
INTERPRETABLE HOLISTIC
MANIPULATION STRATEGIES IN

HOUSEHOLD ENVIRONMENTS FOR TASK
AND MOTION PLANNING

a thesis submitted to

the graduate school of engineering and science

of bilkent university

in partial fulfillment of the requirements for

the degree of

master of science

in

computer engineering

By

Arda Sarp Yenicesu

January 2025



Interpretable Holistic Manipulation Strategies in Household Environ-

ments for Task and Motion Planning

By Arda Sarp Yenicesu

January 2025

We certify that we have read this thesis and that in our opinion it is fully adequate,

in scope and in quality, as a thesis for the degree of Master of Science.
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Approved for the Graduate School of Engineering and Science:

Orhan Arıkan
Director of the Graduate School

ii



ABSTRACT

INTERPRETABLE HOLISTIC MANIPULATION
STRATEGIES IN HOUSEHOLD ENVIRONMENTS FOR

TASK AND MOTION PLANNING

Arda Sarp Yenicesu

M.S. in Computer Engineering

Advisor: Salih Özgür Öğüz

January 2025

Interpretable Responsibility Sharing (IRS) introduces a novel heuristic for Task

and Motion Planning (TAMP), leveraging holistic manipulation strategies to en-

hance planning efficiency and interpretability in household environments. By sys-

tematically incorporating auxiliary objects such as trays and pitchers—common

in human-constructed spaces—IRS simplifies and optimizes task execution. The

heuristic is based on the concept of Responsibility Sharing (RS), where aux-

iliary objects share task responsibilities with robotic agents, dividing complex

tasks into manageable sub-problems. This division not only mirrors human us-

age patterns but also aids robots in navigating and manipulating within human-

designed spaces more effectively. By integrating Optimized Rule Synthesis (ORS)

for decision-making, IRS ensures that the use of auxiliary objects is both strate-

gic and context-aware, enhancing the interpretability and effectiveness of robotic

planning. Experiments across diverse household tasks, including serving, pour-

ing, and handover, demonstrate that IRS significantly outperforms traditional

methods, reducing effort in task execution and improving decision-making. This

approach aligns with human-inspired strategies while offering a scalable frame-

work adaptable to the dynamic complexities of household environments.

Keywords: Task and Motion Planning, Holistic Robotics, Interpretable Robotics,

Rule-based Learning.
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ÖZET

EV ORTAMLARINDA GÖREV VE HAREKET
PLANLAMASI İÇİN AÇIKLANABİLİR BÜTÜNSEL

MANİPÜLASYON STRATEJİLERİ

Arda Sarp Yenicesu

Bilgisayar Mühendisliği, Yüksek Lisans

Tez Danışmanı: Salih Özgür Öğüz

Ocak 2025

Açıklanabilir Sorumluluk Paylaşımı (IRS), Görev ve Hareket Planlaması

(TAMP) için ev ortamlarında planlama verimliliğini ve açıklanabilirliği artırmayı

amaçlayan yeni bir sezgisel yaklaşım sunar. Bütüncül manipülasyon strateji-

lerinden yararlanan IRS, tepsi ve sürahi gibi insan yapımı alanlarda yaygın olarak

kullanılan yardımcı nesneleri sistematik bir şekilde planlama sürecine dahil ed-

erek görev yürütmeyi basitleştirir ve optimize eder. Bu sezgisel yaklaşım, So-

rumluluk Paylaşımı (RS) kavramına dayanır; burada yardımcı nesneler, karmaşık

görevleri yönetilebilir alt problemlere ayırarak robotik ajanlarla görev sorumlu-

luklarını paylaşır. Bu ayrım, hem insan kullanım alışkanlıklarını yansıtmakta

hem de robotların insan tasarımı alanlarda gezinmesini ve manipülasyon yap-

masını daha etkili hale getirmektedir. Karar verme süreci için Optimize Edilmiş

Kural Sentezi (ORS) entegrasyonu sayesinde IRS, yardımcı nesnelerin strate-

jik ve bağlama duyarlı bir şekilde kullanılmasını sağlar, böylece robotik plan-

lamanın açıklanabilirliğini ve etkinliğini artırır. Servis, dağıtım ve el değiştirme

gibi çeşitli ev görevlerinde yapılan deneyler, IRS’nin geleneksel yöntemlere kıyasla

görev yürütme çabalarını önemli ölçüde azalttığını ve karar verme süreçlerini iy-

ileştirdiğini göstermektedir. Bu yaklaşım, insan ilhamlı stratejilerle uyumlu olup,

ev ortamlarının dinamik karmaşıklıklarına uyarlanabilir ölçeklenebilir bir çerçeve

sunar.

Anahtar sözcükler : Görev ve Hareket Planlaması, Bütünsel Robotik,

Açıklanabilir Robotik, Kural Tabanlı Öğrenme.
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Chapter 1

Introduction

Figure 1.1: This study examines how the holistic nature of human-designed envi-
ronments influences Task and Motion Planning (TAMP) in household tasks (e.g.,
serving, cleaning, and caring). We focus on the integration of auxiliary objects,
such as trays in kitchens, which humans strategically place to facilitate sequential
task execution. Our research develops a systematic method to leverage these en-
vironmental affordances, enhancing the efficiency and interpretability of TAMP
in domestic settings.

In modern households, robots are increasingly expected to perform complex

sequences of tasks that humans have traditionally handled in environments de-

signed by and for humans. These tasks range from serving meals to cleaning

spaces to providing care - all activities that require understanding and inter-

acting with the environment in sophisticated ways. A key aspect of successful

robotic manipulation in such settings lies in recognizing that these environments
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aren’t random arrangements, but carefully structured spaces where humans have

thoughtfully positioned tools and objects to facilitate task completion. This en-

vironmental intelligence, manifested through human preferences and practices in

organizing their spaces, represents a valuable but often overlooked resource for

robotic task planning [1, 2] (Figure 1.1).

Task and Motion Planning (TAMP) provides a framework for addressing these

complex household tasks by breaking down high-level objectives into executable

actions. While current TAMP research [3, 4, 5] has made significant progress in

developing methods for logical task decomposition and motion generation, it typ-

ically approaches problems from a purely computational perspective, focusing on

finding mathematically feasible solutions through search algorithms and motion

planning.

Our research presents a more holistic approach to manipulation planning, one

that considers not just the direct path to task completion, but the entire ecosys-

tem of environmental affordances and auxiliary objects that humans have inte-

grated into their spaces. This perspective recognizes that when humans organize

their environments, they create a network of tools and objects that facilitate task

execution. For instance, a kitchen isn’t merely a space with cabinets and ap-

pliances; it contains carefully placed auxiliary objects like trays, pitchers, and

containers that enable efficient sequential task completion. These objects aren’t

coincidental - they represent embedded environmental intelligence that can be

leveraged for more effective robotic manipulation [6].

We propose that this holistic view of manipulation planning, which consid-

ers both the immediate task goals and the available environmental aids, can

lead to more efficient and natural robot behavior. Rather than treating each

manipulation task as an isolated problem of moving from point A to point B,

our approach considers how auxiliary objects can be integrated into a broader,

more efficient task strategy. For example, instead of moving multiple objects

individually, a robot might use a tray - an auxiliary object commonly found in

kitchens - to transport several items at once, mimicking human-like efficiency in

task execution. This systematic method of leveraging environmental affordances

2



Figure 1.2: The Interpretable Responsibility Sharing (IRS) framework for holistic
Task and Motion Planning (TAMP). The system learns from a curated dataset
of first-order logic definitions describing environmental states and goals, labeled
through counterfactual analysis to identify beneficial uses of auxiliary objects.
The Optimized Rule Synthesis (ORS) generates rules for environmental object
utilization, enabling the agent to decompose complex tasks into manageable sub-
problems through responsibility sharing. This approach enhances both task exe-
cution and interpretability by systematically incorporating environmental affor-
dances into the planning process through the ORS decision framework.

and auxiliary objects represents a fundamental shift in how we approach TAMP

formulation, moving from purely algorithmic solutions to ones that incorporate

human-inspired task strategies.

Research in Task and Motion Planning has produced various approaches to

address sequential manipulation challenges [7, 8, 9, 10, 11, 12, 13]. Recent

heuristic-based methods have shown promising results [14, 15, 16, 17], but their

applicability remains limited by their task-specific nature, making them difficult

to adapt across different household environments and scenarios. On the other

hand, uninformed planning approaches [18, 19] offer greater flexibility through

domain-agnostic search strategies but face significant computational challenges.

These methods struggle with the exponentially growing search space inherent in

complex manipulation sequences [17], often resulting in plans that, while feasible,

may not effectively utilize environmental affordances.

3



A fundamental limitation of both approaches is their inability to capitalize

on the rich environmental context that humans naturally leverage. Traditional

heuristic-based TAMP methods typically reduce action costs to simple metrics

like physical displacement, failing to capture the sophisticated ways humans in-

teract with their environment. While recent research has begun exploring data-

driven approaches using annotated examples and structured rewards to learn

sequential planning strategies [20, 21, 22, 23], these methods present their own

challenges. Though they show impressive adaptability to new environments and

can implicitly learn from human demonstrations, they often operate as black

boxes. This lack of transparency in their decision-making process raises sig-

nificant concerns for household deployment [24, 25], where understanding and

predicting robot behavior is crucial for safe human-robot interaction.

Effective and interpretable task and motion planning in human environments

requires addressing two fundamental challenges: integrating environmental

affordances and auxiliary objects into sequential manipulation strate-

gies and ensuring transparency in the robot’s decision-making process

about environmental interactions.

To address these challenges, we introduce Interpretable Responsibility

Sharing (IRS), a novel planning framework that systematically incorporates

environmental aids while maintaining transparent decision-making (Figure 1.2).

This work is submitted to the Planning and Learning for Autonomous Robotics

special issue of the Robotics and Autonomous Systems journal with the name

“Interpretable Responsibility Sharing as a Heuristic for Task and Motion Plan-

ning” [26]. IRS builds on the observation that human environments contain

carefully positioned auxiliary objects that facilitate task completion. This en-

vironmental structure—reflecting how humans organize their spaces to enable

efficient task execution—forms the foundation for our approach to robot manip-

ulation planning.

Central to our framework is the concept of Responsibility Sharing (RS),

which formalizes how robots can leverage environmental affordances in task exe-

cution. In household environments, robots can either manipulate objects directly

4



or utilize auxiliary objects as environmental aids. For example, when transport-

ing multiple items, rather than moving each object individually, the robot can

use a tray to carry several objects simultaneously. This approach naturally de-

composes complex tasks into simpler sequences: first gathering objects onto the

tray, then transporting the loaded tray to its destination. Such decomposition

aligns with how humans naturally structure and execute complex tasks in their

environments.

A key distinction of our approach is its focus on optional environmental af-

fordances rather than mandatory tools. While auxiliary objects like trays can

enhance task efficiency, they aren’t required for task completion. This optional

nature presents unique challenges for existing TAMP approaches: uninformed

planners struggle with the increased complexity of considering auxiliary objects,

while informed approaches often lack the flexibility to recognize and effectively

utilize these environmental opportunities. To address these challenges, we develop

Optimized Rule Synthesis (ORS), a novel decision-making framework that

enables robots to systematically evaluate when and how to utilize environmental

affordances based on formal task specifications.

ORS operates through two fundamental components: Representative Rule-

Based Learner (RRL) [27] and Correlation and Order-Aware Rule Learning

(CARL) [28]. These components form the foundation of ORS:

1. RRL: This component identifies patterns and relationships between ac-

tions and object states using system data. It establishes the basic rules

that guide the robot’s decision-making, creating a structured framework

for environmental interaction.

2. CARL: Building on RRL, CARL introduces sensitivity to the order of

actions and the dependencies between different object states. This ensures

that the generated rules remain logically consistent while adapting to chang-

ing and dynamic environments.
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By integrating these previously introduced components using a novel opti-

mization based approach, ORS provides a robust mechanism for predicting and

justifying the use of auxiliary objects in various scenarios. This approach inte-

grates rule components from different modules to enhance interpretability without

compromising accuracy and applies state-of-the-art rule-based learning concepts

to assist task and motion planning (TAMP) decision-making. This enhances

the adaptability and interpretability of robotic systems operating in household

environments.

ORS is trained using a counterfactual dataset created through Counterfac-

tual Plan Generation (CPG), which ensures that the performance impact of

auxiliary objects is accurately represented. This training enables ORS to deter-

mine when and how to use these objects effectively and transparently, improving

decision-making in real-world applications. Together with Responsibility Shar-

ing (RS), ORS forms the core of the Interpretable Responsibility Sharing (IRS)

framework, which enhances the efficiency and interpretability of Task and Motion

Planning (TAMP), especially in limited data domains such as domestic robotics.

This work contributes to the field in the following ways:

• Interpretable Responsibility Sharing (IRS): A heuristic for TAMP

that leverages human-inspired environmental affordances to improve both

the effectiveness and interpretability of robotic agents in manipulation

tasks.

• Optimized Rule Synthesis (ORS): A rule-based framework that system-

atically determines when and how auxiliary objects should be used across

multiple tasks based on environmental conditions.

• Counterfactual Dataset: A dataset structured in first-order logic,

demonstrating the benefits of auxiliary object usage in robotic scenarios

and enabling systematic evaluation.

We evaluate IRS through three representative TAMP tasks designed for domes-

tic robots: serving, pouring, and handover. In the serving task, robots transport
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objects to their designated locations using auxiliary objects like trays for effi-

ciency. The pouring task involves distributing a liquid source into containers at

different locations, where objects such as pitchers and trays are employed. Fi-

nally, the handover task explores the use of a stationary robot as an auxiliary

object, demonstrating the framework’s application in multi-robot setups. Ad-

ditionally, a human experiment is conducted to investigate how Responsibility

Sharing (RS) is reflected in human decision-making. Through qualitative and

quantitative evaluations, including ablation studies, we validate the effectiveness

and interpretability of our approach, highlighting its potential for practical de-

ployment in human-centric environments.
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Chapter 2

Related Work

2.1 Task and Motion Planning

Task and Motion Planning (TAMP) involves jointly addressing high-level sym-

bolic action planning and low-level motion planning, bridging the gap between

abstract goals and executable robotic actions [3, 10, 29]. TAMP frameworks typ-

ically define tasks using a combination of symbolic actions, states, and physical

constraints, with objectives represented as either symbolic or physical goals. To

achieve these goals, planners identify feasible sequences of high-level actions that

are grounded in the robot’s motion capabilities.

The evolution of TAMP methods reflects increasing complexity in handling

diverse scenarios. Early approaches followed linear, flow-like processes [30, 31],

while more recent methods incorporate interleaved symbolic and motion planning

to ensure the feasibility of proposed plans [4, 5, 32, 33]. Despite these advance-

ments, scalability remains a significant challenge, particularly in scenarios with

large action and state spaces. This limitation constrains the ability of planners

to adapt to long-horizon and complex tasks, a recurring issue highlighted in prior

work [34, 35].
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To address these challenges, researchers have explored various strategies.

Heuristic-guided search methods [17, 36, 37] aim to reduce the computa-

tional burden by prioritizing promising action sequences. Another common ap-

proach is decomposing the original problem into smaller, more manageable sub-

problems [38, 39, 40]. While effective to some extent, these strategies often over-

look the potential of leveraging the environment itself as a resource to simplify

task execution.

Our research builds on these foundations by introducing a novel perspective

that integrates environmental affordances into TAMP. Specifically, we propose

the concept of Responsibility Sharing (RS), which formalizes how auxiliary ob-

jects within human-designed environments can be utilized to improve planning

efficiency and adaptability. By decomposing tasks based on environmental op-

portunities, RS provides a systematic method to address scalability while align-

ing robotic behavior with human-inspired strategies. This approach not only

improves performance but also enhances interpretability, making it particularly

suited for applications in domestic settings.

2.2 Rule-Based and Advanced Knowledge Graph

Reasoning Methods

2.2.1 Rule-Based

Traditional rule-based models, such as decision trees, rule lists, and rule sets, are

valued for their transparency and ease of interpretation [41, 42, 43]. However,

these models often face challenges when applied to large and complex datasets,

as their reliance on heuristic-based rule generation or exhaustive itemset mining

makes them time-consuming and less effective at generalizing to new data. To

address these limitations, ensemble methods like Random Forests and Gradient

Boosted Decision Trees have been developed [44]. These approaches combine
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multiple sub-models to improve prediction accuracy, but their increased com-

plexity can make them less interpretable, which poses challenges in contexts such

as robotics, where understanding decision-making processes is critical [45].

2.2.2 Gradient-Based Discrete Model Training

To overcome the difficulties in training rule-based models, gradient-based ap-

proaches such as the Straight-Through Estimator (STE) and Gradient Grafting

have been proposed [46, 47]. These methods are designed to optimize binary

or quantized neural networks, enabling more efficient training and deployment

without sacrificing the structure and interpretability associated with rule-based

logic [48]. By integrating gradients from both discrete and continuous data rep-

resentations, these methods enhance the overall performance and scalability of

such models.

Inductive Logic Programming (ILP) offers another avenue for rule generation

by deriving logical rules from observed data and background knowledge [49].

While ILP produces interpretable and verifiable rules, its scalability and resilience

to noisy data remain key challenges. Similarly, path-based reasoning, which infers

general rules from specific examples, provides precise insights but often struggles

to generalize effectively [50, 51].

2.2.3 Advanced Knowledge Graph Reasoning Methods

Knowledge graph embeddings represent a shift towards more computationally

efficient reasoning. Techniques such as TransE, DistMult, and RotateE en-

code entities and their relationships into vector spaces, enabling faster reason-

ing [52, 53, 54]. However, these embeddings are typically less interpretable,

making them less suitable for tasks requiring transparency. Neural-symbolic ap-

proaches attempt to bridge this gap by combining the logical reasoning capabil-

ities of symbolic systems with the computational power of neural networks [55].
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By applying symbolic constraints to neural network embeddings, these meth-

ods retain a degree of interpretability while improving model performance and

efficiency.

The progression from traditional rule-based systems to advanced knowledge

graph reasoning reflects an ongoing effort to balance interpretability and com-

putational efficiency. Traditional models like ILP and decision trees offer clarity

but struggle with scalability, while neural-symbolic and embedding-based meth-

ods address these issues at the expense of full transparency. Our approach with

IRS seeks to integrate the strengths of these methodologies, using symbolic rea-

soning to enhance interpretability while leveraging machine learning to improve

adaptability and efficiency across diverse tasks. This balance ensures that our

models remain both practical and understandable, particularly in applications

where transparency is critical.

2.3 Interpretability in Robotics

Interpretability in robotics is essential for ensuring that robots can provide trans-

parent and understandable explanations for their actions, especially in domestic

and collaborative settings. This is critical for fostering trust, safety, and user

acceptance, as robots become more integrated into everyday life [56, 57, 58]. To

achieve interpretability, various approaches have been explored, including rule-

based systems and advanced machine learning methods.

One common approach is the use of fuzzy rule-based methods, which em-

ploy fuzzy logic to handle uncertainty and ambiguity in robotic decision-

making [59, 60, 61]. These methods generate rules based on either expert knowl-

edge or data-driven learning, enabling robots to make decisions in environments

with partial or uncertain information. However, as the number of rules and the

complexity of their membership functions increase, the interpretability of these

systems tends to decline [62]. Additionally, while fuzzy logic effectively manages
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“partial truths” its detailed nature can make it harder to trace the decision-

making process compared to simpler, binary logic systems [63].

Graph Neural Networks (GNNs) represent another approach, particularly for

tasks requiring the management of complex relationships, such as robotic ma-

nipulation. GNNs model entities and their interactions as relational data, of-

fering a way to generalize tasks while maintaining some level of interpretabil-

ity [64, 65, 66]. Despite their potential, GNNs face limitations, including a reliance

on large datasets and high computational demands, which can pose challenges

for real-time robotic applications.

Our approach, Interpretable Responsibility Sharing (IRS), addresses these lim-

itations by emphasizing a human-centric design that leverages the inherent biases

and structured organization of human environments. IRS adopts a rule-based

framework that is computationally more efficient than graph-based methods like

GNNs, making it suitable for real-time applications. By breaking down complex

tasks into manageable sub-tasks and utilizing Optimized Rule Synthesis (ORS)

for rule generation, IRS ensures that every decision is both transparent and effec-

tive. This structured yet flexible approach enhances interpretability and aligns

well with the requirements of task and motion planning in domestic settings,

where clarity and efficiency are paramount.
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Chapter 3

Background

Interpretable Responsibility Sharing (IRS) functions as a heuristic for Task and

Motion Planning (TAMP). In this study, Logic Geometric Programming (LGP)

and Multi-Bound Tree Search (MBTS) were utilized to address TAMP prob-

lems [4, 67]. The dataset construction process involved creating counterfactual

scenarios and evaluating them using Individual Treatment Effect (ITE) to iden-

tify the more favorable scenario [68]. The core components of Optimized Rule

Synthesis (ORS) are the Representative Rule-Based Learner (RRL) [27] and Cor-

relation and Order-Aware Rule Learning (CARL) [28], both of which contribute

to the interpretability of responsibility sharing. This section provides a concise

overview of these foundational concepts.

3.1 Logic-Geometric Programming

Logic-Geometric Programming (LGP) serves as a foundational framework for

addressing TAMP problems. In this subsection, we outline the optimization

strategy employed in LGP, as formulated in Equation 3.1 [4]. The configuration

space X ⊂ Rn × SE(3)m represents m rigid objects and n articulated joints,

starting from an initial condition x0. The objective of LGP is to optimize a

13



sequence of symbolic actions a1:K , symbolic states s1:K , and the corresponding

continuous trajectory x(t), where t ∈ R maps to X, in order to achieve a symbolic

goal g. Positions, velocities, and accelerations are denoted collectively by x̄ =

(x, ẋ, ẍ). The domain of symbolic states s ∈ S and actions a ∈ A(s) is discrete

and finite, with state transitions sk−1 → sk defined in a first-order logic language

similar to PDDL.

min
x,s1:K ,a1:K ,K

∫ KT

0

c(x̄(t), sk(t)) dt

s.t. x̄(0) = x0,

∀t ∈ [0, KT ] : hpath(x̄(t), sk(t)) = 0,

gpath(x̄(t), sk(t)) ≤ 0,

∀k ∈ {1, . . . , K} : hswitch(x̄(tk), ak) = 0,

gswitch(x̄(tk), ak) ≤ 0,

ak ∈ A(sk−1),

sk ∈ succ(sk−1, ak),

sK ∈ Sgoal(g).

(3.1)

For any given sequence of actions a1:K and states s1:K , the functions h(·), g(·),
and c(·) are continuous and piecewise differentiable. Optimizing the trajectory

involves solving a nonlinear program (NLP). LGP integrates discrete symbolic

search—focused on determining a sequence of symbolic states leading to the

goal—with nonlinear optimization to compute feasible trajectories that satisfy

the defined constraints. This combined approach ensures that the feasibility of

symbolic actions can be evaluated in a continuous space, enabling trajectories to

adhere to both symbolic and geometric constraints simultaneously.
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3.2 Multi-Bound Tree Search

The discrete components of the LGP formulation, as described in Equation 3.1,

result in a decision tree consisting of sequences of symbolic states originating from

s0. Leaf nodes where s ∈ Sgoal(g) are identified as potential solutions, representing

goal states sg. To evaluate the feasibility of each pathway, the Nonlinear Program

(NLP) corresponding to the sequence of states from the root to the evaluated node

must be solved. However, this process can be computationally intensive due to

the large number of NLPs that need consideration.

To mitigate this computational burden, Multi-Bound Tree Search (MBTS)

is employed, which addresses the problem by first solving relaxed versions of

Equation 3.1 [67]. These relaxed instances provide computationally efficient lower

bounds for the feasibility of the original NLP, as feasibility in the relaxed case is

a necessary condition for the feasibility of the corresponding full problem.

For this work, we utilize two specific bounds:

• Pseq: Represents the joint optimization of the mode switches along the

sequence.

• Ppath: Corresponds to the complete motion planning problem, encompass-

ing both symbolic and continuous constraints.

By sequentially resolving these relaxed problems, MBTS reduces the overall

computational cost while maintaining the ability to identify feasible solutions

effectively. This approach allows for the efficient pruning of infeasible pathways

within the decision tree, enabling a more scalable solution to TAMP problems.
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3.3 Counterfactual Scenarios and Individual

Treatment Effect

A counterfactual scenario considers the outcome that would have been observed

if a given sample had experienced a different treatment condition [68, 69]. In

settings with binary treatments, the counterfactual outcome Y ′ can be expressed

as Y ′ = Y (W = 1 − w), where w is the treatment the sample actually re-

ceived. Under deterministic transition dynamics and a fixed planner, a unique

plan is produced from any given set of initial conditions, since the resulting tra-

jectory and outcome are fully determined by those conditions and the selected

planning strategy. In this work, we construct counterfactual plans, denoted P ′,

by introducing auxiliary objects and examining how this modification influences

outcomes. Through such comparisons, it becomes possible to isolate the effect of

including auxiliary elements and gain insights into their role within the planning

process.

The treatment effect measures how an intervention alters an outcome of inter-

est. In the context of this study, we investigate whether incorporating auxiliary

objects enhances agent performance [68, 69]. Since each scenario may respond

differently to the treatment, we use the Individual Treatment Effect (ITE) to cap-

ture scenario-specific outcome differences. The ITE for a single sample is defined

as:

ITEi = Yi(W = 1)− Yi(W = 0). (3.2)

In non-deterministic environments, Yi represents the expected outcome under

a particular treatment for that sample, while in deterministic settings, Yi may

represent any suitable deterministic metric of the outcome.

3.4 Rule-Based Representation Learner

The Rule-Based Representation Learner (RRL) [27] is designed to balance scala-

bility and interpretability by utilizing non-fuzzy rules for data representation and

16



classification. To achieve this, RRL introduces a novel training method called

Gradient Grafting, which enables effective training of discrete models. The hi-

erarchical structure of RRL consists of layers dedicated to feature discretization,

rule-based representation, and evaluation of rule importance. Logical activation

functions within RRL transform multiplications into additions through the use

of logarithms, thereby addressing the vanishing gradient problem commonly ob-

served in neural networks.

The binarization layer in RRL discretizes continuous features into bins, allow-

ing for end-to-end feature representation. Gradient Grafting, the central training

mechanism, combines gradient information from both continuous and discrete

parameter spaces, optimizing the training process for models operating in these

hybrid domains. The Gradient Grafting equation [27] illustrates this mechanism:

ĝ = gcontinuous × I(σlogical(x) ≥ 0.5) + gdiscrete × (1− I(σlogical(x) ≥ 0.5)), (3.3)

where I(·) is an indicator function. This equation determines the effective

gradient ĝ for parameter updates during training. It uses the output of the logical

activation function σlogical to decide whether to apply the gradient for continuous

parameters (gcontinuous) or discrete parameters (gdiscrete). If σlogical(x) ≥ 0.5, the

continuous gradient is used; otherwise, the discrete gradient is applied.

This method enables seamless integration of learning across continuous and

discrete parameter spaces, improving both the efficiency and effectiveness of the

training process. By leveraging Gradient Grafting, RRL maintains the inter-

pretability of rule-based learning while benefiting from the adaptability and ro-

bustness of gradient-based optimization techniques. This combination makes

RRL a powerful tool for scalable and interpretable data representation in rule-

based systems.
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3.5 Correlation and Order-Aware Rule Learn-

ing

Correlation and Order-Aware Rule Learning (CARL) [28] aims to identify logical

rules that are both semantically rich and order-sensitive. By ensuring that each

relation in a rule is aware of the others in its context and preserving the sequence

in which those relations appear, CARL is able to capture deeper semantic struc-

tures. Its training objective focuses on maintaining semantic consistency between

the rule body and the rule head.

A key component of CARL is the Correlation Module, which employs a multi-

head attention mechanism to identify “active relations” among domain relations.

By emphasizing only the most relevant correlations, it reduces computational

overhead. This selective focus is guided by semantic consistency, allowing the

model to retain the most meaningful relations rather than being distracted by

irrelevant ones.

Path sampling in CARL is performed using a random walk-based sampler that

extracts closed paths from the knowledge graph, thus forming a pool of candidate

rules. To preserve the order of relations within a rule, CARL utilizes positional

encoding. This approach assigns position-dependent vectors to each relation,

derived from sine and cosine functions:

PEpos,2i = sin

(
pos

10000
2i

dmodel

)
, PEpos,2i+1 = cos

(
pos

10000
2i

dmodel

)
(3.4)

where pos is the position of the relation within the rule and dmodel is the model

dimension. These trigonometric functions yield position-specific vectors that en-

able the model to distinguish between multiple occurrences of the same relation

in different positions, thereby encoding order-sensitive information.

The Semantic Learner component further refines the rule body by iteratively

merging and abstracting relations. A Multi-Head Attention mechanism:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V (3.5)
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enables the model to focus on the most relevant relations within the rule. Here,

Q, K, and V represent the queries, keys, and values, respectively, and dk is

the dimension of the keys. By refining the rule body through iterative merging

guided by attention, CARL enriches the semantic representation and ensures that

important logical sequences are not lost.

The model’s training objective is to maximize the semantic consistency be-

tween the rule body and the rule head:

L = −
∑

(rb,rh)∈Z

|R|∑
k=0

vrhk log θzk, (3.6)

where Z denotes the set of rule pairs, R is the set of all relations, vrh is a one-hot

vector indicating the correct rule head, and θz represents the learned probabilities

for each candidate rule. This objective encourages CARL to produce high-quality

rules whose heads are well-aligned with their bodies.

By combining semantic consistency, order-awareness, and efficient attention-

based selection of relevant relations, CARL provides a robust framework for ex-

tracting and learning complex logical rules from structured data. This approach

leads to more accurate and meaningful interpretations within knowledge graphs,

ultimately improving the quality of inferred relationships.
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Chapter 4

Methodology

We leverage human biases inherent in sequential decision-making and manipula-

tion tasks while maintaining interpretability. Human-constructed environments

naturally embed these biases, as they are organized to facilitate task efficiency.

In our approach, this is formalized as Responsibility Sharing (RS). RS pro-

vides a framework for dividing complex manipulation problems into smaller, more

manageable sub-problems by incorporating auxiliary objects commonly found

in household environments. These objects, while not strictly necessary, can be

strategically utilized to simplify tasks.

For instance, instead of directly holding an object, an agent might use a bag,

thereby delegating part of the responsibility for holding the object to the bag.

Such delegation enables the agent to focus on other aspects of the task, effec-

tively reducing complexity. By employing RS, the agent capitalizes on the in-

ductive biases inherent in human-constructed environments to improve efficiency

and adaptability in manipulation scenarios.

To determine when and how to utilize auxiliary objects effectively, an inter-

pretable model called Optimized Rule Synthesis (ORS) is introduced. ORS

generates actionable rules that define the conditions under which the agent should

delegate responsibilities to these objects. The model’s interpretability ensures
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that its decision-making process remains transparent and aligns with human-like

reasoning.

To support ORS, Counterfactual Plan Generation (CPG) is employed to

construct a dataset that quantifies the impact of auxiliary objects on task per-

formance. This dataset captures counterfactual scenarios, enabling the system

to identify conditions where leveraging auxiliary objects leads to measurable per-

formance improvements. By focusing on scenarios where auxiliary object usage

enhances task outcomes, this approach ensures the robustness and efficiency of

the agent’s strategies.

Together, RS and ORS, supported by CPG, enable a holistic approach to

Task and Motion Planning (TAMP) that integrates environmental affordances.

This method enhances task effectiveness and maintains interpretability, making it

particularly suited for applications in domestic and human-centric environments.

The following subsections detail the components of this methodology and the

problem setup used.

4.1 Problem Setup

We consider fully observable domains where the symbolic state space is defined

using first-order logic S, alongside a configuration space X, an action space A,

and a deterministic transition function δ : S × A → S. A finite set of goals G

is assumed, where each g ∈ G is a binary condition function g : S → {0, 1},
determining whether a symbolic state is a goal state Sgoal(g) or sg. The objective

is to transition from an initial state s0 to a goal state sg by following a task plan

P = {a1, a2, ..., aT}, where T is the number of actions required to reach the goal.

In line with prior TAMP formulations [3, 4, 5, 70], we perform a search over

the symbolic state space S starting from the initial state s0 to identify a valid

task plan. This search can be either guided or unguided. IRS, as a heuristic,

operates independently of the underlying exploration strategy, as it guides the
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search by dividing the problem into sub-problems. For this study, a logically

unguided search was used to identify task plans.

Our approach incorporates the concept of responsibility sharing, allowing the

agent to utilize auxiliary, non-mandatory objects when their use is inferred to

improve task performance. The original problem is decomposed into sub-problems

Ψ, where each sub-problem specifies the use of auxiliary objects (e.g., first place

objects on a tray, then transport the tray to the target location). These sub-

problems are defined by a subset of actions, Aψ ⊂ A, and corresponding sub-goal

states, Sgoal(gψ). The overall objective remains unchanged but includes additional

requirements to satisfy each sub-goal state where auxiliary objects are employed.

To decide when auxiliary objects should be utilized, we propose a rule-based

decision-making mechanism, ORS. ORS is trained using a dataset D generated

by the CPG process. This dataset includes initial and goal state descriptions, ex-

pressed in first-order logic (e.g., tray on table or picked gripper obj), along

with labels indicating whether using auxiliary objects would enhance the agent’s

performance. ORS is trained on multiple tasks simultaneously, producing a set

of rules Sc that define the appropriate conditions for using auxiliary objects in a

given environment.

IRS leverages these rules to determine when responsibility sharing should be

applied as a heuristic. By doing so, the agent improves both its effectiveness

and interpretability, benefiting from human biases when they are inferred to be

advantageous for task completion.

4.2 Counterfactual Plan Generation

Counterfactual Plan Generation (CPG) is designed to create sequential task plans

that incorporate the auxiliary objects available in the environment (Figure 4.1).

This process is carried out in three main steps:
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Figure 4.1: Counterfactual Plan Generation (CPG) for Dataset Construction

4.2.1 Generating a Feasible Plan

Sequential decision-making and manipulation problems are characterized by log-

ical states, actions, goals, and physical constraints. In line with the TAMP for-

mulation, the agent performs a search within the state space guided by a tran-

sition function, s′ = δ(s, a). Beginning from the initial state s0, the search algo-

rithm expands through successive actions at, transitioning to subsequent states

s′, and ultimately reaching a goal state sg. This process produces a series of

actions described by the formulation in Equation 3.1, resulting in a task plan

P = {a1, a2, ..., aT}, where T is the total number of actions required to transition

from the initial state to the goal state.

For this search, CPG employs Multi-Bound Tree Search (MBTS) [67], as de-

scribed in Section 3.2. MBTS is selected for its domain-agnostic nature and its

ability to account for geometric constraints, making it particularly effective for

generating feasible task plans in these scenarios.

4.2.2 Generating a Counterfactual Plan

Once a real plan is generated, a counterfactual plan is constructed to evaluate how

the introduction of auxiliary objects, and thus responsibility sharing, would alter
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the task execution. This step involves starting from the same initial state s0, using

the same transition function δ and search method (uninformed), but introducing

an additional sub-goal si that satisfies the responsibility sharing conditions. For

example, if a tray is used to carry objects, the sub-goal si ensures that the objects

are first placed on the tray.

The search then progresses from s0 through the intermediate state si to the

goal state sg, producing a counterfactual task plan P ′ = {a1, a2, ..., aT ′}, where T ′

represents the number of actions needed to reach sg while employing responsibility

sharing. This counterfactual plan allows the agent to consider how auxiliary

objects can enhance task execution by breaking the task into manageable sub-

goals.

4.2.3 Dataset Construction

The first two steps are repeated to generate multiple pairs of real and counterfac-

tual plans, P and P ′, for various initial and goal states, s0 and sg. To evaluate

which plan performs better, we employ Individual Treatment Effect (ITE) as

formulated in Equation 3.2. Performance is assessed using the L2 norm for the

serving and pouring tasks, while the Manhattan distance is used for the handover

task, given the presence of obstacles in the environment.

Based on this evaluation, the more effective plan P ∗ is selected from each

pair and used as a binary label l for the corresponding initial and goal state

pair. The label is positive if the use of auxiliary objects improves performance

and negative otherwise. These labeled pairs are compiled into a dataset, D =

{(s1o, s1g, l1), ..., (sno , sng , ln)}, where n represents the number of generated problems.

This dataset is then used to train the ORS model, enabling it to identify when

and how auxiliary objects should be utilized to optimize task performance.
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Figure 4.2: Optimized Rule Synthesis (ORS) for Generating Responsibility Shar-
ing (RS) Conditions

4.3 Optimized Rule Synthesis (ORS)

Optimized Rule Synthesis (ORS) generates rule sets for an embodied agent to

determine when and how to share responsibility with auxiliary objects in the

environment (Figure 4.2). ORS builds on the outputs of two rule-learning

methods—Rule-based Representative Learner (RRL)[27] and Correlation and

Order-Aware Rule Learning (CARL)[28]—and integrates their rules into a sin-

gle, cohesive framework (Sections 3.4 and 3.5). The integration logic involves

parsing raw rules, enumerating all possible combinations of them, and evaluating

these combinations on given data samples. Each rule combination is scored based

on the confidence of its predictions, and the highest-performing sets of rules are

selected.

Within this integrated approach, the rules are assessed against the initial state

s0 and the goal state sg across all tasks and environments. By iteratively matching

rule combinations to the data, ORS identifies a set of conditions under which

responsibility sharing should occur. This process enhances the generalizability of

ORS beyond standard informed search approaches, as it relies on learned rules

that capture both semantic depth and logical order.

The rule evaluation process checks whether s0 and sg satisfy all conditions of a

given rule. Logical operators such as AND and OR determine whether a sample

should receive a predicted label (e.g., indicating that auxiliary objects should be

used, as described in Section 4.2.3). A confidence score is assigned based on the

fraction of conditions met:

Confidence =
Number of conditions satisfied

Total number of conditions
. (4.1)
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Two key considerations guide ORS: accuracy and interpretability. Accuracy

measures how often the rule-based predictions are correct:

Accuracy =
True Positives + True Negatives

Total number of samples
. (4.2)

Interpretability relates to the complexity and understandability of the rule set.

Generally, simpler rule sets are easier to interpret, which often corresponds to

fewer conditions per rule [71].

ORS balances accuracy and interpretability using a validation set. Through

iterative testing and refinement, ORS identifies a set of rules that achieve a favor-

able trade-off. Starting from minimal rule complexity and progressively increasing

it, ORS evaluates combinations of conditions to find an optimal Balance Score:

Balance Score = α× Accuracy + (1− α)× Interpretability, (4.3)

where α = 0.5. ORS uses the validation set to systematically adjust the complex-

ity of the rules until it arrives at an optimal balance between these two factors.

This optimization involves generating and testing all possible rule combina-

tions, incrementally increasing the minimum number of conditions from a low

threshold up to the total number of available conditions. Each iteration updates

the rule sets based on performance metrics and retains a record of outcomes for

further analysis. Multiple iterations refine the approach, improving the model’s

adaptability and effectiveness for decision-making in complex environments.

During the evaluation phase, the selected rule combinations are applied to

the dataset. Their performance is recorded and sorted by confidence. If ORS

determines that auxiliary objects should be used, it returns predefined object

usages to guide sub-problems Ψ for the IRS framework. For instance, if the

environment includes a tray that benefits a particular scenario, ORS may specify

that objects be placed on the tray and the tray moved to the final position. This

usage is formulated in first-order logic: if s0 = 4 objects and sg = objects on

table, then Ψ = objects on tray, tray on table.

Algorithm 1 presents the complete ORS procedure. Initially, rules are ob-

tained from CARL and RRL. Data are split into training, validation, and test
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sets. ORS then repeatedly generates candidate rule sets and identifies the optimal

number of components for these rules. If the resulting rule set judge that initial

and goal states satisfy conditions for responsibility sharing, the predefined usages

of auxiliary objects are returned. Ultimately, ORS outputs a set of conditions Sc

for responsibility sharing and a set of sub-problems Ψ for the IRS framework.

Algorithm 1 Optimized Rule Synthesis

1: Input: Dataset D, initial state s0, goal state sg
2: Output: Set of sub-problems Ψ, set of conditions for Responsibility Sharing (RS) Sc

3: function Optimized Rule Synthesis(D, s0, sg)
4: AllRuleConditions← CARL(D) + RRL(D) ▷ Rules from CARL and RRL.
5: Ψ← ∅
6: for iteration← 1 to β do ▷ Perform the process β times (e.g. β = 10).
7: train, val, test← SplitData(D)
8: GeneratedRules←GeneratingRules(train,AllRuleConditions, iteration)
9: Append(OptimalRuleSet,FindBestMinComponent(val,GeneratedRules))
10: end for
11: Sc ≡ OptimalRuleSet
12: if s0 ∪ sg ∈ OptimalRuleSet then Ψ← ObjectUsage(s0)
13: end if
14: return Ψ, Sc

15: end function

4.4 Interpretable Responsibility Sharing as a

Heuristic

We introduce a heuristic-based, interpretable formulation that guides symbolic

task search by incorporating human biases often present in sequential decision-

making and manipulation tasks. Our heuristics build on the concept of Respon-

sibility Sharing (RS) to partition the original problem into sub-problems when it

benefits the embodied agent’s performance. To achieve this, we integrate our ap-

proach with Logic-Geometric Programming (LGP)[4] and use Multi-Bound Tree

Search (MBTS)[67] for task planning. This integration leverages the strengths of

both frameworks while keeping IRS independent of the underlying search mecha-

nism, ensuring that it can be combined with any search heuristic that is beneficial

for a given task.
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As described in Section 4.3, ORS produces logical rules based on the initial

state s0 and the goal state sg, specifying when the agent should share respon-

sibility with auxiliary objects. If auxiliary objects are used, sub-goals naturally

emerge from their preconditions. For instance, if the agent uses a tray to trans-

port objects, placing the objects on the tray is a prerequisite. These intuitive

sub-goals guide the agent’s operation.

Following the CPG motivation in Section 4.2.2, if the agent decides to use

auxiliary objects, it creates a task plan that includes these objects by incorpo-

rating sub-goals defined by their respective preconditions. Using the transition

function δ, the agent employs MBTS to expand from s0 until it reaches sg while

satisfying intermediate sub-goals si. The number of sub-goals depends on the

number of auxiliary objects. Although, introducing sub-goals can generate more

plans—treating each sequence from a state to a sub-goal as a distinct plan—this

approach is computationally expensive. The additional complexity arises because

geometric evaluations dominate the runtime of combined task and motion plan-

ning approaches, and minimizing these calls is crucial for efficiency [17].

To maintain efficiency, our approach defers the MBTS bounds as discussed in

Section 3.2. This is essential because including multiple sub-goals increases the

need for nonlinear optimizer calls. We prioritize Pseq to optimize mode-switch

sequences (e.g., from free space movement to object grasping) and defer Ppath,

which represents the full problem (including kinematics, dynamics, and collision

checks), until a complete sequence is determined. While this deferral approach is

not novel, it is necessary. In the original LGP formulation (Equation 3.1), bounds

are solved sequentially for a single joint optimization problem. A solution to the

lower bounds must be found before moving on to the higher bound. In our

formulation, however, auxiliary object-dependent sub-goals yield multiple plans.

We avoid solving the joint motion repeatedly by using previously found mode-

switch sequences to solve the full motion plan only once. These adaptations

require modifications to the existing LGP formulation.
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min
x,s1:Kψ ,a1:Kψ ,Kψ

Ψ∑
ψ=1

Kψ∑
k=1

∫ Tk

Tk−1

c(x̄(t), sk(t)) dt

s.t. x̄(0) =

x0 if ψ = 1

xTKψ−1
otherwise

∀k ∈ {1, . . . , Kψ} : hswitch(x̄(tk), ak) = 0,

gswitch(x̄(tk), ak) ≤ 0,

ak ∈ Aψ(sk−1),

sk ∈ succ(sk−1, ak),

sKψ ∈ Sgoal(gψ).

(4.4)

Our Mini-LGP formulation, shown in Equation 4.4, divides the problem into

Ψ sub-problems, where |Ψ| = 2m for m auxiliary objects. Half of these sub-

problems focus on achieving the conditions required to use the objects (e.g., filling

a pitcher or placing objects on a tray), while the remaining half execute the shared

responsibility tasks. Each sub-problem is defined and optimized jointly via Mini-

LGP. The initial configuration x̄(0) is either x0 for the first sub-problem or the

terminal state from the previous sub-problem. The action set Aψ and sub-goal

states Sgoal(gψ) are sub-problem-specific, ensuring that actions and goals remain

contextually appropriate (e.g., a tray cannot be used to fill glasses).

While the core principles of LGP remain intact, we introduce these adjust-

ments to incorporate auxiliary objects and align with human biases reflected in

the first-order logic definitions. If a solution to Equation 4.4 exists, our formu-

lation successfully constructs a task plan using IRS as a heuristic with relaxed

constraints. Then, we solve the complete motion problem Ppath using the mode-

switch sequences Pseq identified earlier. The full IRS algorithm is presented in

Algorithm 2.

In summary, ORS first uses CPG-generated counterfactual plan data to pro-

duce rules that specify when to employ RS via auxiliary objects. It also returns

a set of sub-problems, Ψ, each associated with a particular auxiliary object. We
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Algorithm 2 Interpretable Responsibility Sharing as a Heuristic

1: Input: Dataset D, initial state s0, initial kin. configuration x0 ∈ X, goal state sg
2: Output: Motion plan Ppath

3: function Interpretable Responsibility Sharing(D, s0, x0, sg)
4: SequenceFound← false
5: PathFound← false
6: Set of sub-problems Ψ, set of conditions for RS Sc ← ORS(D)
7: if s0 ∪ sg ∈ {y ∈ X|∀Ci ∈ Sc, Ci(y)} then
8: repeat
9: repeat
10: Pseq ← solveMini-LGP(s0, x0, sg,Ψ)
11: if Pseq then SeqeunceFound← true
12: end if
13: until SequenceFound
14: Ppath ← solvePathWithSequence(s0, x0, sg, Pseq)
15: if Ppath then PathFound← true
16: end if
17: until PathFound
18: else
19: repeat
20: Ppath ← solvePath(s0, x0, sg)
21: if Ppath then PathFound← true
22: end if
23: until PathFound
24: end if
25: return Ppath

26: end function

need not concern ourselves with the specifics of using these objects—the environ-

ment dictates their utilization. If the conditions generated by ORS are satisfied,

the Mini-LGP solver attempts to find a solution to the relaxed sequence problem.

If successful, we then solve the full motion planning problem using the precom-

puted mode-switch constraints. If the conditions are not met, indicating that

using auxiliary objects does not improve performance, we revert to the standard

LGP formulation to find a motion plan.

By integrating interpretable conditions from ORS, IRS leverages human-

inspired strategies and environmental affordances in sequential decision-making

and manipulation tasks, effectively guiding the TAMP formulation to enhance

the agent’s holistic performance.
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Chapter 5

Experiments

This section evaluates the effectiveness of Interpretable Responsibility Sharing

(IRS) as a heuristic for Task and Motion Planning (TAMP) and assesses the

interpretability of the Optimized Rule Synthesis (ORS) decision-making mecha-

nism. The experiments are designed to explore the following key aspects:

First, we compare IRS with baseline methods in completing a variety of house-

hold tasks. The evaluation focuses on the agent’s ability to minimize displace-

ment (a substitute for effort) and ORS’s effectiveness in determining the optimal

conditions for sharing responsibility with auxiliary objects. These comparisons

highlight the practical benefits of IRS in enhancing task efficiency.

Second, we investigate the alignment between human decision-making and

ORS by observing how humans utilize auxiliary objects during similar household

tasks. By comparing the object utilization strategies of humans and ORS, we

assess the degree to which ORS captures and leverages human biases embed-

ded in task organization and execution. This analysis validates IRS’s ability to

incorporate human-inspired decision-making into robotic systems.

Third, we conduct ablation studies to examine how the dynamic integration of

ORS impacts the balance between interpretability and accuracy. These studies
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provide insights into the trade-offs involved in maintaining interpretable rule-

based decision-making while achieving high task performance.

The experiments aim to demonstrate IRS’s holistic approach to leveraging en-

vironmental affordances and auxiliary objects, emphasizing its broader applica-

bility to real-world task planning scenarios and its alignment with human-centric

strategies.

5.1 Tasks, Baselines, and Evaluation Metrics

5.1.1 Tasks

(a) Serving Task (b) Pouring Task (c) Handover Task

(d) Human Experiments

Figure 5.1: Experimental settings used in simulation and human experiments. In
the simulations, a north sign identifies the tables mentioned in the task descrip-
tions.
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We evaluated IRS as a heuristic for task and motion planning across three dis-

tinct household tasks: serving, pouring, and handover. These tasks were modeled

in simulation environments as approximations of real-world robotic tasks. To en-

able the shared use of auxiliary objects across tasks, we employed an overlapping

set of environment descriptors, such as tableposition and objindex. Additionally,

to explore the parallels between human decision-making and IRS, we conducted

a series of human experiments modeled after the serving task to analyze how

humans utilize auxiliary objects when they offer practical benefits.

5.1.1.1 Serving

The serving task involves transporting a variable number of objects from their

initial positions to designated final destinations. The agent can use a tray as an

auxiliary object to share responsibility, making the task more efficient. The setup

features a mobile PR2 robot with a single active end effector and three tables—a

counter, a kitchen table, and a dining table—positioned to the south, east, and

north, respectively, to simulate a typical kitchen environment. While objects to

be transported are always placed on the counter, the location of the tray and

the final destination table vary across scenarios, altering the effective distance

between initial and goal positions. This task demonstrates how IRS adapts to

different arrangement scenarios (Figure 5.1a).

5.1.1.2 Pouring

In the pouring task, the agent, a mobile PR2 robot, must fill a variable number

of glasses with water. The agent can either fill each glass directly from a water

source or use a pitcher to distribute water among the glasses. As in the serving

task, three tables are positioned to the north, south, and west, while the water

source remains fixed at the east of the environment. The locations of the glasses

and pitcher vary, creating different distribution scenarios. This task highlights

IRS’s ability to optimize task performance through effective responsibility sharing

in various distribution scenarios (Figure 5.1b).
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5.1.1.3 Handover

The handover task extends the serving task by introducing a collaborative multi-

robot scenario. Here, objects must be transported from their initial positions to

final destinations within a U-shaped maze. The environment includes a station-

ary Franka robot positioned to assist the mobile PR2 robot. Instead of directly

delivering objects to their destinations, the PR2 agent hands them over to the

Franka robot, which completes the task. Objects can start at any table in the

north, south, or east and must reach a fixed final destination. This task demon-

strates how responsibility sharing can extend to multi-robot systems, reflecting

how humans collaborate by sharing responsibilities (Figure 5.1c).

5.1.1.4 Human Experiments

To explore the influence of human decision-making on IRS, we replicated a portion

of the serving task in a controlled experiment. Six participants were tasked with

transporting mugs to designated destinations, with a single tray available for use.

Participants received no specific guidance on using the tray and relied solely on

intuition to complete the task. While IRS is not intended as a direct model of

human sequential decision-making, observing when and how humans choose to

utilize auxiliary objects helps validate IRS’s ability to leverage human-inspired

strategies (Figure 5.1d).

5.1.2 Baselines

To evaluate the effectiveness of IRS, we compared it against several baseline

methods. The comparisons are structured as follows:

• Task and Motion Planning (TAMP) Baselines: - We first compare

IRS with Logic-Geometric Programming (LGP) [4, 70], which does not
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prioritize the use of auxiliary objects. - Additionally, we include a base-

line agent that always prioritizes using auxiliary objects. This compari-

son demonstrates that responsibility sharing depends on the environmental

context and highlights how IRS enhances existing TAMP formulations by

adaptively leveraging auxiliary objects.

• Decision-Making Performance Baselines: - The decision-making ca-

pabilities of ORS are compared with well-established machine learning mod-

els, including Artificial Neural Networks (ANN) [72], XGBoost [73], Sup-

port Vector Machines (SVM) [74], Logistic Regression [75], and Decision

Trees [76]. - Among these, ANN and Decision Trees represent two extremes

on the interpretability spectrum, providing a comprehensive range for com-

parison.

• Interpretable State-of-the-Art Methods: - The performance of ORS

is further compared with interpretable state-of-the-art methods, including

the Representative Rule-Based Learner (RRL) [27] and Correlation and

Order-Aware Rule Learning (CARL) [28].

These comparisons allow us to evaluate IRS’s impact on task planning and

motion formulation, as well as its ability to balance accuracy and interpretability

in decision-making. By benchmarking against both conventional machine learning

models and interpretable methods, we provide a comprehensive assessment of

IRS’s performance and its potential advantages in real-world applications.

5.1.3 Evaluation Metrics

To evaluate IRS and compare its performance with baseline methods and abla-

tions, we constructed a dataset following the process outlined in Section 4.2.3.

We applied a randomized split testing approach, repeated across five different

random seeds, incorporating all tasks collectively. The evaluation focused on the

following metrics:
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• Effort: This metric quantifies the total displacement of the robot’s joints

in the environment required to complete a task. It serves as a substitute for

the physical effort exerted by the robot, with lower effort indicating more

efficient task execution.

• Accuracy, Precision, Recall, and F1-Score: These metrics evaluate

the decision-making performance of IRS when used as a heuristic. They

assess the model’s ability to determine optimal conditions for responsibility

sharing and its overall effectiveness in task planning.

• Confidence: Confidence measures the interpretable model’s certainty in

its decision-making process. High confidence indicates consistent and ro-

bust predictions, which are crucial for reliable task planning in real-world

scenarios.

• Interpretability: This metric assesses the explainability of the model’s

decisions. It evaluates how well the rules generated by ORS can be un-

derstood and validated by humans, ensuring the model’s alignment with

human-centric design principles.

Results are reported as the mean and standard deviation across the randomized

folds to ensure robustness and generalizability. This comprehensive evaluation

framework captures both the operational efficiency of IRS and the quality of its

interpretability, providing insights into its effectiveness for real-world task and

motion planning scenarios.

5.2 Data Preprocessing

The data preprocessing step ensures compatibility with the requirements of both

the RRL and CARL models by structuring the data appropriately for their dis-

tinct methodologies.
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• RRL Model: RRL operates on structure-based data, emphasizing the re-

lationships and hierarchies between elements. To align with this framework,

the data is converted into binary conditions that represent the presence or

absence of specific features or relationships. This transformation allows the

rules derived from structured data to be directly integrated into the RRL

model.

• CARL Model: CARL utilizes a knowledge graph-based dataset, where

entities and their interrelations are represented as a network. For CARL,

the data is formatted as a knowledge graph, ensuring that relational and

positional dependencies are preserved. This graph-based structure enables

CARL to effectively capture the deeper semantic relationships necessary for

rule learning.

By tailoring the data preprocessing to the unique requirements of each model,

we ensure that the rules derived from structured datasets can be seamlessly in-

tegrated into both RRL and CARL frameworks, maintaining consistency and

interpretability across the models.

5.3 Results

5.3.1 Performance Comparison

Accuracy ↑ Precision ↑ Recall ↑ F1 Score ↑ Effort ↓

LGP - - - - 13.47 ± 6.21
Control - - - - 13.37 ± 5.83

Decision Tree 0.705 ± 0.054 0.717 ± 0.046 0.702 ± 0.056 0.696 ± 0.061 12.06 ± 5.69
Logistic Regression 0.720 ± 0.089 0.745 ± 0.080 0.726 ± 0.084 0.715 ± 0.091 11.80 ± 5.65

SVM 0.760 ± 0.093 0.781 ± 0.079 0.764 ± 0.084 0.756 ± 0.092 11.71 ± 5.52
XGBoost 0.755 ± 0.102 0.774 ± 0.092 0.752 ± 0.098 0.747 ± 0.104 11.97 ± 5.71

ANN 0.805 ± 0.069 0.817 ± 0.062 0.802 ± 0.070 0.800 ± 0.071 11.49 ± 5.35
RRL 0.781 ± 0.077 0.780 ± 0.062 0.784 ± 0.070 0.781 ± 0.072 11.49 ± 4.80
CARL 0.950 ± 0.056 0.961 ± 0.066 0.970 ± 0.068 0.961 ± 0.059 11.35 ± 4.64

ORS (ours) 0.963 ± 0.004 0.954 ± 0.004 0.980 ± 0.002 0.980 ± 0.003 11.05 ± 4.79

Table 5.1: Quantitative results across various household tasks. ’-’ indicates that
specific metrics are not applicable to those baselines.

To evaluate IRS as a heuristic for Task and Motion Planning (TAMP), we
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compared its performance against Logic-Geometric Programming (LGP) and a

control baseline that always prioritizes auxiliary object usage. In five-fold cross-

validation tests, IRS achieved a minimum effort of 11.05 ± 4.79, outperforming

both LGP (13.47± 6.21) and the control (13.37± 5.83) (Table 5.1).

The results indicate that LGP performs better with fewer target objects (1–2),

while the control baseline performs better with more objects (greater than 2).

This trend highlights the exponential benefit of responsibility sharing as task

complexity increases. However, the effort-based evaluations show that IRS dy-

namically adapts to the environment and initial conditions, optimizing task exe-

cution. The difference between the control and LGP baselines demonstrates that

while always using auxiliary objects can improve performance, it is not always

optimal, underlining the importance of IRS’s adaptive approach.

We also evaluated the decision-making capabilities of ORS, the rule-based

mechanism driving IRS. Table 5.1 presents the quantitative results across all

tasks. ORS achieved the highest accuracy (96.3±0.4%) among all models, includ-

ing Artificial Neural Networks (ANN, 80.5 ± 6.9%), Representative Rule-Based

Learner (RRL, 78.1 ± 7.7%), and Correlation and Order-Aware Rule Learning

(CARL, 95.0± 5.6%). These results highlight the robustness of ORS in decision-

making tasks, outperforming state-of-the-art interpretable models and machine

learning baselines.

In addition to accuracy, ORS demonstrated superior performance in terms of

physical effort, achieving the lowest effort score among all methods. This bal-

ance between high accuracy and interpretability is a critical advantage of ORS,

addressing the trade-off typically seen in decision-making models. These find-

ings validate that IRS, powered by ORS, effectively enhances task planning and

execution in complex, real-world scenarios.
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Models Sample Rules Confidence

RRL
negative ←− obj2 on tableeast | tray on tablenorth | jug on tablewest 0.4188

positive ←− obj0 on tablesouth | obj1 on tablesouth | ¬goal at tablesouth | ¬goal at tableeast | ¬actionfill 0.5938

CARL
negative ←− obj4 on tablesouth | ¬goal at tablehandover | ¬obj0 on tablesouth 0.6244

positive ←− obj0 on tableeast & ¬obj0 on tablesouth 0.9408

ORS
negative ←− obj0 on tablesouth & obj1 on tablesouth & obj2 on tablesouth & obj3 on tablesouth & ¬goal at tablesouth 0.7705

positive ←− obj0 on tablesouth & is helper exist & ¬goal at tablesouth & ¬goal at tableeast & ¬actionfill & ¬actionpour 0.9801

Table 5.2: Comparison of rule-based confidence scores across RRL, CARL, and
ORS models. Positive rules indicate conditions for auxiliary object usage, while
negative rules indicate avoidance conditions.

5.3.2 Confidence Comparison

Table 5.2 compares the confidence scores of decision-making rules generated by

three models: RRL, CARL, and ORS. Each model applies distinct criteria for

synthesizing rules based on spatial configurations, object interactions, and task

goals. Confidence scores indicate the model’s certainty in its predictions, with

higher scores reflecting more robust and reliable rules.

- RRL generates rules by categorizing object placements and task constraints

into positive and negative conditions. While it achieves moderate confidence

scores (0.4188 for negative rules and 0.5938 for positive rules), its reliance on

simple conditions limits its ability to produce nuanced decision-making rules.

- CARL incorporates interactions between objects and goal locations, result-

ing in higher confidence scores (0.6244 for negative rules and 0.9408 for positive

rules). However, qualitative observations reveal that its negative rules often lack

meaningful context. For example, the absence of goal positions at the handover

table adds no additional value to the rule combinations, reducing their practical

interpretability.

- ORS, designed for optimized rule synthesis, combines object locations, task

goals, and actions to generate more comprehensive rules. It achieves the highest

confidence scores (0.7705 for negative rules and 0.9801 for positive rules), demon-

strating its ability to handle complex task scenarios effectively. ORS’s rules also

reflect a greater level of interpretability, balancing the need for precision with

human-understandable decision-making criteria.
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Overall, the results highlight the superior performance of ORS in generating

reliable and interpretable rules for task and motion planning. By integrating

nuanced spatial and contextual information, ORS demonstrates its capacity to

synthesize meaningful rules that enhance decision-making, particularly in envi-

ronments with complex configurations.

5.3.3 Responsibility Sharing in Humans

# of Mugs Close Medium Far

1 100% 100% 100%
2 100% 83.33% 50%
3 100% 100% 100%
4 100% 100% 100%
5 100% 100% 100%

Table 5.3: Comparison of tray usage between human participants and ORS during
the serving task under varying conditions.

To evaluate the concept of Responsibility Sharing (RS) and its alignment with

human behavior, we conducted experiments with human participants performing

the serving task. These experiments were designed to compare human decision-

making in utilizing auxiliary objects (trays) with the behavior of ORS in similar

scenarios.

In the experimental setup, participants were asked to carry a varying number

of objects (mugs) to designated goal positions under three distance categories:

Close, Medium, and Far. The initial arrangement included the mugs and a tray

placed on a table representing a counter. The objective was to observe whether

participants used the tray and to compare their decisions with ORS’s object

utilization strategy. The simulation environment closely mirrored the physical

setup in terms of spatial layout and distance, ensuring consistency between human

and ORS comparisons.

Table 5.3 summarizes the results of these experiments, showing the percentage

of participants whose tray usage aligned with ORS’s behavior. The findings reveal
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that in 13 out of 15 experimental settings, ORS’s actions matched those of the

human participants. For scenarios involving 1, 3, 4, and 5 mugs, both ORS

and participants consistently chose to use the tray, regardless of the distance to

the goal. However, for 2 mugs, a divergence was observed at Medium and Far

distances, with fewer participants deciding to use the tray compared to ORS.

These results highlight two key insights: 1○Human-Inspired Responsibil-

ity Sharing: The concept of responsibility sharing is naturally present in human

decision-making, as observed in their consistent use of auxiliary objects for task

optimization. 2○Human-Like Behavior in ORS: While ORS was not explic-

itly designed to replicate human behavior, its high alignment with human actions

demonstrates its capacity to make intuitive and practical decisions that mirror

human strategies.

Overall, this comparison underscores the interpretability and adaptability of

ORS, further validating its effectiveness in leveraging Responsibility Sharing for

task and motion planning.

5.4 Ablation Studies on Interpretability and

Accuracy Trade-Off

As interpretability increases—indicated by the average rule length in the

model—the rules become more detailed and transparent, making the decision-

making process easier to understand. However, this can lead to a decrease in

accuracy. The reduction in accuracy occurs because a higher number of com-

ponents (rules) can make the model dense, potentially introducing unnecessary

complexity that does not effectively capture the underlying patterns. This trend

is evident in the decreasing average accuracy for both positive and negative rules,

as shown in Figure 5.2.

On the other hand, when fewer rules are used, the model becomes sparse,

focusing on capturing the most significant patterns. This sparsity can lead to
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Figure 5.2: Trade-off between interpretability and accuracy in ORS, showing
the relationship between rule complexity (average rule length) and model perfor-
mance.

higher accuracy but at the cost of reduced interpretability, as the rules become

more abstract and less descriptive of the decision-making process.

This balance highlights the challenges of achieving both high accuracy and

high interpretability in model development. Longer rules offer greater trans-

parency by explicitly encoding detailed conditions, while shorter, more abstract

rules prioritize accuracy by avoiding potential overfitting or excessive complexity.

The results emphasize the importance of carefully managing rule complexity

and sparsity to align with specific application requirements. ORS demonstrates

a strong ability to maintain a balance, achieving interpretable decision-making

while retaining competitive accuracy. This makes it particularly effective in sce-

narios requiring both transparency and reliable performance, such as task and

motion planning in environments designed for collaboration.
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Chapter 6

Discussions

6.1 Human Bias and Responsibility Sharing

IRS presents a novel framework that incorporates human bias to enhance the

classical Task and Motion Planning (TAMP) formulation. As highlighted in Ta-

ble 5.1, the application of IRS across various household tasks has yielded sig-

nificant improvements in performance. These results reinforce the premise that

humans, as the designers of both environments and tasks, embed implicit affor-

dances into their surroundings. Consequently, robotic agents should leverage the

auxiliary objects available in the environment to optimize task execution.

The investigation of a control agent that always utilizes auxiliary objects

further illustrates the importance of adaptive decision-making. The findings

show that solutions to sequential decision-making and manipulation problems

are highly dependent on the initial configuration of the environment. This high-

lights the necessity of dynamically determining when to use auxiliary objects—a

capability effectively addressed by ORS within the IRS framework.

Additionally, the human experiments provide strong evidence of parallels be-

tween human decision-making and responsibility sharing. The observed alignment
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between human behavior and the embodied agent’s utilization of auxiliary ob-

jects suggests that humans inherently rely on responsibility-sharing principles to

simplify and optimize tasks. By leveraging similar strategies, IRS demonstrates

its ability to replicate human-like decision-making patterns, aligning robotic be-

havior with human-centric design principles.

Overall, IRS not only enhances classical TAMP formulations but also bridges

the gap between human and robotic strategies in task planning. This highlights its

potential for broader applications in environments designed with implicit human

biases, such as homes and collaborative workplaces.

6.2 Rationale for Comparing Decision Trees

with ORS

The comparison between decision trees and the ORS model in the evaluation of

rule-based decision-making systems provides valuable insights into the strengths

and limitations of each approach. Decision trees are widely recognized for their

simplicity and high interpretability, making them suitable for scenarios involving

straightforward, hierarchical decision processes. Their transparent structure al-

lows for intuitive understanding and analysis, which is beneficial in many practical

applications.

In contrast, the ORS model demonstrates superior capability in handling com-

plex relational dynamics and sequential rule dependencies. This is achieved

through the integration of advanced rule-learning techniques, such as CARL and

RRL [77]. These techniques enable ORS to model intricate relationships between

entities and to adapt dynamically to evolving task requirements, making it par-

ticularly effective in environments where decisions depend on nuanced contextual

factors.

The relevance of this comparison is underscored in the context of sequential

decision-making and manipulation problems, where relational complexity plays
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a significant role. The results demonstrate that ORS consistently requires less

overall effort to complete tasks, highlighting its ability to optimize performance

in scenarios with complex relational and procedural demands. By comparing the

simplicity of decision trees with the advanced capabilities of ORS, this evaluation

underscores the necessity of sophisticated approaches like ORS in addressing the

challenges inherent in modern task and motion planning.

6.3 Accuracy Interpretability Trade-off

To evaluate the trade-off between accuracy and interpretability, a diverse set

of baseline models was selected, including state-of-the-art interpretable methods

like RRL and CARL, alongside models ranging from decision trees to artificial

neural networks (ANNs). This range allowed for a comprehensive analysis across

a spectrum of interpretability levels.

The experimental results indicate that, for most models, performance decreases

as interpretability increases. This trend aligns with the commonly observed trade-

off, where enhancing transparency often involves simplifying decision-making pro-

cesses, which can result in reduced accuracy. However, exceptions to this pattern

were observed in the cases of CARL and ORS.

For CARL, the divergence can be attributed to its ability to incorporate deeper

semantic knowledge into the generated rules. This capability enables CARL to

maintain high interpretability without compromising performance significantly.

Similarly, ORS achieved both high interpretability and accuracy due to its opti-

mized rule synthesis mechanism, as reflected in the balance score.

These findings emphasize the importance of model design in managing the

accuracy-interpretability trade-off. While most models struggle to achieve both,

CARL and ORS demonstrate that it is possible to balance these competing ob-

jectives by leveraging advanced mechanisms for rule generation and integration.

ORS, in particular, highlights the potential for developing systems that are both
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effective and transparent, making it highly suitable for real-world applications

requiring reliable and interpretable decision-making.
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Chapter 7

Limitations

While IRS introduces a novel framework to enhance the effectiveness and inter-

pretability of existing TAMP formulations through the concept of responsibility

sharing, it is not without its challenges. The decision-making mechanism, ORS,

operates under a discrete state representation, which limits its applicability in

scenarios requiring continuous features, a common requirement in robotic set-

tings. Ideally, auxiliary objects should be represented with continuous affordance

properties, such as the capacity of a tray or the volume of a pitcher. However,

the current model assumes that auxiliary objects can interact with all remain-

ing objects without capacity constraints. For instance, it is assumed that a tray

can carry all objects or that a pitcher can fill every glass without requiring a re-

fill. These simplifications may restrict the model’s effectiveness in more complex

scenarios.

Furthermore, as outlined in Section 4.1, the model is designed to operate in

fully observable environments due to the absence of scene graph generation ca-

pabilities. This limitation prevents its direct application to partially observable

domains, where the initial state and goal are not fully known. However, if the

initial state and goal can be observed and transformed into a first-order logic

representation, the underlying IRS mechanism is robust enough to function effec-

tively, provided the TAMP formulation includes sufficient information to compute
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feasible motions.

Future work will focus on addressing these limitations by incorporating con-

tinuous features into the framework, enabling the model to account for complex

object properties and environmental settings. Additionally, integrating scene

graph generation will allow IRS to extend its applicability to partially observable

environments, broadening its utility in real-world robotic applications.
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Chapter 8

Conclusion

We present IRS, a novel framework for interpretable and holistic manipulation

strategies in household environments, designed to enhance task and motion plan-

ning. By leveraging human bias through the concept of responsibility sharing,

IRS effectively integrates auxiliary objects into the decision-making process. Cen-

tral to this framework is ORS, an interpretable mechanism trained on a dataset

generated by Counterfactual Plan Generation (CPG), which evaluates whether

the use of auxiliary objects improves task performance. Through the synthesis

of optimal rules, ORS ensures both transparency and adaptability, enabling IRS

to address the complex relational dynamics inherent in household manipulation

tasks.

Experimental evaluations demonstrate that IRS significantly improves agent

effectiveness in diverse household scenarios, surpassing traditional TAMP for-

mulations. The holistic approach of incorporating auxiliary objects not only

enhances efficiency but also aligns robotic behavior with the natural affordances

of human-designed environments. Furthermore, ORS achieves state-of-the-art

accuracy and interpretability, outperforming established baseline models.

The development of IRS highlights the importance of integrating human-

inspired, holistic strategies into robotic systems, particularly in household settings
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where interactions are closely tied to environmental affordances. This work en-

ables progress in future advancements in interpretable task and motion planning,

bridging the gap between human-centric design principles and robotic decision-

making.
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Higueras, F. Mart́ın-Rico, and V. Matellán-Olivera, “Towards explainability

in robotics: A performance analysis of a cloud accountability system,” Expert

Systems, vol. 39, no. 9, p. e13004, 2022.

[57] S. Anjomshoae, A. Najjar, D. Calvaresi, and K. Främling, “Explainable
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Appendix A

Supplementary Information

A.1 Data Availability

The curated dataset used in this study is open for academic purposes and will be

made available upon reasonable request to the author.

A.2 Code Availability

The source code and detailed instructions for deploying the system are available

at https://github.com/asyncs/IRS.

A.3 Ethics Approval and Participant Consent

This work involved human subjects in its research. Ethical approval for all ex-

perimental procedures and protocols was granted by the Institutional Review

Board of Bilkent University under Application No. 2024 02 12 01, and the study

was conducted in accordance with the Declaration of Helsinki. Participants were
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recruited on a voluntary basis without any specific requirements, and informed

consent was obtained from all participants prior to their involvement in the study.
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