of all possible transitions. In this model, L(τ, Ê) = 1

indicates that once the user is provided with a set of messages, Ê, they find the

transition τ to be explicable. In other words, there exists an optimal policy in their

updated model that can produce this transition. Conversely, L(τ, Ê) = 0 signifies

that the user finds the transition inexplicable. In this case, there is no optimal policy

in the user’s updated model that can lead to this transition. Thus forth, we refer to

the label generated by the labeling function as the explicability label.

Importantly, unlike Sreedharan et al. (2019), our work acknowledges that different

users of the system may possess diverse backgrounds and mental models of the task.

Consequently, they may require distinct sets of explanatory messages. Our objective

in this study is to explore the development of an explanatory system capable of
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generating tailored explanations that cater to the specific models of individual users.

Applicability of the presented approaches for tasks with inscrutable models

Note that our work is agnostic to the task representation employed by the agent

and is compatible with agents that possess opaque task representations. However, it

imposes a more specific requirement than merely having a symbolic vocabulary (as in

chapter 3). We assume that each message in E corresponds to symbolic information

about the task’s dynamics, which the user can comprehend. It’s important to note

that E does not necessarily need to encompass all possible model parameters; instead,

it can be limited to a subset of parameters that a domain expert has identified as

relevant to the given problem. We will now discuss the specific solution to generate

personalized explanations tailored to the user’s type.

4.3 Explanation in the Presence of Multiple User Types

In this work, our main focus is on creating a system where a robot can provide

explanations to users with diverse backgrounds. The explanatory system starts with

the robot’s model of the task,Mr, and a set of explanatory messages E. To simplify

the setup, we assume that each user’s understanding of a given task can be associated

with one of several possible models, which in turn corresponds to one of the labeling

models in a set denoted as L. Consequently, for any user in the system of type t, we

represent their labeling function as Lt ∈ L.

4.3.1 Learning the set of labeling models

Now the first step to setting up our explanatory system for a task will be to learn

the corresponding labeling function set L. This involves identifying all the user types

and learning their respective labeling functions.
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Similar to Sreedharan et al. (2019), we will rely on collecting data from users,

which we’ll refer to as observers to learn L. This data includes examples that contain

a transition, a set of messages, and a label indicating if the the observer will find

the transition to be explicable when presented with the message set. We also assume

that we know which observer generated each label. Thus, each data point takes the

form d = ⟨τ, Ê, l, o⟩, where τ = ⟨s, a, s′⟩ represents a transition, Ê is the message set,

l is the corresponding explicability label, and o is a unique observer ID. Our primary

objective is to group the collected data points into k clusters, such that each cluster

will only contain data from a single user type. This can be followed by learning a

labeling function for each type using the data from their cluster to finally get the set

L.

To begin, each observer is represented as an vector Ėo ∈ {0, 1}|E| in an embedding

where each bit corresponds to a message in E. For a given Ėo, the set of messages

whose bit is set to 1 represents the smallest set of messages which when given to

the observer o will make every possible transition explicable to them. This can be

thought of as the minimal set of messages that makes the human’s model aligned

with the robot’s model of the task. To obtain Ėo, the learner first utilizes the data

points Do collected from each observer o to train their individual labeling function Lo.

Any function approximator can be used to learn the labeling function. Then, using

Lo, we determine the smallest set of messages that would make all the transitions

in Do explicable to the observer. Finally, the computed message set serves as an

approximation of Ėo.

Once each observer has been projected in this embedding, the learner can proceed

with grouping the observers using clustering techniques. In this work, we employ

k-means clustering in this embedding with a specified number of clusters k. Ideally,

this k should match the total number of user types Nu, which is unknown. We esti-
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mate this value using the standard elbow method. To apply this method, we define a

problem-specific intra-cluster variance measure which we call “disagreements”. This

measure quantifies the total number of instances where two observers, clustered to-

gether and given the same set of messages, disagree on the label of a given transition.

Formally, we define “disagreements” as follows:

Definition 3. For a given clustering of observers, disagreements is equal to the total

number of pairs of datapoints di = ⟨τi, Êi, li, oi⟩ and dj = ⟨τj, Êj, lj, oj⟩ that satisfy

the following conditions: oi and oj belong to the same cluster, τi = τj, Êi = Êj, and

li ̸= lj.

We expect that the value of “disagreements” will initially decrease as we increase

k from 1 up to Nu because observers belonging to different types would ideally be

placed in separate clusters as the number of clusters increases. Further increasing k

beyond Nu will not affect the “disagreements”. Therefore, we use the elbow point in

the plot of “disagreement” vs. k as an estimate of Nu. To programmatically find this

point, we use the technique given in Satopaa et al. (2011).

Having estimated Nu and obtained the corresponding clustering output at k = Nu,

the learner can now learn the labeling set L. To do so, for each cluster, we take the

union of all the data points from all the observers within that cluster. Each of these

sets now contains data points corresponding to an identified user type ut. Then the

labeling model Lt corresponding to each user type ut is trained on the data points

in their corresponding set. This gives us the desired set L. Additionally, we learn

a confidence measure that provides the confidence for the prediction made by the

learned labeling model. Specifically, for each Lt, we learn a probabilistic model,

PLt(l|τ, Ê), which indicates the probability that a user of type t will assign label l to

transition τ , given they have been provided with explanations Ê.
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4.3.2 Explaining Behavior Traces

With the specific labeling models in place, we are now ready to generate explana-

tions for a specific behavior trace Π = ⟨τ1, ..., τm⟩ where taui represents a transition

within the trace. An explanation in this setting consists of a sequence of explanatory

messages of the form E = ⟨Ê1, ..., Êm⟩ where each Êk is a set of messages that are

given to the user at step k of the interaction. At each step k, the user is presented

with the prefix ⟨τ1, ..., τk⟩ denoted as πk. Whether a user of type t will find any tran-

sition τj to be explicable can be estimated by the function Lt(τj,
⋃k

i=1(Êi)). In other

words, the user attempts to make sense of each transition using the current message

as well as previous messages. The user is expected to assign labels to each transition

in πk.

Now, it’s important to consider that each explanatory message comes with an

associated communication cost. To facilitate analysis of the trade-offs between com-

munication and inexplicability, we introduce the functions Ce, which quantifies the

cost of presenting an explanatory message to the user, and Cinexp, which represents

the cost of showing an inexplicable plan step to the user. Additionally, we introduce

the constant λ to determine the relative weight between the total communication cost

and the total inexplicability cost for the entire user interaction. Formally, the cost of

an explanation sequence can be defined as follows:

Definition 4. The cost of an explanation sequence E = ⟨Ê1, ..., Êm⟩, for a trace Π

and a user type t ∈ U is given by

C(E) =
m∑
i=1

[λ.Ce.|Êi|+
i∑

j=1

(1− Lt(τj,
i⋃

k=1

(Êk)).Cinexp]

In our interaction scenario, if the user type were to be known, our goal would be

to find an explanatory sequence that minimizes this total cost. Unfortunately, this
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is not true in our case as in addition to reasoning about the explanatory sequence,

we would also need to reason about the unknown user types. All we assume is that

we have access to a possible prior over the user types. A useful reasoning frame-

work that we could leverage would be that of partially observable Markov decision

process (POMDP) Kaelbling et al. (1998). We can cast this problem of reasoning

about explanation into a meta POMDP of the form ME = ⟨SE , AE , TE , OE ,ΩE , γE⟩.

Specifically, we turn the problem of identification of explanation with unknown user

type into a POMDP where the user type is the hidden part of the state. Solving a

POMDP, in general, gives us a policy over the belief state. In our case, the belief

state represents the likelihood that the current user belongs to one of the various

learned user types. It is essentially an estimated probability distribution indicating

how probable it is for the current user to be categorized into each of these learned

user types.

We will now define each component ofME :

• SE : In the meta-POMDP, each state is defined by several elements:

1. A prefix, πk, which is a segment of the trace intended to be explained.

2. Two distinct sets of explanatory messages labeled as Êgiven and Ênext:

– Êgiven represents the messages already presented to the user.

– Ênext represents the messages that will be presented to the user in the

next interaction step.

3. A sequence of binary labels denoted as L. Each binary label corresponds to

a transition within the prefix and is set to 1 if the user found the transition

explicable based on the messages in Êgiven, and 0 otherwise.

4. The unobserved part of the state representing the user’s type, denoted as

ut.
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Formally, let Lπk
denote the set of all possible sequence of explicability labels

for the transitions within πk and let U denote the set of all possible user types

. Then the state space can be given as:

SE ={⟨πk, L, Êgiven, Ênext, ut⟩ |k ∈ [1,m], L ∈ Lπk
, ut ∈ U

Êgiven ∈ 2|E|, and Ênext ∈ 2|E|}

• AE : Actions in the POMDP correspond to the set of explanatory messages, E,

that the robot can present to the user along with a special action called explain.

Thus, the action space AE can be defined as AE = E ∪ {explain}.

• TE : In our POMDP, there are two types of transitions depending on the

action taken by the agent. Let the current state of the POMDP be s =

⟨πk, L, Ênext, Êgiven, ut⟩ If the agent’s action, denoted as a, belongs to the set

E, then the next state of the POMDP is simply:

⟨πk, L, Ênext ∪ a, Êgiven, ut⟩

In this case, the explanatory message a is added to the set of messages to

be given in the next interaction step. In contrast, when the agent’s action is

a = explain, the interaction moves to its next step. In this scenario, the user

is presented with the prefix πk+1 (i.e., the behavior trace up to the transition

τk+1) and is given the messages in Ênext. The next state of the POMDP is

determined by the sequence of labels that the user of type t will assign to

πk+1. Consequently, the next set of possible states would have the following

characteristics:

– Prefix set to πk+1.

– Êgiven set to Êgiven ∪ Ênext.

47



– Ênext set to ∅.

– Sequence of explicability labels, denoted as L, as given by the user.

Importantly, the user’s type remains unchanged in this transition. Assuming

that each transition is independently labeled by the user, the transition proba-

bilities for each state are computed as:

k+1∏
i=1

PLt(li|τi, Êgiven)

Here, li represents the ith label in L.

• RE : The reward that the robot obtains will encompass both the cost associated

with presenting an inexplicable transition and the cost of communicating an

explanatory message. For a transition ⟨s, a, s′⟩ where s′ includes πk as the prefix

and li represents the label assigned to transition ti in πk, the reward function is

defined as follows:

RE =

 −1.λ.Ce if a ∈ E

−1.
∑k

i=1 Cinexp.(1− li) if a = explain

• ΩE : The set of all observations would be all possible explicability labels for all

prefixes πk in behavior trace being explained to the user. In addition, ΩE will

contain a special observation denoted as lϕ.

• OE : The observation model is deterministic. If the interaction moves to its

next step, then the observation is the label sequence L associated with the next

state. Otherwise, it is simply lϕ.

• γE : We leverage discounting to allow for on-time explanations of the form

studied in Zakershahrak et al. (2020).
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Our formulation of the explanation reasoning into a sequential reasoning frame-

work gives us certain advantages. For one, we are able to leverage the POMDP’s

ability to naturally generate information gathering strategies when appropriate to

help proactively identify the user type. In general, each observation of explicability

labels, denoted as L, gives us evidence about the underlying type of the current user.

Assuming that each transition is labelled independently, the belief about the current

user’s type is updated as follows in each interaction step when we observe L:

bk+1(t) =(1/Z).P (L|πk+1, Êgiven, t).bk(t)

=(1/Z).Πk+1
i=1PLt(li|τi, Êgiven).bk(t)

Here bk(t) denotes the probability that the current user is of type t at kth interaction

step, where li is the label provided by the user for the transition τi and Êgiven is

the set of explanatory messages that have been presented so far. To leverage the

belief update, the POMDP policy could choose to employ explanation messages at

a step that are designed to help reduce the possible uncertainty regarding the user’s

type. For example in a case with two user types, say a given transition is inherently

explicable for one type of user while it requires an explanation for the other type. By

withholding any explanation, the system would be able to tell the exact user type from

the next observation. Another advantage of using the sequential reasoning framework

is that it allows us to leverage the fact that explanations may be non-monotonic

Chakraborti et al. (2017), i.e. the POMDP would prevent revealing unnecessary

information up front that could potentially lead to the user getting confused.

While there exist exact algorithms for solving POMDPs, they are intractable for

problems with long horizon (which in the case of ME is |Π| + |E|) and large obser-

vation space. Instead we will mostly focus on using approximate POMDP solvers.

In particular, we will consider approximations that are myopic, i.e. their ability to

account for information gathering strategies is limited and we will also be looking at
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approximations that rely on at least some limited amount of lookahead.

Although reasoning about information gathering is useful, it is also one of the

main complexities in POMDPs (Fern et al., 2014). Thus, using myopic solvers can

be highly efficient. In general, we believe that adopting a myopic approach will not

substantially impact the overall interaction cost in our problem scenario. Intuitively,

this can happen as a side-effect of having incorrect belief of the current user’s type.

This can be understood through an example: say the robot’s current belief puts more

probability to an incorrect user type and it provides an explanation tailored to that

user type for a transition. Then, the actual user might still find that transition to be

inexplicable. This observation would steer the belief to the correct user type.

In the following sections, we will delve into the POMDP solvers we employ for

generating explanations.

4.3.3 Myopic Approximation: QMDP

QMDP (Littman et al., 1995) is an efficient method for learning a policy in a

POMDP. It accomplishes this by leveraging the Q-values of the underlying MDP to

estimate the Q-value of a belief state. In the QMDP approach, the agent computes

the Q-value for each possible state that the system might be in by using the transitions

and rewards given by the underlying MDP. These Q-values are then weighted based

on the current belief probability for those states. The resulting expected value serves

as the approximate Q-value for the current belief state.

In our POMDP setup, let Q∗t denote the optimal Q-value function for the MDP

when the user’s type is t. Then, following QMDP, the Q-value for a belief state b and

an action a can be approximated as

Q(b, a) ≈
∑
t

b(t).Q∗t (st, a). (4.1)
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where st is the current state of the POMDP with the user’s type set to t. Intuitively,

the Q-value is being computed for a scenario in which all the ambiguity of the user

type would be resolved in the next step. Thus, the Q-value estimation doesn’t account

for the value provided by information gathering actions.

For our problem, we use a variant of the underlying MDP such that its optimal

policy can be learned efficiently. The state in this MDP would consist of state com-

ponents of ME excluding the labels sequence. We ignore the labels to prevent the

state space from blowing up in size (which would otherwise be exponential in length

of the trace). To retain the robot’s ability to prevent inexplicable labels, we instead,

modify the reward function RE for the case when a = explain. In that case, for the

MDP corresponding to a user type t, the reward value for transitioning into a state

with prefix πk is the expected inexplicability cost of the form

r(., explain, ⟨πk, Ênext, Êgiven, t⟩) = −1.
k∑

i=1

Cinexp .PLt(li = 0|τi, Êgiven)

4.3.4 Myopic Approximation: QHR

This is a variant of a method proposed in Fern et al. (2014) to approximate the Q∗t

values in equation 4.1. Although ignoring the labels helps in reducing the state space,

it is still exponential in the number of messages. Thus in the QHR approach, instead

of computing the exact value of Q∗t , we will compute the value of a suboptimal policy

to approximate Q∗t . The suboptimal policy assigns an action to any state assuming

that the robot will not be allowed to provide explanations from the next interaction

step. In this case, we let each action a be a set of all possible explanatory messages

i.e. a ∈ 2E and calculate the value of the suboptimal policy in closed form as follows

Qapprox
t (st, a) =− 1 ∗ (λ.Ce+

|Π|∑
j=k

j∑
i=1

PLt(li = 0|τi, Êj ∪ a).Cinexp)
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where k is the current step in the interaction & |Π| is the number of steps in the

plan trace. The estimate can be computed much faster than computing the entire

policy for the underlying MDP. We recommend the use of this technique when the

MDP’s state space is large and offline computation of the policy is restricted. Once

computed, the value can be used to get the Q-value estimate Q(b, a) for any belief

state as shown in the QMDP technique (Equation 4.1).

4.3.5 POMCP with d-step lookahead

The POMCP algorithm Silver and Veness (2010) has been shown to achieve high

performance for POMDPs with large state space. We used POMCP on ME as the

approximation that allows for look ahead. In our work, we made two modifications

to the original POMCP approach. First, while the original algorithm uses particle

filter algorithm to approximate belief update during the search, we performed exact

belief update as described in our POMDP formulation. Secondly, instead of always

running the simulation until the terminal state, we only run the simulation till depth

d in the search tree. If the node corresponding to the history encountered till d is

not present in the tree, then the simulation proceeds with the rollout. Otherwise, the

simulation is terminated and value for that belief node is computed using the QMDP

technique.

4.4 Evaluation

4.4.1 Computational experiments

We validate our approach through experiments conducted in two domains: the

disaster-rescue domain (section 4.1) and the four rooms domain (Sutton et al., 1999).

In the four rooms domain, the robot’s objective is to navigate to a goal location while
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taking the shortest path within an environment with four rooms. The robot must

avoid walls and locations with negative rewards.

The disaster-rescue domain includes five user types, as illustrated in Figure 4.1,

that we designed. In contrast, for the four rooms domain, we vary both the number of

user types and randomly select their model parameters. To evaluate our approach, we

define a model of the domain for each user type as an MDP. The parameter values of

these models depend on the knowledge possessed by each user type about the domain.

For instance, in the disaster-rescue domain, the MDP for user of type B assigns a

negative reward for the transition in which the robot moves into a location with a

fence (see Table 4.1 for inaccurate model information that each user type possess).

With these MDP models, we can simulate users of any type for our evaluation.

In our experiments with the four rooms domain, we vary the total number of

user types between 2, 3, and 4. Consequently, we have three different settings for

the domain, in contrast to the single setting of 5 user types for the other domain.

In each setting for the four rooms domain, the model parameters for each user type

are randomly assigned. This is accomplished by first defining a parameter set M

that characterizes the MDP for the domain. In the case of this domain,M includes

parameters such as goal locations, discounting factor, step cost, special locations with

associated penalties, and the magnitude of these penalties. For each parameter i in

M, we associate two different values: Mr
i andMt

i. The robot’s model is instantiated

by setting its MDP parameters to their correspondingMr
i values. For each user type

t, a subset of model parametersMt ⊂ M is selected, ensuring that the union of all

selected model parameters across user types covers the entire parameter setM. Each

selected model parameter i is then assigned the valueMt
i, while the remaining MDP

parameters retain the valueMr
i .

To collect the necessary data for learning the user types that exist for the do-
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main and learning their labeling models, we employ simulated users, referred to as

“observers” (as explained in Section 4.3.1). For each user type, we create three

observers, collecting 100 and 300 data points per observer for the four rooms and

disaster-rescue domains, respectively. For each observer, we generate traces where

the robot starts from a random initial state and follows the optimal policy until it

reaches a terminal state or reaches a maximum trace length of 10 steps. For each

trace, a set of explanatory messages randomly selected from the set E is provided to

the observer. The observer ’s model is updated based on these messages, and labels

are obtained for each step of the trace. A transition is labeled as explicable if the

optimal policy in the updated observer ’s model can generate that transition.

Once we’ve collected data from the observers, we have a set of labeled transitions

for each user type. Using this data, we proceed to learn the labeling models, denoted

as Lpc, corresponding to each user type. These models represent the optimal labeling

models that can be learned for each user type.

To learn the labeling models, we employ a decision tree classifier, with the input

features consisting of transitions (where the state is defined by the robot’s grid loca-

tion for both domains) and the set of explanatory messages. The output is the label

provided by the observer. We evaluate the confidence in our labeling models, denoted

as PLt , by measuring the test set accuracy after training the classifier. Across all

types of users and settings in both domains, the testing accuracies for the Lpc models

were consistently greater than or equal to 0.98.

To evaluate our approach in scenarios where the explanatory system lacks prior

knowledge of the user types, we apply the clustering strategy described earlier (Sec-

tion 4.3.1) to the collected data for each setting to learn the setting’s user types &

their corresponding labeling models. Our clustering approach achieved ideal results,

correctly identifying the number of user types and grouping observers of the same
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type together in both domains, except for one scenario where observers from two dif-

ferent types were clustered together. Upon analysis, it was determined that these two

user types were assigned model parameters such that all transitions provided to their

observers were inherently explicable, rendering explanations unnecessary. Hence, it

was acceptable for them to be placed in the same cluster and considered as the same

type. Ultimately, the labeling models learned for the identified user types in each

setting achieved testing accuracies similar to the Lpc models (i.e., greater than or

equal to 0.98).

Furthermore, we devised a straightforward baseline technique for comparison with

POMDP solvers. In this baseline, a single labeling model is learned for all the labeled

transitions collected from all observers in each setting. This model is then attributed

to all users in that setting, essentially assuming that there is only a single user type.

Since the labeling model for the target user is now known, generating explanations

becomes straightforward, treating the problem as an MDP.

To evaluate both the baseline and the POMDP solvers, we define a regret measure,

R = C(E)−C(E)pc, where C(E) is the cost of the explanation sequence generated by

the solver, and C(E)pc is the cost of the explanation sequence generated by an oracle

agent with knowledge of the user’s correct type and their labeling model, Lpc.

We compute the regret value under various communication and inexplicability

trade-off conditions by varying λ (see definition 4). The costs of communicating an

explanatory message and presenting an inexplicable transition to the user are both

set to 1 unit. For each value of λ, we generate three traces where the robot starts

from a random initial state and follows the optimal policy until reaching a terminal

state. We then use both our baseline and POMDP solvers to generate explanations

for the traces for a user of each type in each setting across the two domains. The

POMCP solver is used with a lookahead of 2 steps.

55



Domain λ
Oracle’s
C(E)pc

Regret (R = C(E)− C(E)pc)

QMDP POMCP QHR Baseline

Four
rooms

0.5 0.27 0.46 0.59 0.62 7.11

1.0 0.55 0.62 0.70 0.96 7.40

1.5 0.83 0.66 0.61 1.29 7.62

2.0 1.11 0.70 0.74 1.62 7.85

2.5 1.31 0.74 0.75 2.03 8.14

Disaster
rescue

0.5 0.86 1.06 2.0 3.46 11.93

1.0 1.73 0.93 0.93 5.86 12.06

1.5 2.6 1.0 1.0 6.53 12.2

2.0 3.46 1.2 1.06 5.13 12.06

2.5 4.33 1.4 1.25 5.36 11.73

Table 4.2: Average regret for the POMDP solvers and baseline technique along with

the interaction cost, C(E)pc, incurred by an oracle agent for varying value of λ.

Table 4.2 displays the average regret measure for both domains at each value of

λ. The averages are computed across all plan traces and all users within each setting

in the domain. The table also shows the average cost C(E)pc for the oracle. The

low regret values indicate that our system can effectively identify the user type and

provide the necessary explanations. Its performance is closely aligned with that of an

oracle agent possessing the best possible labeling model for the target user. Moreover,

all our techniques significantly outperform the baseline approach. Notably, among our

solvers, both QMDP and POMCP exhibit similar performance while outperforming

QHR.
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4.4.2 User study

We conducted a user study to investigate the impact of providing personalized

explanations in human-robot interactions, particularly when the robot is explaining

a behavior trace to a human. The study followed a between-subject design in which

participants received explanations from one of two techniques: personalized and con-

formant. This study focused on the disaster-rescue domain, featuring the user types

described in Table 4.1. We utilized the domain that we ourselves designed to ensure

that participants did not possess prior background knowledge about the task.

Explanation techniques

1. These explanations were generated using the QMDP solver (4.3.3) with λ set to

1, treating the participant as a user with an unknown type. The labels provided

by the participant were used to update the robot’s belief about their type. For

learning the labeling model of each user type, (i.e. learning the set L required

by our POMDP solvers), we collected around a 1000 data points for each type

from simulated observers. We assumed a perfect clustering exists & learned a

labeling model for each type. The accuracies for learned models were > 0.99.

2. In this technique, the robot generated explanations to ensure that the presented

prefix would be explicable to a user of any type. We generated such expla-

nations by finding the optimal policy for the MDP underlying the POMDP

(Section 4.3.2) with a modified reward function that calculates the expected

inexplicability cost of the plan prefix across all user types, t. Specifically, when

a = explain, the reward for the transition was computed as:
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(−1.
∑
t

k∑
i=1

Cinexp .PLt(li|τi,Egiven)).

Tested hypothesis

We evaluated interactions between participants and the robot under the two expla-

nation techniques across three dimensions by testing the following hypotheses:

• Hypothesis 1: Personalized explanations lead to shorter interaction times with

the robot.

• Hypothesis 2: Personalized explanations lead to higher explicability of the

robot’s behavior.

• Hypothesis 3: When given personalized explanations, users can retain the

updated robot model at the end of the interaction.

Procedure

Figure 4.2: Web interface for human-robot interaction during the study, where par-

ticipants provide explicability labels for each transition while receiving plan prefixes

and explanations.

The user study was conducted entirely through a web-based interface while the

participants were on a call with myself, with participants having the option to query
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me in case they had doubts related to their task. Participants were allowed to keep

their video disabled but were required to have their microphone on during the study.

Each participant was allocated one of the user types within the disaster-rescue

domain and assigned to one of the explanation techniques. At the outset of the

study, they received specific domain information relevant to their designated user

type. Subsequently, participants underwent training for their role in the study, which

revolved around evaluating the robot’s behavior.

The evaluation process involved presenting the user with a plan prefix and incre-

mentally adding the next step in the plan at each stage of the interaction. During this

process, participants were tasked with labeling each transition they encountered as

either expected or unexpected. They assigned these labels based on the domain infor-

mation provided and any explanations presented by the robot. Importantly, partici-

pants were encouraged to incorporate and update their domain knowledge whenever

an explanation was provided during the interaction.

Once the training was complete the participant go through an eligibility test to

ensure that participants accurately remembered the task description. Passing this

test allowed participants to proceed to the actual interaction with the robot where

they had to evaluate the robot’s behavior. We show the web interface used during

the interaction in Figure 4.2.

After completing the interaction, a quiz assessed whether participants remembered

the updated task description. They had to choose accurate statements from a set of

four statements describing the domain. Two of these statements were inaccurate,

while the other two reflected the domain parameters that would be updated by ex-

planations that were given to the user. Each correct response earned the participant

a score of 1.
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Results

Measure Conformant Personalized p-value

Interaction time 120.48 100.85 0.04

Inexplicable transitions 1.45 0.65 0.032

Quiz score 2.6 3.45 0.024

Table 4.3: Evaluation Measures for comparing personalized and conformant explana-

tions

We conducted the study using between subject design with two explanation types:

personalized and conformant. A total of 40 participants (aged 19 to 31, mean age

= 23.9 with 10 participants being female) were involved, with each explanation type

having 20 participants. The 5 user types were evenly distributed among the 20

participants for the personalized explanation.

To test each hypothesis (section 4.4.2), we gathered objective measures from the

interactions. For the first hypothesis, we measured the total time participants took to

complete the robot’s evaluation. For the second hypothesis, we counted the number

of transitions that remained inexplicable at the end of the interaction with the robot.

For the final hypothesis, we used the participants’ quiz scores. Table 4.3 provides the

average values for each measure across all participants, with interaction time reported

in seconds.

We conducted two-tailed t-tests and found that the difference between explanation

types was statistically significant for all measures (p-values reported in Table 4.3).

The results demonstrate that personalized explanations generated using our method

outperformed conformant explanations across all measures.

60



4.5 Chapter Summary

In this chapter, we explored how a robot can tailor its explanations for its actions

by taking into account the mental model of the current type of user. Importantly,

the technique presented is versatile and can be applied to agents with opaque task

models, as long as the set of explanatory messages initially provided to the robot

describes the task dynamics in a symbolic form comprehensible to the user.

Starting with a set of explanatory messages and the robot’s task model, our ex-

planatory system first identifies the various user types relevant to the task. Sub-

sequently, it learns a labeling function as an approximation of their model of the

task. We demonstrated how a POMDP-based formulation can leverage these label-

ing functions to dynamically infer the current user’s type and personalize the robot’s

explanations in real-time.

We validated the effectiveness of these techniques in practical scenarios using

both a disaster-rescue domain and the four-rooms domain. Our experiments covered

various trade-off conditions between communication and inexplicability costs. Across

the considered cases, our approaches came very close, in terms of interaction cost, to

an explanatory system that already possesses knowledge of the current user’s type.

Furthermore, we conducted a user study that clearly highlighted the advantages of

personalizing explanations in human-robot interactions.

The work presented in this chapter was accepted as a paper in IROS 2021.
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Chapter 5

VOCABULARY EXPANSION FOR PREFERENCE SPECIFICATION IN

INSCRUTABLE TASK REPRESENTATION

In this thesis, our primary focus so far has been on enhancing the interpretability of

our AI agent. We aim to achieve this by generating explanations that are both easily

understandable, thanks to the use of a shared symbolic vocabulary, and personalized,

taking into consideration the user’s background knowledge about the task. Ensuring

that our agents exhibit behavior that is comprehensible to users is crucial for their

widespread adoption in our daily lives.

However, it’s equally important that the agent’s behavior aligns with human pref-

erences. In addition to interpretability, we also aim for our AI agent to be configurable

or customizable.

As demonstrated earlier in this thesis, effective communication between humans

and AI agents is hindered when the agent uses a task representation that is opaque

or non-interpretable to the human user. We have shown how the use of a symbolic

interface or vocabulary can mitigate this problem by enabling the agent to gener-

ate explanations using a shared vocabulary. This shared vocabulary includes terms

that are both understandable to humans and grounded in the agent’s internal task

representation.

In this chapter, we advocate for the adoption of a similar shared vocabulary ap-

proach to allow users to specify their preferences to the agent. The users can use

terms in this vocabulary to specify their preferences to the agent which can then

adapt its policy to align with the preference. Consequently, symbolic interfaces serve

the dual purpose of enhancing interpretability and empowering users to customize
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the AI agent’s behavior to align with their preferences.

So far, we have assumed that the shared symbolic vocabulary has already been

established. Our techniques in Chapter 3 did have means to understand when the

existing vocabulary is insufficient to generate explanations. However, it did not have

the means to add new concepts to the vocabulary (i.e., ground new symbols) when

the vocabulary was insufficient. To the best of our knowledge, even other techniques

that do advocate for the use of a symbolic interface (Lyu et al., 2019; Illanes et al.,

2020; Icarte et al., 2022), particularly to aid in training an agent to learn sequential

decision-making tasks with fewer environmental interactions, also tend to assume that

all the necessary concepts are already present in the shared vocabulary.

In contrast, in this chapter, our main focus is on giving humans the ability to

add novel concepts to the shared vocabulary. This is especially important in cases

where we want users to share their preferences with the agent. Since these preferences

can be unique, they could likely involve concepts that are not present in the original

symbolic interface.

In this work, we propose an AI system named PRESCA (PREference Specifica-

tion through Concept Acquisition) that maintains a symbolic interface made up of

concepts that the user can use to specify their preferences to the agent. If the con-

cept relevant to the user’s preference is missing from the interface, then PRESCA

will attempt to learn this concept online. Subsequently, the concept is also added

to the interface to support preference specifications by future users. Thus, the cost

of learning the concept gets amortized when future users make use of the concept.

The focus of this work will be to propose a method that allows us to learn human

concepts efficiently.

Currently, the primary techniques for learning user preferences involve preference-

based reinforcement learning approaches (PbRL) (Christiano et al., 2017; Lee et al.,
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2021), also known as RLHF (Reinforcement Learning through Human Feedback).

However, we see limitations in PbRL compared to the PRESCA framework:

(a) For tasks where user preferences can be explicitly stated in symbolic terms,

PbRL can be unnecessarily cumbersome for the user compared to PRESCA,

which uses a symbolic vocabulary. Additionally, as we will see in section 5.2,

PRESCA mainly relies on concept queries, where the user labels a state image as

positive or negative for a given concept. This is arguably easier than answering

pairwise comparison queries that are required in PbRL. In section 5.6.2, we do a

user study to systematically evaluate the cognitive cost of these concept queries

vs queries made for PbRL.

(b) PbRL requires users to provide feedback for the entire task, whereas PRESCA

focuses only on learning preference-specific concepts, reducing the volume of

input required from users. In section 5.6.1, we compare the amount of feedback

typically required by PbRL vs PRESCA.

(c) PbRL needs to relearn preferences for each new user, while PRESCA adds

learned concepts to the shared interface for reuse.

(d) PRESCA leverages pretrained vision language models (VLMs) to bootstrap

concept learning, reducing the user feedback needed. This is not possible to do

as trivially with PbRL approaches.

Now to learn a novel concept, a straightforward way is to establish a grounding

from the concept to system states. As we saw in chapter 3, one could learn these

groundings from a set of positive and negative examples of the concept and then

subsequently use a classifier to ground the concept. Obtaining these examples is a

challenging problem as there is no clear way for the user to generate these examples.
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One approach to obtain these examples is for the system to present the user with

states and ask them whether the concept is present in each state. A naive way to

generate these queries could involve randomly sampling states from the environment

and asking users for their labels. However, if the positive examples are sparse in the

state space, then this strategy would lead to a potentially large number of queries

before sufficient positive examples are collected.

Our goal in this work is to optimize the data collection process for learning new

concepts by making it more feedback-efficient. We accomplish this by automatically

identifying probable positive and negative examples of the concept through the appli-

cation of certain heuristics. These potential examples are then presented to the user

for labeling, allowing us to acquire the necessary positive examples of the concept

while significantly reducing the number of queries as would be required by random

sampling.

In our approach, we employ three distinct heuristics to obtain likely positive ex-

amples of a concept. The first heuristic is causality-based, where we leverage the

causal associations the target concept has with concepts already present in the sym-

bolic interface. The second heuristic is based on the concept’s spatial locality within

an image, positing that the region most pertinent to a concept is typically found

within a localized patch in the image observation of the state. The third and final

heuristic depends on concept proximity, operating under the assumption that states

neighboring a positive example are also likely to be positive.

In Figure 5.1, we provide an overview of the user’s interaction with the PRESCA

system. In the following section, we introduce the planning domain used to illustrate

and evaluate our approach. This is followed by a formal description of the environ-

ment’s model and the symbolic interface employed by our AI system. We then present

a methodology for efficiently learning a new concept and utilizing the learned con-
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Figure 5.1: Overview of PRESCA. (1) The user specifies their preference in terms of

some symbolic concept. If the concept is not present in the symbolic interface, then

the user provides its causal relationship to some known concept. (2) PRESCA then

generates likely positive examples and negative examples of the concept and queries

their label to the user. (3) After getting the labels, PRESCA learns a classifier for the

target concept and (4) incorporates user’s preference in agent’s training. (5) Finally,

the concept is added to the interface.

cept to guide the agent’s training. In the evaluation section, we start by evaluating

the reduction in feedback obtained by various components of our approach. This is

followed with evaluation against PbRL using both computational experiments and a

user study.
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Figure 5.2: (a) Instance of the Minecraft environment with two possible plans marked

with arrows. The user prefers that the agent avoid going into the storage area (indi-

cated by the red arrows) (b) the causal model of the Minecraft environment.

5.1 Illustrative Example

We will utilize a variant of the 2-D Minecraft environment introduced by Andreas

et al. (2017) (Figure 5.2(a)) to illustrate the concepts discussed in this paper and

evaluate our proposed technique. In this environment, the primary objective is to

place a ladder at a specific target location. The available agent actions encompass

turning left or right, moving forward, picking up an object, executing a crafting action,

taking a no-op action, and dropping the ladder when the agent reaches the target.

To achieve the goal, the agent must first acquire a ladder. There are two distinct

methods to accomplish this task. The agent can either pick up a plank and then use

a crafting station to craft a ladder, or it can enter the storage area (highlighted in

green in Figure 5.2(a)), pick up a broken ladder, and subsequently use the crafting

station to repair it. Once the agent possesses the ladder, it can proceed to the target

location and place it. Both of these possible plans are depicted in Figure 5.2(a).

Additionally, there is a human observer who has specific preferences regarding

how the agent should complete the task. The observer’s preference is for the agent
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to avoid entering the storage area. Since one of the task-solving approaches involves

entering the storage area, the human needs to communicate this preference to the

agent. In this scenario, the agent operates based on a state encoding that the human

cannot directly interpret in terms of specific state features. However, if the human

can communicate with the AI system using symbolic terms, they can simply instruct

the system to avoid states in which the proposition in storage area might be true. In

this context, in storage area is a propositional fact that holds true in every state where

the agent is located inside the storage area.

To facilitate such a symbolic specification, it is crucial for the AI system to be

capable of correctly grounding and interpreting the potential concepts that the user

wishes to use. In this particular case, PRESCA learns a classifier that can determine

whether the agent is inside the storage area in a given state. Training this classifier

requires the user to provide both positive and negative examples of the in storage area

concept. In this work, we aim to optimize the efficiency of this data collection process

by minimizing the number of queries presented to the user for getting the labels. As

mentioned earlier in this chapter, one approach to achieve this is by collecting probable

positive examples of the concept and then querying the user for their labels.

To identify these likely positive examples, we employ a heuristic based on the

precedence relation. Figure 5.2(b) illustrates the causal relationships between various

concepts in the environment. For instance, the concept in storage area precedes the

concept has broken ladder. This causal relationship implies that the agent must be

inside the storage area to acquire the broken ladder. Consequently, if we have a

classifier for has broken ladder, we can identify agent trajectories that conclude with

the agent possessing the broken ladder. By following the causal relation, we can

deduce that the state just before the agent obtains the broken ladder is a likely

positive example of in storage area. In the upcoming sections, we will delve into other
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heuristics applied in our work and tackle scenarios where we possess the classifier for

a descendant of the target concept, albeit not necessarily its immediate child.

5.2 Problem Setting

Our problem setting involves an agent that is solving an RL problem modeled as

an unknown Markov Decision Process (MDP) as defined in Sutton and Barto (2018)

denoted asM. Our setting additionally considers the agent to be goal-directed. This

means that there is a set of goal states G and the agent tries to reach one of them.

This work focuses on human-AI interactions, where the agent engages with mul-

tiple users over time. In each interaction, a human-in-the-loop requires the agent to

complete a task in accordance with their preferences. To facilitate this, we introduce

the system PRESCA that allows users to communicate their preferences to the agent.

The challenge we encounter here pertains to the potential inscrutability of the state

representation employed within the modelM. Our primary concern centers around

scenarios where the model relies on an image-based state representation, making it

impractical for users to express their preferences at the pixel level. To tackle this

issue, we introduce a symbolic interface, akin to the shared vocabulary employed for

generating explanations (as discussed in Chapter 3). This symbolic interface, denoted

as FS, consists of propositional state variables or concepts that users can interpret.

In a given state s, each concept CZ ∈ FS can either be considered true or false.

PRESCA begins with a partial vocabulary, with some concepts already present

in FS and their accurate grounding available. This is akin to other “neuro-symbolic”

approaches that assume the existence of known concepts (Lyu et al., 2019; Illanes

et al., 2020; Icarte et al., 2022). However, in specific interactions with users, if their

preferences cannot be expressed using existing concepts in FS, PRESCA supports

learning the target concept relevant to their preference. Hereafter, we denote this
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target concept as CT. Learning CT involves acquiring a grounding in the agent’s state

representation, taking the form of a binary classifier.

To learn the classifier for the target concept CT, the system collects positive and

negative examples from the user. Specifically, the user is presented with state queries,

where they indicate whether the concept is present or absent in the state. Once the

classifier CT is learned, it is used to train an agent’s policy that aligns with the user’s

preference. Furthermore, the classifier CT is added to the set FS to enable preference

specifications by future users.

Given this discussion, the objective of the PRESCA system in a single interaction

with a user, when a new concept needs to be learned, is precisely defined as follows:

Given the environmentM, a user, a symbolic interface FS, and a target concept

CT, the system must: (a) minimize the number of queries made to the user to learn

CT, and (b) use CT to train an agent’s policy that achieves the goal while aligning

with the user’s preference.

5.3 Assumptions for Heuristic Label Estimation

In our setup, we consider the setting where the concept CT is relatively rare in the

state space. Thus querying labels for states that have been randomly sampled from

the state space, would lead to significant number of queries before enough positive

labels have been collected.

Thus, to optimize for the number of label queries made to the user, we collect

likely positive examples of the CT. We will now discuss specific assumptions we make

in our setting that allow us to get candidate examples of concepts.
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5.3.1 Causal relationship with a known concept

The PRESCA system assumes that we have been given a causal relations between

the target concept CT and an already known concept CK ∈ FS. We go into the exact

detail on how we use this causal relation to get likely examples of CT in section 5.4.4.

In this section, we give the semantics of the causal model that is used in our work.

This causal relationship is represented as a partial causal model of the domain. At

a high level, the causal model for a domain is a directed graph where nodes represent

concepts, and edges indicate causal associations. Figure 5.2(b) provides an example

of a causal model for the Minecraft domain. In this model, connections between a

concept CZ and its parent concepts reflect abstract relationships that parent concepts

have with CZ in the domain’s dynamics.

Informally, the relation CT → CK, where CT is the only parent of CK, implies that

if, in a transition ⟨s, a, s′⟩, the concept CK is true in s′ while it was false in s, then CT

must have been true in the state s. In other words, for CK to be true in the next state,

CT must be true in the current state. This can be understood when one compares

this to preconditions and effects in symbolic models like PDDL (Aeronautiques et al.,

1998), where the relation CT → CK may be due to some symbolic action with a

precondition of CT and an effect of CK.

The causal model itself is represented using a syntax similar to structured causal

models (Glymour et al., 2016). Formally, the causal modelMS is defined as a tuple

⟨VS, ES, fS⟩, where VS and ES correspond to nodes and edges of a directed graph, with

each node v ∈ VS represent a concept. The set fS comprises of structural equations

specifying the abstract relationship between a child concept and its parent concepts.

We denote a causal relationship between multiple parent concepts CX1 , CX2 . . . CXn

to their child concept CY as {CX1 , CX2 . . . CXn} → CY. Each equation in fS relates
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parent concepts CX1 , CX2 , . . . , CXn to their common child concept CY as follows: CY =

V(CX1 , CX2 , . . . , CXn), where V is a Boolean function. We limit V to disjunctions of

positive literals, but it can be extended to more complex formulas. We denote the

Boolean function V in the structural formulae of a concept CY as VCY .

Now, for any concept CZ, let CZ(s) denote the predicate indicating whether CZ is

true in the state s. Given this notation, we define the grounding of each structural

equation in transitions within the domain.

Definition 5. Given a concept CY ∈ VS, its structural equation CY = V(CX1 , CX2 , . . . ,

CXn), and a transition τ = ⟨s, a, s′⟩ in M, if CY(s
′) is true and CY(s) is false, then

the grounding of the structural equation is defined as the following equation that holds

for τ : CY(s
′) = V(CX1(s), CX2(s), . . . , CXn(s)).

For example, in the Minecraft domain (Figure 5.2), the structural equation for

has ladder is of the form Chas ladder = Chas broken ladder ∨ Chas planks. Thus, if there is

a transition τ = ⟨s, a, s′⟩ where Chas ladder(s) ≡ False and Chas ladder(s
′) ≡ True, then

from Definition 1, we have Chas broken ladder(s
′)∨Chas planks(s

′) ≡ True, indicating that

the agent either had the broken ladder or had planks in the original state s.

5.3.2 Concept proximity and rarity

We introduce a concept locality assumption: if a concept CZ is true in a particular

state s, then it is likely to be true in a nearby neighborhood of states around s. To

be more specific, if we consider the set of all states S ′ where each state s′ ∈ S ′ can be

reached from s within a small number of actions, then it’s probable that the concept

CZ is also true in those states within S ′. This assumption is based on the idea that

the agent would typically need to execute a specific sequence of actions to make the

concept no longer true.
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Additionally, we make an assumption regarding the rarity of concepts. In other

words, for any concept CZ, the proportion of states in which the concept is true is

expected to be low, denoted as |SCZ |/|S| ≪ 1, where SCZ represents the set of states

where CZ is true and |S| is the size of state space.

5.3.3 Concept image locality

Figure 5.3: Annotated patch corresponding to the concept in storage area

Our last assumption is based on the idea that for any positive example state of

any concept CX, there exists a localized region within the image corresponding to

that state that indicates the presence of the concept. To illustrate this assumption,

consider Fig 5.3, where the red bounding box highlights a specific region in the image,

signifying that the robot is in the storage area. This assumption implies that there

are distinctive visual cues or patterns localized within the state image that can be

associated with the presence of a concept in that state.

5.4 Adaptive Supervised Learning to Learn the Target Concept

Now, we proceed to describe our approach for learning the target concept classifier

CT and collecting labeled data for it. Our data collection strategy involves obtaining

likely positive and negative examples of the concept CT. To collect likely positive

examples of CT, we rely on a causal relationship between the target concept CT and
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some known concept CK ∈ FS. This causal relationship can either be provided by

the user or derived from a symbolic domain model using methods such as Helmert

(2004), if the domain model is available.

The causal relationship is essentially a partial specification of the causal modelMS

(see Section 5.3.1) of the domain. We denote this causal relationship asMT→K, where

MT→K = ⟨VT→K, ET→K, fT→K⟩. Here, ⟨VT→K, ET→K⟩ forms a subgraph of ⟨VS, ES⟩,

and fT→K ⊆ fS. This causal relation MT→K must include a path from CT to some

known concept CK. We represent this path as PT→K. Additionally, it should also

encompass the structural equation of the node CK and each intermediate node along

the path PT→K.

Before delving into our adaptive supervised learning approach that train the clas-

sifier CT with minimal queries made to the user, we first describe two distinct methods

for collecting labeled data to train a classifier CX when we are given a causal relation

{CX1 , CX2 . . . CXn} → CY where where CX ∈ {CX1 , CX2 . . . CXn} and the grounding

(classifier) of CY is known.

5.4.1 Labeling scheme for fully supervised learning to train concept classifier

Getting seed examples of CX

We initiate this labeling scheme by collecting instances of CX by leveraging causal

relationship {CX1 , CX2 . . . CXn} → CY. We label these collected instances as seed

examples and designate the entire set as SeedCX . To assemble SeedCX , we start

with an exploratory policy within the environment, gathering transitions in the form

⟨s, a, s′⟩ where CY(s
′) is true while CY(s) is false. According to definition 5, this

implies CX1(s) ∨ CX2(s) · · · ∨ CXn(s) ≡ True. Thus we query the user if CX is true in

this state. We make the assumption that the likelihood of CX being the causal factor
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for CY is higher than the probability of randomly encountering CX in a state (based

on the rarity of the concept). Therefore, gathering seed examples based on the causal

model is likely to be more efficient than randomly selecting states and querying their

labels.

Making informed queries

Having acquired the seed examples of the concept CX, we proceed to make informed

queries to expand the dataset for CX. To achieve this, we capitalize on the concept

proximity assumption (section 5.3.2) to gather probable positive examples of CX. Our

approach involves performing short random walks starting from randomly selected

states within SeedCX . These states are then presented to the user for labeling, and

this process is repeated until we collect N+ positive examples.

In line with the concept rarity assumption (section 5.3.2), when we randomly sam-

ple a state from the entire state space, it is more likely to be a negative example.

Therefore we opt for random state selection for candidate queries for negative exam-

ples. To be precise, we begin by gathering a large set of states denoted as Ŝ. We

achieve this by allowing the agent to explore the environment with a uniform action

selection policy over a lengthy episode. Subsequently, we draw random samples from

Ŝ and request labels from the user until we have accumulated N− negative examples.

Upon completing the data collection process, we proceed to train a binary classifier

for the concept CX. We denote the classifier obtained through informed queries for

any concept CX as C∗X.

5.4.2 Labeling scheme for weak supervised learning

In this approach, we leverage concept image locality (section 5.3.3) which allows

us to automatically label positive and negative examples of CX and train the classifier
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with weak supervision.

In particular, we request the user to provide a minimum bounding box that en-

compasses the region indicating the presence of the concept. With multiple such

relevant patches for the concept, we expand our dataset by sampling states from the

state space and assigning them a positive label if they contain a patch similar to any

of the patches provided by the user. Otherwise, they are assigned a negative label.

To accomplish this, we need a way to measure whether a patch P is contained within

a given image I, a task commonly referred to as template matching. We calculate

this as a score denoted as Sim(P, I), which represents the maximum similarity be-

tween P and any patch in I. The similarity between two patches is determined by

the distance between their autoencoder-based embedding. Below, we go into a more

comprehensive explanation of this labeling process.

The process starts by obtaining seed examples of concept CX, collected using the

technique outlined in Section 5.4.1. From SeedCX , we randomly select W states and

request the user to annotate each sampled state with a patch that best indicates the

presence of the concept CX. Hereafter, we call such queries as patch queries.

Let PatchCX represent the set of patches provided by the user, and let Saug be a

large set of state images randomly sampled from the state space. For each unique

patch size k among all the patches P ∈ PatchCX , we extract patches of size k from

each image in Saug. We then train one autoencoder Φ on all the extracted patches.

Now, for any input patch P , let Φ(P ) denote the embedding produced as the

output of the encoder in Φ. Given two patches P1 and P2, we use the cosine similarity

between Φ(P1) and Φ(P2) as the similarity measure between the patches. We can now

define the score Sim(P, I) between a patch P and an image I that indicates if the

patch P is contained in I. Let kP denote the size of patch P . Then, Sim(P, I) is

defined as the maximum similarity between patch P and any patch, IP , of size kP in
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I. Formally, the similarity score is calculated as follows:

Sim(P, I) = max
IP

Φ(P ) · Φ(IP ). (5.1)

Now, for each patch P ∈ PatchCX , we need to identify images in Saug that contain a

patch similar to P . To achieve this, we rank each image I ∈ Saug based on Sim(P , I).

We then select the top M+ images as those with similar patches. This process is

repeated for each patch in PatchCX , and the union of these selected images forms the

final set of positive examples in the labeled data.

On the other hand, for negative examples, we aim to identify images in Saug that

do not contain patches matching any patches in PatchCX . To obtain this set, we rank

each image I ∈ Saug based on an aggregate measure, Sim(P , I), computed as the

average of Sim(P , I) values across all P ∈ PatchCX . We then select the M− least

similar images as the set of negative examples for the dataset with synthetic labels.

Given the assumption of concept rarity (Section 5.3.2), we choose to keep M+ as

a small value and set M− to be slightly larger. Once we have created this labeled

dataset, we utilize it to train the classifier for CX. We denote the classifier learned

using this approach for any concept CX as ĈX.

The initial ĈX is trained completely on examples with estimated labels. As we will

see in our final approach, 5.4.4, we subsequently attempt to improve this classifier’s

accuracy by finetuning it on examples with labels taken from the user. These examples

are chosen using uncertainty sampling (Lewis (1995)) To quantify the uncertainty for

any given example, we use the entropy of its predicted class’s distribution.

H(s) = − (p log2(p) + (1− p) log2(1− p)) (5.2)

where H(s) is the entropy of a state image s, and p is the probability of the concept

being true in that image. Ideally, this would quickly increase the accuracy of ĈX
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which might have a poor decision boundary when trained solely on estimated labels.

Notably, this approach wouldn’t require as many examples as training C∗X classifier

as no synthetic labels are used to train C∗X.

It is important to note that the estimated labels in this approach can be noisy.

Consequently, ĈX may be less accurate than C∗X, even though it requires potentially

less feedback. We account for this in our final adaptive supervised learning approach

to train our original target concept CT as detailed in the next section.

5.4.3 Using pretrained vision language models for feedback-efficient training

To further minimize the feedback required by the user to train a concept classifier,

we bootstrap the training process by finetuning a pretrained vision language model

(VLM) instead of training a classifier from scratch for the collected data. VLMs

like CLIP (Radford et al. (2021)), BLIP (Li et al. (2023)), Flamingo(Alayrac et al.

(2022)), have shown remarkable performance in zero-shot prediction of novel concepts.

While, these models have shown to be useful for zero-shot prediction, we attempt to

use them after finetuning it on a few examples of the target concept. This accounts

for scenarios where the concept may be highly domain-specific or rare, and zero-

shot prediction by the VLM may not suffice. It’s crucial to note that having an

accurate concept classifier is important for learning an optimal policy that aligns

with the user’s preference. To see this, consider scenario where there are many false

negative predictions. In this case, the agent might visit states that the user wants to

avoid. Similarly, false positive examples could hinder learning by blocking states that

potentially reach the goal. This could result in suboptimal policies and, in extreme

cases, obstruct all paths to the goal.
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5.4.4 Adaptive supervised training

We are now equipped to describe our data collection approach that outputs the

concept classifier for the target concept CT given the path PT→K. We first describe

the simpler case when the length of the path, |PT→K| = 1. In this case, we simply

collect the seed examples as described in section 5.4.1, and then proceed to learn the

classifier C∗T using informed queries (section 5.4.1). Note that we require a highly

accurate classifier for CT and thus avoid noisy data labeling (section 5.4.2).

The case of |PT→K| > 1 is more involved. Let the path from the concept CT to

CK in MT→K be of the form CT → CI1 → CI2 . . . CIn → CK. We require some seed

examples of CT and then can use informed queries to train classifier of type C∗T. To

do this, we need the classifier for concept CI1 . However, in order to learn the classifier

for CI1 , we need the classifier for CI2 and so on. Thus we need to learn the concept

classifiers for the intermediate concepts.

In our approach we start with some total budget Btotal for the total number of

queries that can be made to the user. Of this budget, we reserve Bintermediate for

learning intermediate concept classifiers and Btarget for learning the target concept

classifier CT. Note that, we want the CT to be highly accurate so that the learned

policy will be both optimal and will align with user’s preference. To enable this, we

keep Btarget to be significantly higher than Bintermediate. Finally, for each classifier,

some percent of the budget is kept to gather its seed examples. While the remaining

is used to make informed queries (section 5.4.1) or finetune Ĉ (section 5.4.2).

If the intermediate concept classifier’s budget is found to be insufficient to get

the required number, U , of seed examples of the its parent concept, then we stop

the training and rely on rerunning the training with a increased total budget. An-

other option could be to use the final target’s budget to train intermediate concept.
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However, this could lead to insufficient budget for Btarget and hence, we disallow this

option.

Now the algorithm starts by getting seed examples of CIn which is possible because

its immediate child CK is known. Using the SeedCIn
we first train the classifier ĈIn

(section 5.4.2). We now define a notion of seed query and when such a query is

successful. Let d be all the disjuncts in VCIn
. Say we use ĈIn to get a potential

seed example, S, of CIn−1 by finding a transition ⟨S, a,S ′⟩ where ĈIn(S) is false and

ĈIn(S ′) is true (section 5.4.1). Then a seed query is defined as the query where we ask

the user whether any of the concept in d are true in S. If it is indeed the case, then

we say that the query was successful. The success rate of such queries will depend

upon the accuracy of learned classifier ĈIn . Our algorithm starts by assigning some

initial value to this success rate denoted as ϵ and operates in iterations.

In each iteration, with probability ϵ, the algorithm will try to improve the classifier

ĈIn by querying labels for a batch of example states selected via uncertainty sampling

(section 5.4.2) followed by making a batch of seed queries. Or with probability 1− ϵ,

the algorithm will simply perform a batch of informed queries to train C∗In .

Algorithm 3: Algorithm to train classifier for target concept, CT

Input :MT→K, PT→K = ⟨CT → . . . CX → . . . CK⟩

Output: classifier CT

SeedCT ← Get all seed(CT, PT→K) ; // see Algorithm 5

CT ← Train classifier C∗T ; // § 5.4.1

return CT ;

Each time a seed query is made, the success rate is updated using a step-size λ

with a soft target update defined:

ϵ = (1− λ) · ϵold + λ · ϵtarget (5.3)
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Algorithm 4: Get single seed

Input : CX,CY

Output: potential seed example s of CX given CX → CY

while True do

s← Env.InitialState() ;

for t← 0 to episode length do

a← UniformActionSelection() ;

s′ ← Env.ExecuteAction(a);

if CY(s
′) ∧ ¬CY(s) then

return s // potential example of CX

end

s← s′

end

end

where ϵold is the value of success rate before the update and ϵtarget is the success

rate computed over all the seed queries done so far. For every successful query, we

see if CIn−1 is true in the queried state. The algorithm terminates when either the

require the required number of seed examples for CIn−1 have been gathered or the

total budget for the intermediate concept classifier has been exhausted. In the latter

case, if the current value of ϵ is greater than some threshold ϵt, we use ĈIn to get the

set SeedCIn−1
. Otherwise, we simply train C∗In with the collected examples which is

then used to get the set SeedCIn−1
.

Thus, when a success rate is high, our algorithm may avoids exhausting the inter-

mediate budget by collecting enough seed examples of the parent concept. If that’s

not the case, then it switches to performing informed queries, completely exhausting
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the budget and learning a more reliable classifier for the intermediate concept.

Note that adaptive supervised learning can be useful even if the entire intermediate

budget is exhausted. To see this, consider the case with very low budget. In this

case, adaptive supervised learning will likely invest the entire budget in finetuning

ĈIn which may now be much more accurate than any potential C∗In classifier due to

insufficient budget. Subsequently, ĈIn can be subsequently used to gather enough

seed examples of parent’s concepts which would not be possible if we only trained

C∗In .

Now, once SeedCIn−1
has been collected, the above process can be repeated till we

finally collect SeedCT . Subsequently the algorithm learns the classifier C∗T. We provide

the complete algorithm of learning the classifier in Algorithm 3 which references

subroutines in algorithm 4 & 5.

5.5 Using the Learned Concept During Training

Once we have the classifier for CT, we can use it during the agent’s training

to accommodate the user’s preferences. The user can use this concept to specify

preferences such as the agent should avoid states where CT is true, as in our illustrative

example (section 5.1), or if they want the agent to visit some subgoal state where CT

is true in addition to achieving the originally assigned goal.

For the case where the user wants the agent to avoid states where CT is true, we

simply modify the MDPM’s reward function R to create a new reward function R′.

In R′, the agent receives a high negative reward, denoted as rT, whenever it visits

any state where CT is true. The value of rT is set to be sufficiently negative to ensure

that any optimal policy will naturally steer clear of states with CT being true.

To train a policy where the agent is encouraged to visit a state where CT is true ,

in addition to achieving the original goal state, we can extend the state representation
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Algorithm 5: Get all seed (gets required seed examples of input concept)
Input : CX, PX→K, U , N+, N−, ϵ, Bintermediate, Seedbudget

Output: SeedCX

CY ← Get child concept of CX , SeedCX ← {} ;

if CY is known then

while |SeedCX | < U ∧ Seedbudget left do

s← Get single seed (CX, CY ) ; // see Algorithm 4

CX(s)← Query label from user (s) ;

if CX(s) then SeedCX = SeedCX ∪ s ;

end

if |SeedCX | = 0 then return “Failure. Increase budget.”;

else

// recursive call;

SeedCY ← Get all seed(CY, PY→K) ;

ĈY ← Train classifier ĈY ; // see section 5.4.2

S+CY
, S−CY

← {}, {} // + and − examples of CY ;

while True do

p← Uniform distribution(0, 1) ;

if p < ϵ then

S+CY
, S−CY

← Queries using uncertainty sampling () ; // see section § 5.4.2

ĈY ← Train classifier ĈY ; // see section § 5.4.2

s← Get single seed (CX, ĈY ) ; // See Algorithm 4

CX(s)← seed query (s) ;

if CX(s) then SeedCX = SeedCX ∪ s ;

Update ϵ using ϵ = (1− λ) · ϵold + λ · ϵtarget ;

else

S+CY
, S−CY

← Informed queries () ; // see section § 5.4.1

end

if |SeedCX | = U then break;

if Bintermediate exhausted then

if ϵ < ϵthreshold then CY ← Train classifier(S+CY
, S−CY

) ;

if ϵ > ϵthreshold then CY ← ĈY;

SeedCX = Get all seed(CX, PX→Y);

end

end

end

return SeedCX
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by adding an additional binary variable called flag. This flag variable becomes true

once the agent visits a state where CT is true. We then assign a positive reward for

any transition that results in the flag variable becoming true. Importantly, once the

flag variable becomes true, it must remain true for every subsequent transition to

prevent the policy from entering cycles.

5.6 Evaluation

5.6.1 Computational experiments

The validation of PRESCA is conducted in the Minecraft domain, implemented

using the gym-minigrid environment (Chevalier-Boisvert et al. (2023)). This domain

consists of 10 possible initial states, each with randomized object positions, resulting

in 10 unique maps for the domain. An example image observation from this domain,

along with annotated objects, is shown in Figure 5.4.

In this Minecraft domain, the agent’s goal is to drop a ladder at a designated

target location. The user’s preference is that the agent must avoid entering a specific

storage area. Therefore, the target concept for PRESCA is in storage area. The

reward structure in the original domain is designed so that the optimal policy would

violate the user’s preference. We then apply PRESCA to see if it can override this

reward function to achieve the goal while following the preference.

Throughout the computational experiments, to get the user feedback, a simulated

human is employed, and it accurately answers queries regarding the presence of a

concept in a given state. The simulated human is also used to provide the patch

indicating the presence of any concept (as described in Section 5.4.2). Examples of

such patches are shown in Figure 5.5.

For evaluation, we begin by conducting an ablation study with two conditions:
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Figure 5.4: An example state image of the Minecraft domain with all objects anno-

tated

Figure 5.5: Example patches annotated with red bounding box for the concept (a)

has broken ladder and (b) has ladder
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employing adaptive supervised learning and utilizing a pretrained vision language

model (specifically, the CLIP model Radford et al. (2021)) to bootstrap learning

the concept classifier. We then compare PRESCA to a baseline PbRL approach

Christiano et al. (2017) based on the amount of queries required in both techniques.

Evaluating feedback efficiency with adaptive supervised learning and VLM

We start by evaluating the reduction in the amount of feedback required to train

a concept classifier when utilizing a pretrained vision language model (VLM) and

adaptive supervised learning (Section 5.4.4). Therefore, we establish two conditions

for this ablation study: utilizing VLM and employing adaptive supervised learning.

Each of these conditions is evaluated across three different settings, where we

vary the number of intermediate concepts between in storage area and the known con-

cept. The initially known concepts are selected from three options: has broken ladder,

has ladder, or ladder at target, corresponding to 0, 1, or 2 intermediate concepts, re-

spectively (see Figure 5.2 (b)).

We will now describe each tested condition in detail. When using the pretrained

vision language model for training the concept classifier, we used the CLIP (Rad-

ford et al. (2021)) model. Otherwise, we used a convolutional neural network with

randomly initialized weights. On the other hand, for adaptive supervised learning,

we trained the Ĉ classifier for intermediate concepts (section 5.4.4). When not using

adaptive supervised learning, we only trained the C∗ classifier for the intermediate

concepts. Henceforth, we refer to the condition where we do not use adaptive learning

as “non-adaptive learning”.

For each classifier, we keep the maximum budget for collecting seed examples of

any given classifier to be 0.5 of the total budget for that classifier. For parameters

specific to adaptive supervised learning (section 5.4.2), we used a W = 1 patch
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query for each intermediate concept classifier and the parameters M+ and M− as

⟨M+ = 0.01 · |Saug|,M− = 0.1 · |Saug|⟩ where Saug is a large set of state images

sampled from the environment by running an agent with uniform action selection.

The feedback batch size, B, was kept as 1/5th the budget for intermediate concept

classifier. Finally, we keep the initial estimate of the success rate, ϵ = 1.0 and the

step-size, λ = 0.2 (section 5.4.4).

Figure 5.6: F1 score of the trained classifier for the concept in storage area against

the total feedback for the case where number of intermediate concepts = 0

To evaluate each of the techniques, for the cases with number of intermediate

concepts > 1, we vary the maximum budget for the learning the intermediate concept

classifiers from 10 to 50 with increments of 5, and the maximum budget for learning

the concept classifier for the target concept from 130 to 170 with increments of 5.

For the case when there is no intermediate concept between target concept and the

known concept, we vary the budget for learning the target concept from 70 to 150

with increments of 10.
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Figure 5.7: F1 score of the trained classifier for the concept in storage area against

the total feedback for the case where number of intermediate concepts = 1

Figure 5.8: F1 score of the trained classifier for the concept in storage area against

the total feedback for the case where number of intermediate concepts = 2
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For each of these cases, we compute the f-1 score for the target concept by eval-

uating over a large set of examples with correct labels. We plot the performance of

each technique varying the number of intermediate concepts between 0, 1, and 2 as

displayed in Figure 5.6, 5.7 and 5.8 respectively. As we can see from the figures, using

both adaptive supervised learning and a VLM, we require the least amount of feed-

back to train the target concept classifier. This is followed by technique where we use

non-adaptive learning with VLM. Finally, the baseline technique with non-adaptive

learning with CNN performs the worst among all the techniques.

Evaluation against PbRL

Figure 5.9: Total feedback vs average reward per map

We begin by training a reinforcement learning (RL) agent on the Minecraft domain

with its dynamics modified using the concept classifiers, in storage area, which we have

learned for settings with 0, 1, and 2 intermediate concept classifiers. For each setting,

we select the classifier with a perfect f-1 score (1.0) that required the least amount of
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feedback. This amounts to a total feedback of 80, 140, and 150 respectively for 0, 1,

and 2 intermediate concepts. We then adjust the Markov Decision Process (MDP) of

the domain to penalize the agent with negative rewards if it enters any state predicted

as true for the concept in storage area in each setting. Upon running these trained RL

agents on each map of the domain, we observe that the agents successfully achieve

their goals for each setting while avoiding the storage area.

More importantly, we wanted to compare our approach to techniques like PbRL

(Christiano et al. (2017)). We believe that PbRL would typically requires much

more feedback compared to the feedback needed to learn the concept relevant to the

preference. This is because PbRL relies on user-provided feedback for the entire task,

not leveraging environmental rewards, unlike our method (PRESCA) which focuses

solely on learning preference-specific concepts. Once these concepts are learned, we

adjust the environmental reward and utilize any off-the-shelf RL approach to learn

the preferred policy.

We demonstrate this empirically by applying PbRL to our Minecraft domain. To

anwer pairwise comparison required in PbRL, we utilize a simulated user or an oracle.

We designed the oracle to provide feedback based on the agent’s proximity to achiev-

ing the goal. To measure this proximity, we define a sequence of subgoals necessary for

the preferred policy to reach the goal of ladder at target, namely has plank, has ladder,

and finally ladder at target. The oracle then selects the preferred trajectory between

two given trajectories based on the following rules:

• If the next required subgoal differs in the two trajectories, the oracle prefers the

one with the subgoal closer to the goal.

• If the next required subgoal is the same in both trajectories, the oracle prefers

the one requiring fewer actions to achieve the subgoal.
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• Finally, if the agent violates the preference in any trajectory or is holding a bro-

ken ladder, indicating a visit to the storage area, the trajectory is not preferred.

Using this oracle, we apply PbRL to learn the preferred policy. For the Minecraft

domain, we experimented with two settings for training the reward model: one with

a single reward model for all maps and another with separate reward models for each

map. Up to a total feedback of 10,000, we observed similar performance in both

cases. Subsequently, we continued training only with separate reward models as it

allowed parallel training of each reward model and corresponding policy for each map.

We limited the maximum number of queries made to the oracle to 10,000 for each

map. In figure 5.9, we illustrate the average reward for the learned policy across

the 10 maps against the total feedback obtained. The agent receives a reward of 1

for achieving each subgoal and incurs a penalty of -2 for violating the preference.

Consequently, the maximum reward the agent can obtain is 3. As seen in the figure

5.9, it takes around 50,000 feedback queries for PbRL to achieve similar performance

to that obtained with just 150 queries (for the most challenging setting of learning 2

intermediate concept classifiers). This highlights that expanding vocabulary can be

more efficient compared to relying solely on pairwise comparison-based feedback.

5.6.2 User study

In the previous section, we compared PRESCA with a baseline PbRL technique

based on the number of queries made to the user. While this comparison provides

insight into the efficiency of expanding vocabulary for explicit knowledge domains, the

evaluation is not entirely complete. This is because the type of queries made during

PbRL are notable different than the ones made by the PRESCA system. Henceforth,

we refer to the queries made by PRESCA system as concept query and ones made

PbRL as pairwise comparison query.
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We hypothesize that these query types incur different cognitive costs. To investi-

gate this, we conducted a user study. The study employed a within-subject design,

where each participant encountered both query types. We aimed to compare the

cognitive cost of each query type using both objective and subjective measures. In

the subsequent sections, we’ll describe the domain used for the study, outline our

hypotheses, detail the study procedure, and present the results.

Domain details

Figure 5.10: Domain used for the user study. The robot’s task is to reach the goal

(cell with yellow edges), while avoiding going over the carpet area (cell marked as

green square). The domain has 5 possible maps with varying locations of the goal

and the carpet.

In this study, we utilized a simple grid world domain with a straightforward task

for the agent (Figure 5.10). We chose this domain for its simplicity, enabling any

lay user to quickly grasp the task dynamics and provide accurate answers to both

concept and pairwise comparison queries. In this domain (Figure 5.10), the agent’s

task is to reach a yellow square. It can execute three actions: rotate left, rotate right,

and move forward to navigate the grid. Additionally, there’s a constraint that the

agent must avoid going over carpet (grid cells marked as green), representing user

preferences for the task.
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Tested Hypothesis

We evaluated the cost of making concept versus pairwise comparison queries across

two dimensions by testing the following hypotheses:

• Hypothesis 1: Users can answer concept queries faster than pairwise compar-

ison queries.

• Hypothesis 2: Pairwise comparison queries incur a higher cognitive load on

the user than concept queries.

Procedure

Figure 5.11: An example of a concept query for the concept robot on carpet

The user study was conducted entirely via a web-based interface on Prolific (Palan

and Schitter (2018)). The study began with an overview explaining that participants

would undertake two tasks. In both tasks, participants were tasked with guiding a

robot playing a game, using different communication methods for each task. At the

end of the study, participants would evaluate which method they found easier. These
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Figure 5.12: An example of a pairwise comparison query. When clicked, the clip will

play, showing the robot’s actions in the game. Participants are tasked with selecting

the clip where the robot’s performance is better. They may also choose the “tie”

option to indicate similar performance or select the “can’t say” option if they are

unable to make the comparison.

tasks corresponded to answering concept queries or pairwise comparison queries. Par-

ticipants completed the two tasks sequentially, with the order of query types randomly

assigned to ensure counterbalanced results.

The overview was followed by a domain description, where we described the do-

main as a game that the robot is tasked with winning. They were informed that the

robot wins by reaching the goal cell (marked with yellow edges) while avoiding the

carpet (cells marked as green squares). Participants were shown all possible actions

the agent could take, along with state images before and after each action. Addi-

tionally, participants were presented with five maps. In each map, the location of the

goal and carpet was altered.

Participants then completed two tasks: one answering concept queries (Figure

5.11) and the other answering pairwise comparison queries (Figure 5.12). The order

of these tasks was randomized for each participant. Below is a detailed description of
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how each task was presented:

• Answering concept queries: Participants were tasked with determining if

the concept robot on carpet was true for each query. We start by describing

the task to the participant. They are shown a few positive and negative image

for the concept robot on carpet. This is followed by a quiz which accessed their

understanding of the task. The participants then proceeded to the main task,

where they were shown ten images in sequence and they indicated the presence

of the concept in each image.

• Answering pairwise comparison queries: In this task, participants viewed

two clips of the robot playing the game and selected the trajectory that showed

better performance. Additional options allowed participants to select if perfor-

mance was the same or if they were unable to compare. The task began with

a description where we show an example trajectory of the robot finishing the

game. We additionally show an example query to the user to make them famil-

iar with the task. This is followed by a quiz where the user is shown 3 robot’s

trajectories, and they must pick the one where the robot wins the game. Com-

pleting the quiz ensured that the participant understood the task’s dynamics.

Finally, they move to the main task, where they viewed ten pairs of clips and

selected the one with better performance or indicated a tie, or their inability to

judge.

For each task, we note the time taken to answer the each query to help test

hypothesis 1. Once both tasks are completed, the participant is presented with a

evaluation questionnaire. We adapted the NASA TLX load index (Hart (2006))

with questions that compared the two tasks based on 6 dimensions: mental demand,

physical demand, temporal demand, performance, effort and frustration. Table 5.1,

95



shows each dimension along with the corresponding question we asked the participant.

We end the study once the user has completed the questionnaire.

Results

Workload Dimension Question

No: of participants

preferring concept

query (out of 50)

p-value

(binomial test)

Mental demand
Which task felt less

mentally demanding?
50 <0.005

Physical demand
Which task felt less

physically demanding?
48 <0.005

Temporal demand
In which task did the

pace felt less hurried or rushed?
35 <0.005

Frustration level
Which task made you feel less

irritated, stressed and annoyed?
45 <0.005

Effort
In which task did you have to work

less to achieve your performance level?
50 <0.005

Performance
Which task did you feel

more successful in accomplishing?
41 <0.005

Table 5.1: Comparing the cognitive load for concept query vs pairwise comparison

query. Each row represents one of the dimension used in NASA TLX workload index.

We adapted the questions to let participant choose which query was better for each

dimension. The participants chose concept query to be better for all the dimensions,

and the preference was found to be statistically significant in each case.

We conducted a within subject study with two query types: concept query and

pairwise comparison query. A total of 50 people participated in the study aged be-

tween 22 and 86 with a mean age 34.2. Among the participants, 20 were males 29

were females, while 1 refused to provide their gender.

For the first hypothesis, we measured the average time taken by the participant
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to answer each of the queries. We found that on average, the participants took 14.6

seconds to answer a pairwise comparison query, while they only took 3.2 seconds to

answer a concept query. We also found this difference to be statistically significant

based on a two tailed t-test with p-value < 0.005.

For the second hypothesis, we asked them questions adapted from the NASA TLX

questionnaire as described in the previous section to compare the cognitive load of

each query type across 6 dimensions. Table shows each of the questions, along with

the number of times user picked concept query over pairwise comparison query for

each of the question. As shown in the table, for all the questions, participants favored

concept query and we additionally found the results to be statistically significant for

each case using a binomial test.

5.7 Chapter Summary

In this chapter, we introduced the PRESCA system, which enables everyday users

to convey their preferences to AI agents. PRESCA achieves this by maintaining a

symbolic interface composed of user-understandable concepts. Crucially, it also has

the capability to learn new concepts when necessary. We demonstrated how PRESCA

leverages causal relationships between concepts, an adaptive supervised learning ap-

proach and pretrained VLMs to enhance the efficiency of the feedback process. We

further evaluate PRESCA against PbRL technique and saw that PRESCA requires

far less feedback than PbRL and the queries used in our approach are less cognitively

taxing and take less time to answer than parwise comparison queries that are used in

PbRL. Finally, a version of this work, was presented at NeurIPS 2022 Workshop on

Human in the Loop Learning.
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Chapter 6

CONCLUSION

In this thesis, we have developed mechanisms aimed at enhancing the config-

urability and interpretability of agents with opaque task representations. Our ap-

proach establishes a symbolic vocabulary to allow communication between humans

and agents. Here, the agent utilizes vocabulary terms to generate explanations for

its actions, while humans use these terms to convey their preferences to the agent.

Additionally, we introduced the PRESCA framework, that lets users augment the

vocabulary with terms specific to their preferences. Furthermore, we demonstrated

how our agents can adapt explanations to individual users, ensuring that the level of

detail aligns with their prior knowledge of the task.

To illustrate the effectiveness of our techniques, we conducted comprehensive eval-

uations. The methodologies outlined in chapters 3, 4, and 5 were evaluated using both

computational experiments and human subject studies. Our findings demonstrate a

significant improvement in human-AI interaction when employing a symbolic vocabu-

lary for communication, particularly when compared to current go to approaches that

rely on direct communication through pixel features and video clips of agent actions.

Notably, users exhibited a preference for symbolic explanations over saliency map-

based ones, and showed better understanding of the domain dynamics when given

symbolic explanations. Similarly, users favored responding to simple concept queries

over pairwise comparison queries prevalent in PbRL approaches.

While we believe this work to be useful in improving human-AI interaction, there

are several possible directions for improvement. In particular, in this thesis we dealt

exclusively with explicit knowledge tasks which allowed us to use symbolic vocabu-
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lary for explanation and preference specification. However, a more general domain,

would involve both explicit and tacit knowledge (example driving a car). In such

cases, a hybrid approach must be designed combines symbolic interface and PbRL

in one system. Furthermore, PRESCA in particular, was primarily designed to take

capture human’s preferences. However, the same system can be extended to speed up

learning in environments with sparse rewards. In this case, the user can use PRESCA

to ground multiple subgoal concepts thus providing a more dense reward signal for

speeding up RL training. Finally, our personalized explanation technique has poten-

tial to be applied to a broader range of problems, particularly in personalized teaming

scenarios. In this case, we can extend the concept of user types to additionally cap-

ture preferences for specific collaboration strategies. Subsequently, with new users,

we can avoid learning their model from scratch and instead map them to one of the

known types. Overall, this could lead to a more efficient human-AI teaming.
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