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Abstract

A key challenge in explainable AI, especially in vision, is aligning model reasoning
with human-understandable concepts. In our project, we propose the Object-Centric
Explananda via Agent Negotiation (OCEAN) framework, a classification framework
that builds ante-hoc interpretability into the reasoning process, rather than apply-
ing it post-hoc. Our method uses Slot Attention to extract discrete object-centric
features, and Consensus Game, a multi-agent collaborative game, to select the most
class-relevant features. The game-theoretic approach encourages agents to agree on
coherent, discriminative evidence, leading to faithful and interpretable predictions.
We train our framework end-to-end and evaluate it against visual classifiers and es-
tablished post-hoc explanations mechanisms, such as Grad-CAM and LIME, on two
diagnostic multi-object datasets. Finally, we demonstrate results that highlight the
potential of structured, object-centric representations in an ante-hoc explainability
setting, contributing toward more trustworthy and transparent AI systems.



Acknowledgements

I would like to express my deepest gratitude to my supervisors, Avinash Kori and
Francesca Toni, for their invaluable guidance, support, and insightful feedback through-
out the course of this project. Their expertise in interpretable machine learning and
encouragement during critical stages of development were essential to its success.

I also extend my thanks to the academic and technical staff at the Department
of Computing, whose resources and support made this research possible.

Special thanks go to Su Rhou Wong and my friends for their helpful discussions,
encouragement, and for participating in the user studies that evaluated the frame-
work’s interpretability. Finally, I am grateful to my family for their continuous
support and understanding throughout this work.



Contents

1 Introduction 1
1.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Main Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Background 4
2.1 Reinforcement Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1.1 Strategies and Policies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.1.2 Basic Reinforcement Learning Algorithms . . . . . . . . . . . . . . . . . . 4
2.1.3 Function Approximation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.1.4 Policy Gradient Theorem . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.2 Visual Debates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2.1 Pipeline Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2.2 Debate Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.3 Object-Centric Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2.3.1 Key Concepts and Components . . . . . . . . . . . . . . . . . . . . . . . . 9
2.3.2 Slot Attention . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.4 The Consensus Game . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.4.1 Language Model Consensus . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.4.2 Equilibrium-Ranking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.4.3 The Game Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.5 Visual Explainability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.5.1 Post-hoc Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.5.2 Ante-hoc Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.5.3 Explainability-Performance Tradeoff . . . . . . . . . . . . . . . . . . . . . 14

2.6 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.6.1 Grad-CAM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.6.2 LIME . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.6.3 Gradient SHAP . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

3 Object-Centric Explananda via Agent Negotiation 16
3.1 Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.1.1 Object-Centric Representations . . . . . . . . . . . . . . . . . . . . . . . . 16
3.1.2 Consensus Game . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.1.3 Explananda . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.2 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.2.1 Slot Attention . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.2.2 Consensus Game . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.2.3 End-to-End Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

i



4 Experimental Setup 27
4.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

4.1.1 CLEVR-Hans . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
4.1.2 Multi-dSprites . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

4.2 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
4.2.1 Prediction Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
4.2.2 Explanation Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
4.2.3 Prior Work Comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.3 Model Training . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
4.3.1 Slot Attention Specification . . . . . . . . . . . . . . . . . . . . . . . . . . 31
4.3.2 Consensus Game Specification . . . . . . . . . . . . . . . . . . . . . . . . . 31
4.3.3 Additional Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

4.4 Evaluating Explanations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
4.4.1 Survey Specification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
4.4.2 Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

5 Experimental Results 35
5.1 Slot Attention . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
5.2 Prediction Quality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

5.2.1 Accuracy Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
5.2.2 Error Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

5.3 Reasoning and Consensus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
5.3.1 Dialogue Examples . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
5.3.2 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

5.4 Survey Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
5.5 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

6 Future Work 45
6.1 Alternative Encoders and Real-World Image Evaluation . . . . . . . . . . . . . . 45
6.2 Role Differentiation and Flexible Game Dynamics . . . . . . . . . . . . . . . . . . 45
6.3 Mitigating Overfitting to Spurious Correlations . . . . . . . . . . . . . . . . . . . 46

7 Conclusion 47
7.1 Challenges and Successes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
7.2 Final Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

References 51

A Additional Experimental Results 53
A.1 Detailed Baseline Prediction Results . . . . . . . . . . . . . . . . . . . . . . . . . 53
A.2 Example Generated Dialogues . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

B Explanation Quality Survey 56
B.1 Explanation Method 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

B.1.1 Multi-dSprites Explanation . . . . . . . . . . . . . . . . . . . . . . . . . . 57
B.1.2 CLEVR-Hans Explanation . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

B.2 Explanation Method 1 Quality . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
B.3 Other Sections . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

ii



Chapter 1

Introduction

Artificial intelligence has become cornerstone in modern innovation across a variety of domains,
including healthcare [1], finance [2], and autonomous systems [3]. Yet its rapidly growing influ-
ence on the world presents a pressing challenge: understanding how complex “black box” models
make decisions [4]. At the crux of explainable AI (XAI) lies the fundamental goal of clearing
the opacity of machine learning models, making them more intelligible to human users. This
need is particularly acute in vision-based applications, such as medical imaging and self-driving
cars, where decisions have direct real-world consequences. Recent developments have produced
methods like Grad-CAM [5] and LIME [6], which utilises visual elements like heatmaps to high-
light regions most influential to a model’s prediction, offering an intuitive way to visualise the
decision-making process. Our focus on visual interpretability matters because it bridges the
gap between complex model reasoning and human-understanding, fostering trust in high-stakes
applications.

Figure 1.1: A comparison of four different visual explainability mechanisms, including LIME,
Grad-CAM, Gradient SHAP and an idealised dialogue from our Consensus Game framework.

In our project, we take a step towards more transparent, faithful and human-aligned reasoning
in image classification. We introduce an ante-hoc, object-centric framework called OCEAN
that integrates explainability directly into the classification process, by reasoning over object-
centric features and exposing its internal decision-making through a multi-agent selection process.
Central to this is our Consensus Game framework, a novel collaborative mechanism where agents
iteratively select and share visual evidence to reach a shared classification. This design allows us
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to investigate whether structured interactions between agents can yield a more transparent and
interpretable classification model. Our project builds on the prior work, Visual Debates [7], by
grounding its agent-based argumentative design on object-centric representations and framing
explainability as a transparent, structured dialogue between agents.

1.1 Problem Statement

Current approaches to XAI methods mostly rely on post-hoc [8] explanations that diagnose black-
box models retrospectively rather than making its decision-making process inherently transpar-
ent. These methods often lack fidelity to the model’s true inner workings, providing explanations
that may be disconnected from the actual reasoning process. In contrast, ante-hoc [9] methods
aim to build interpretability directly into the model itself, ensuring that explanations emerge
naturally as part of predictions.

Prior work on Visual Debates [7] introduced a novel approach to enhance the interpretabil-
ity of image classification models by leveraging a more structured reasoning mechanism, debate.
Whilst the explanations generated from the Visual Debates framework are interpretable and
faithful to the model’s predictions, they are still fundamentally post-hoc, relying on surrogate
models that interpret latent features. Research on The Consensus Game [10] offers an avenue for
transforming the Visual Debates framework into an ante-hoc, consensus-driven process. Instead
of relying on post-hoc estimations, we could reframe classification as a collaborative process,
where explanations are the outcome of a dialogue held between agents reasoning over discrete
evidence. This shift holds promise for enhancing the transparency and faithfulness of model
reasoning, by incorporating a multi-agent reasoning mechanism with the classification task.

Additionally, the prior framework generates explanations using disentangled latent features ob-
tained through quantisation [11], which often correspond to ambiguous regions within input im-
ages. The reliance on latent, non-intuitive features reduces alignment with human-understanding,
as these features do not clearly map to recognisable objects or parts of the image. To improve this,
a more object-centric approach is necessary, one that isolates and explicitly represents meaningful
components within the image, enabling clearer and more interpretable reasoning. Slot Atten-
tion [12] is a promising extension to the Visual Debates framework, as it focuses on discrete object
representations. This approach can enhance the interpretability of reasoning chains, particularly
in complex scenes with multiple objects. While Slot Attention may not directly improve the
faithfulness of the explanations, it offers a valuable means of aligning the model’s reasoning with
human-like understanding, where the concepts correspond to actual objects within the scene.

Figure 1.2: A simplified architecture diagram of an ante-hoc explainable framework for visual
classification.

Addressing these challenges requires rethinking how explanations are generated, moving toward
systems that integrate ante-hoc interpretability mechanisms with structured reasoning. Such
systems hold the potential to bridge the gap between estimated reasoning and intrinsic model
transparency, offering explanations that are more faithful and interpretable. This renewed ap-
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proach could have broader applicability in other predictive tasks, offering a more transparent
and human-aligned way to interpret model reasoning across a range of domains. With that, we
look toward a framework that encapsulates a classification mechanism (Figure 1.2) that exposes
its human-aligned reasoning process.

1.2 Main Contributions

This project takes inspiration from the prior work on Visual Debates, and introduces a novel
framework for ante-hoc visual explanation through object-centric representations and collabora-
tive reasoning. The key contributions are as follows:

• Collaborative Multi-Agent Classification Game: We designed agent interactions
inspired by the Consensus Game, where two agents present arguments and iteratively con-
verge to a shared prediction. This approach leverages the structured reasoning of Visual De-
bates while grounding it in object-centric representations in an ante-hoc manner. Through
this, we investigate whether collaborative agent-based reasoning can achieve transparent
classification and reasonable prediction performance against baselines. Our results suggest
that this formulation not only exposes the reasoning chain very well but also serves as a
strong foundation for future research in multi-agent explainability.

• An End-to-End Learning Framework: We develop a unified framework, OCEAN,
that integrates Slot Attention with our novel Consensus Game module to perform object
decomposition, explanation generation and classification jointly. Training it end-to-end
optimises the learned object representations for the particular downstream classification
task.

• Evaluation Against State-of-the-Art Methods: We assess the our method on syn-
thetic diagnostic datasets and compare it against common classification methods such as
ResNet [13]. In terms of explainability, we compare our generated explanations against the
state-of-the-art mechanisms such as Grad-CAM [5] and LIME [6].

Together, these contributions demonstrate the impact of integrating object-centric learning with
agent-based collaboration in building more interpretable, faithful, and human-aligned visual
classifiers.
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Chapter 2

Background

This chapter provides the background information on topics covered by our project by outlining
key concepts and prior work. It begins with an overview of Reinforcement Learning (2.1) estab-
lishing the motivation for learning through interaction and reward in a game theoretic setting.
This is followed by a review of the prior work, Visual Debates (2.2), highlighting some pitfalls our
project aims to improve on. The chapter then introduces the inspiration behind key components
of the project: object-centric learning (2.3) and the Consensus Game (2.4). Finally, we explore
techniques in visual XAI (2.5) and summarise related work (2.6).

2.1 Reinforcement Learning

Reinforcement Learning (RL) is a paradigm for solving problems or games through trial-and-
error interactions, where an agent learns to maximise their cumulative rewards by exploring and
exploiting its environment. This section provides a short summary of the required concepts for
understanding the report. The use of RL motivates the use of decision-making strategies in our
Consensus Game framework (3.1.2).

2.1.1 Strategies and Policies

A strategy in RL is represented as a policy, which maps states (or observations) to actions. Policy
functions can be deterministic (a = π(s)) or stochastic (a ∼ π(a|s)), depending on the nature of
the task and learning approach.

2.1.2 Basic Reinforcement Learning Algorithms

Basic RL algorithms include:

• Value-Based Methods: Algorithms like Q-learning and SARSA focus on learning value
functions Q(s, a), which estimate the expected reward of taking an action a in a state s.

• Policy-Based Methods: These directly optimise the policy without explicitly estimating
value functions. Examples include REINFORCE and Actor-Critic algorithms.

• Model-Based Methods: These methods learn a model of the environment and use it
to plan or improve decision-making, e.g. Dynamic Programming and Monte Carlo Tree
Search.

2.1.3 Function Approximation

To handle large or continuous state and action spaces, RL employs function approximators, such
as neural networks. These are used to approximate value functions (V (s) or Q(s, a)), policies
(π(a|s)), or models of the environment (state transition and reward functions).
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2.1.4 Policy Gradient Theorem

Differentiable policies are parameterised using neural networks, enabling the use of gradient-
based optimisation. The policy gradient method leverages this property to compute updates
directly from the policy’s performance. The policy gradient theorem provides a foundation for
optimizing such policies. It states:

∇J(θ) = Eπθ
[∇θ log πθ(a|s)Qπθ(s, a)]

where J(θ) is the expected reward, πθ is the policy, and Qπθ(s, a) is the action-value function.
This gradient can be estimated using Monte Carlo or temporal difference methods.

2.2 Visual Debates

Visual Debates [7] is a novel XAI framework designed to provide insights into how deep learning
classifiers make decisions via a multi-agent debate game. Kori et al. applies this framework in
the context of image classification. Unlike traditional methods that rely on heatmaps or feature
attributions, Visual Debates uses a structured, game-theoretic approach to uncover supporting
and opposing features that are significant in the model’s decision-making, inspired by other ad-
vocates of debate [14] in AI safety. In our project, its the techniques and explanation structure
serve as inspiration for our project.

This is achieved by modeling explanations as a sequential zero-sum debate game between two fic-
tional players. The players take turns presenting arguments based on discretised latent features
of the classifier, with one supporting the classifier’s decision and the other opposing it. These
interactions aim to highlight the classifier’s reasoning paths, including uncertainties, thereby
offering more transparent and faithful explanations, as seen in Figure 2.1.

Figure 2.1: An example debate explanation from Visual Debates of an image of a cat from the
AFHQ dataset, where players 1 and 2’s claims are C1 = cat and C2 = wild. The first row of
feature highlights show the argument chain of the affirmative player 1 for the classification of
“cat”, while the second row contains feature highlights of counter-arguments from player 2 in
favour of “wild”.

2.2.1 Pipeline Overview

Feature Extraction and Classification

The initial stage of the learning pipeline involves a pre-trained feature extractor f , and a pre-
trained feature classifier g, which pair to produce image classifications. To do so, the features of
an image following extraction are funnelled into the feature classifier, making the predictions. The
purpose of the classifier is atypical of common predictive pipelines, as the pre-trained classifier is
used to generate predictions y, which another classifier will attempt to learn. This means y will
not be directly involved in the predictive outcomes of the pipeline but will be used to calculate
the loss for quantised classification.

5



Feature Quantisation and Quantised Classification

The features extracted using f are mapped into a finite set of discrete vectors, called a “codebook”
through a method called vector quantisation[11]. This effectively reduces the dimensionality of
the data and enables more efficient processing. In the pipeline, vector quantisation discretises the
continuous latent features, making them interpretable and more suitable for structured reasoning.

With interpretable features in the codebook, a quantised classifier, q, can learn the expected
classification y, making predictions ŷ. Note that q is also the function mapping a set of quan-
tised features to a classification. By optimising the quantised classifier to minimise the loss
function of y and ŷ, it can fairly mimic the behaviour of the original pre-trained classifier despite
having a modified feature set with lower dimensionality. This effectively makes the quantised
classifier a surrogate model. However, the quantised classifier is much more interpretable than
the initial one, making it a suitable candidate for post-hoc explanations.

Training

The framework is trained end-to-end, where the quantised classifier and the debate framework
are trained simultaneously. The quantised classifier undergoes supervised training optimising
for classification accuracy, while the debate framework is trained (2.2.2) through unsupervised
reinforcement learning. The training process for the quantised classifier is typical of a CNN,
except that the inputs are discretised features instead of continuous latent features.

2.2.2 Debate Framework

The debate framework models the explainability of the classifier as a structured, zero-sum game
between two players – one supporting and one opposing the correctness of the prediction. These
agents interact over a series of rounds, presenting arguments derived from the discrete quantised
features from the codebook. The framework produces two final claims for both agents, repre-
senting the classification each agent is arguing for, which is an aggregation of the arguments put
forward by either agent.

The authors define the framework formally with the tuple:

Γ = ⟨{Q,Z}, {P1,P2}, {A1,A2}, {C1, C2}, {U1,U2}⟩,

where Q represents a question relating to the classifier’s prediction, Z represents the codebook,
P1,P2 represents player one or two, A1,A2 represents the set of arguments, C1, C2 represents
the claims made by each players, and U1,U2 are the utilities for each player.

Arguments and Claims

Each player will put forward arguments in turn. Strictly, arguments are put forward by P1,
whereas counterarguments are put forward by P2. These arguments can be interpreted as the
actions taken by the players during the debate game, and they are defined by the tuple:

Ai
k = (zik, c

i
k, s

i
k),

where Ai
k represents the argument of P i, i ∈ {1, 2} at stage k ∈ {1, ..., n}, zik represents a selected

quantised feature, cik = argmax q(z; do({zik})) represents the argument claim, and sik represents
the argument strength. Here q(z; do({zik})) denotes the class with the highest confidence score
with z interventionally set to the feature zik.

Specifically, argument strength is defined as:
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s1k =

{
1 ∆ ≤ τ,

−1 otherwise
s2k =

{
1 ∆ > τ,

−1 otherwise

where ∆ = |q(z)y − q(z; do({z1k, z2k}))y|, for y = C(x), and τ ∈ (0, 1) is a threshold. ∆ measures
the effective contribution of an argument-counterargument pair towards the quantised classifier’s
decision.

The claim Ci of player P i is some aggregation of both sets of latent features selected for ar-
guments and counterarguments. In practice, the claims are derived from an accumulation of
the full set of features in both arguments and counterarguments. The aggregation function is
implemented using recurrent neural networks to aggregate features and a linear layer to map
arguments to classes.

Utility and Rewards

There are two types of rewards during a debate game:

• Argument rewards sik: This is received by the agent whenever they put out an argument
and is exactly the argument strength.

• Claim reward riΓ: This is obtained by comparing the prediction (Q) made with masked
quantised features not present in the arguments and the claims made by both players. It
is defined by:

riΓ =


1 if Q = Ci, Q ̸= C−i;

−1 if Q ̸= Ci, Q = C−i;

0 if Q ̸= Ci, Q ̸= C−i or Q = Ci, Q = C−i

where Q = q(z, do(A1,A2)), and C−i is the claim made by the agent other than Ci.

These are collated to define utility functions for each player agent:

U i = riΓ +
k=n∑
k=1

sik.

where U i is the utility of player P i. The utilities satisfy the zero-sum nature of the game, where
U1 = −U2, suggesting that the players should focus on different features.

Player Architecture

For players to learn strategies to maximise their utilities, the authors utilise reinforcement learn-
ing and training the players through self-play. The players are represented using sets of param-
eters θ1 and θ2, updated iteratively through policy gradient techniques.

To ensure the debate’s fully observable nature, the argument profile of each player is defined
as:

α1
k :

⋃
t<k

A1
t ∪

⋃
t<k

A2
t → Pθ1(Z), α2

k :
⋃
t≤k

A1
t ∪

⋃
t<k

A2
t → Pθ2(Z),

where Pθ1 ,Pθ2 are the probability distributions used to decide the quantised feature to use in the
next argument.
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With that, the joint objective of the debate game can be defined in terms of the players’ utilities
and log-likelihood of the policy distributions:

V (P1,P2) = min
θ1

max
θ2

E
[ ∑
1≤k≤n

(
logPθ1(Zk)− logPθ2(Zk)

)
U2(S1

θ1 ,S
2
θ2)

]
where Si

θi
= {zk1 , ..., zkn} represents the strategy of player P i, zik is sampled from αi

k(.), and
Pθi(Z∥) denotes the policy distribution at step k.

The definition above does not guarantee high-quality debates. Therefore, the authors introduce
two properties, which can be enforced in practice to improve the quality of explanations:

• Argument Entropy: For some sampled feature z, AH(z) = −E log p, where p is the
probability of choosing z for an argument. The desired outcome is to minimise the number
of features considered in the debate, making it more focused and manageable. Hence, the
agents will attempt to minimise AH.

• Argument Diversity: AD(A1,A2) = E((Ã1−A2)2)+E((A1−Ã2)2)−λ
∑

i∈{1,2} E((Ai−
Ãi)2), where Ãi = 1

n

∑k=n
k=1 Ai

k and λ represents a hyperparameter. The desired outcome
here is to preserve the diversity between inter-player arguments but encourage coherence
between intra-player arguments. Hence, the agents will attempt to maximise AD.

Since this is set up to be a finite-player, finite-strategy, fully observable, zero-sum sequential game,
there exists at least one mixed strategy Nash equilibrium (NE) [15], represented as (Si

θ1 ,S
i
θ2).

At equilibrium, any argument or counterargument made by any player at any step k serves as
the optimal response to the previous opposing argument.

Implementation

Figure 2.2: The Visual Debates architecture of Player P i. Mi is a modulator network and eik is
a modulated argument. ζi is a GRU backbone network, hik is a hidden state vector, while Bi, Πi

and Ci are the baseline, policy and claim networks, respectively. ẑk is a masked state vector.

The player architecture (2.2) combines multiple neural networks to model argument generation
and reasoning in a structured manner. Having made argument Ai

k−1 at step k− 1, the following
steps are taken to produce argument Ai

k. First, a modulator network processes Ai
k−1 and maps

them to a hidden state dimension for the next stage, producing a modulated argument eik−1.
Each player is also implemented using an unrolled gated recurrent unit (GRU) as the backbone

8



network ζi, which processes the modulated argument, maintains a hidden state hik−1, and updates
its memory with the arguments. Within the player, there is a baseline network Bi for estimating
the value of a particular argument using a recurrent model [16]. Then, the hidden state hik−1 from
the GRU is shared with the policy network Πi, which considers the hidden state conditioned on
ẑk−1 and the quantised classifier’s prediction ŷ to produce argument Ai

k, where ẑk−1 is generated
by masking the environment with respect to A1

k−1 and A2
k−1. Finally, there is an additional final

step, where the hidden state of ζi is passed to a claim network Ci to generate the final claim. This
allows arguments to be shared between players and become common knowledge for reasoning.
This implementation informs most of the design for our agents in the Consensus Game (3.1.2).

2.3 Object-Centric Learning

Object-centric learning (OCL) is a paradigm in machine learning that focuses on decomposing
a scene into discrete objects, each represented as an independent entity. This method aligns
with human perception, as understanding individual objects and their relationships is essential
for interpreting complex scenes. By isolating objects, OCL enhances the interpretability and
adaptability of object discovery and set prediction tasks. For example, in autonomous vehicles,
separating pedestrians, vehicles, and traffic lights provides actionable insights, while in explain-
able AI, it highlights specific objects of a scene that influence the model’s decision. OCL is
introduced to the project justify the need for structured, object-centric scene decomposition and
understanding.

2.3.1 Key Concepts and Components

An object-centric learning pipeline iteratively deconstructs images into object-specific represen-
tations and reconstructs the scene from these components, optimizing to minimise reconstruction
loss. See Figure 2.3.

Figure 2.3: An Object-Centric Learning Pipeline.

• Input: Raw visual data, such as an image or video, containing multiple objects in a scene.

• Outputs: Reconstructed image, a mask to indicate which pixels in the input data corre-
spond to each object, and latent representations of each object in the input data.

• Object Decomposition: Breaking down input data into object-level segments using
attention mechanisms or clustering techniques. These object representations are then used
for downstream tasks like classification.

• Unsupervised Learning: Many object-centric learning methods do not rely on labelled
data but instead use inductive biases and self-supervised techniques to infer object repre-
sentations from raw visual data.

There are many object-centric learning methods such as MONet[17], IODINE[18], SPACE[19]
and Slot Attention[12], but the focus for our project is Slot Attention.
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Algorithm 1 Slot Attention Algorithm[12]

1: Input: inputs ∈ RN×Dinputs , slots ∼ N (µ, diag(σ)) ∈ RK×Dslots

2: Layer params: k, q, v: linear projections for attention; GRU; MLP; LayerNorm (x3)
3: inputs = LayerNorm (inputs)
4: for t = 0 . . . T

5: slots_prev = slots
6: slots = LayerNorm (slots)
7: attn = Softmax ( 1√

D
k(inputs) · q(slots)T , axis=‘slots’)

8: updates = WeightedMean (weights=attn+ ϵ, values=v(inputs))
9: slots = GRU (state=slots_prev, inputs=updates)

10: slots += MLP (LayerNorm (slots))
11: return slots

2.3.2 Slot Attention

Slot attention is a powerful neural mechanism that bridges attention-based methods with object-
centric learning. At its core, slot attention iteratively refines a set of fixed-sized latent vectors,
called slots, which serve as object representations to be used in a downstream task. During the
refinement process, the slots are iteratively updated to specialise in representing distinct objects,
making the algorithm highly effective for object discovery tasks.

To obtain object-centric representations from unstructured visual data like images, slot atten-
tion relies on a perceptual backbone, such as a Convolutional Neural Network (CNN), to extract
meaningful features for potential objects. The CNN, being used as an encoder, processes the
input data into a grid-like representation of features through its convolutional and pooling layers,
which apply filters over the training data and create feature maps that capture patterns across
the image. Additionally, since Slot Attention is invariant to position, the backbone is augmented
with positional embeddings to incorporate spatial information, making it more suitable for com-
plex binary classification tasks. That is, each point on the feature grid is associated with a
4-dimensional vector, encoding the normalised distances to the borders of the feature map along
four directions (top, bottom, left, right). This embedding makes object decomposition more
accurate by providing more positional context.

Slot Attention is designed to transform the input feature vectors into some number of slots,
each representing distinct objects. As depicted in Algorithm 1, the process begins with the
feature grid and positional embeddings prepared by the CNN backbone and a set of randomly
initialised slots (Line 1). These slots serve as learnable templates that will continuously be
updated towards the ideal distinct object representations. To do so, the algorithm computes
attention weights that determine how strongly each slot attends to specific parts of the feature
grid (Line 7). These weights are normalised across the slots to enforce a competitive process,
ensuring that each feature is primarily associated with one slot. Using those weights, each slot
is updated using a weighted aggregation of the features it attends to (Lines 9, 10), incorporating
the most relevant information. The attention computation and slots update is repeated over T
routing iterations (Line 4), improving the object-centric decomposition with each step. Practi-
cally, the model learns through a reconstruction loss, which is the mean squared error between
the input image and the reconstructed image.

The slots (2.4) generated by Slot Attention are highly versatile and can serve as input for a
wide range of downstream tasks, including classification and generative modeling. In tandem
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with the downstream tasks, training is typically done end-to-end in a unified pipeline. This
allows the learning process to optimise both the slot encoding and the task-specific model si-
multaneously, ensuring that the slots are not only good representations of objects but are also
task-relevant.

Figure 2.4: Example Slot Attention visualisation of per-slot reconstructions, image reconstruction
and alpha masks for the CLEVR6 and Multi-dSprites datasets.

2.4 The Consensus Game

Although the primary focus of this project is not on language models, the methods employed
in the Consensus Game framework, as described by Jacob et al. [10], provide a compelling
foundation for agent interactions, which heavily influence agent and game design of our project.
This section outlines the core components of the Consensus Game and its relevance to the project.

2.4.1 Language Model Consensus

There are two foundational methods for querying a language model: generatively and discrimi-
natively. A generative approach typically involves s producing candidate answers to a question,
while a discriminative approach usually aims to verify question-answer pairs for factual correct-
ness. The two procedures may not consistently produce the same results on the same model due
to some misalignment. The Consensus Game is a game-theoretic framework designed to address
these inconsistencies by reconciling generative and discriminative methods.

The Consensus Game models the interaction between a Generator agent and a Discriminator
agent as a sequential game. The Generator produces candidate outputs while the Discriminator
evaluates their correctness. These interactions are formalised as a signalling game, where the goal
is to reach a coherent agreement between the two agents. The key advantage of this approach is
its ability to improve coherence and truthfulness in model outputs through iterative refinement
and equilibrium search.

Consensus achieved in this model has the following key properties:

• Coherence: This ensures that the two procedures agree on which candidate answers are
correct. In practice, this means that the outputs selected by the Generator align with the
evaluations of the Discriminator, leading to consistent and stable predictions.

• Reasonableness: This ensures that predictions are not arbitrary but remain as close as
possible to the original behaviours of the Generator and Discriminator. This property helps
preserve the integrity of each agent’s initial strategies while refining their outputs to reach
a mutually agreed consensus.

11



These properties are formalised in the game-theoretic framework by leveraging regularised equi-
librium concepts to define both coherence and reasonableness as objectives formally. By solving
the game, the model would align its generative and discriminative query behaviour, achieving
consensus. This is done using the novel Equilibrium-Ranking algorithm.

2.4.2 Equilibrium-Ranking

The equilibrium-ranking algorithm involves the Generator and Discriminator refining their strate-
gies iteratively to maximise their payoffs. The reward structure encourages the Discriminator to
correctly identify the correctness of a candidate answer generated by the Generator. This iter-
ative process converges to a regularised Nash equilibrium, ensuring that the strategies of both
agents are stable and reasonable.

The algorithm begins with an initialisation phase, where the Generator and Discriminator adopt
initial policies based on pre-trained models. These policies are refined through no-regret learn-
ing, where each agent minimises their regret (the distance between the chosen action and the
best action in retrospect) over multiple rounds of interaction. KL regularisation is applied to
constrain the strategies, preventing over-optimisation and ensuring that agents do not deviate
excessively from their initial behaviours.

At equilibrium, the Generator will propose outputs correctly validated by the Discriminator,
ensuring mutual agreement. This alignment minimises inconsistencies in their individual be-
haviours, leading to stable predictions that reflect both agents’ shared understanding of correct-
ness. Practically, the framework can be applied to LLMs to ensure discriminative and generative
queries align well when a user performs a query. For visual models, this concept can be trans-
lated to agents reasoning about object slots and reaching a consensus on their interpretations,
enhancing the faithfulness and stability of the resulting explanations.

2.4.3 The Game Model

Output of a Model

The output of an AI model, such as a language model, can be described as a mapping of inputs
x to outputs y ∈ Y according to the distribution PLM (y | x, v), where v ∈ {correct, incorrect},
indicating whether a correct or incorrect answer is desired. Let V be this set {correct, incorrect}.

Players

• Generator(G): Proposes candidate outputs to a generative query. The Generator pro-
poses answers modelled after the distribution PLM (y | x, correct).

• Discriminator(D): Evaluates the proposals based on truthfulness. The Discriminator
assesses Generator outputs based on the distribution PLM (v | x, y) where v ∈ V.

The strategies of each player are defined using policies πG and πD for the Generator and Discrim-
inator respectively. π

(t)
P is defined as the policy at time step t of some player P . The policies are

normalised across v and y and are initialised using the base distribution PLM representing the
language model. This is important because it allows the extraction of a well-calibrated Generator
and Discriminator from the start.

Action Space

The action space for the players can be described as follows:
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• Generator: The generator selects a natural language string from a finite set of candidates
Y. These candidates could be generated using methods such as top-k sampling from the
language model’s distribution PLM (y |x, correct). With that, πG(y | x, v) ∈ [0, 1] represents
the probability of generating y given query x and correctness parameter v.

• Discriminator: The discriminator’s actions involve selecting a correctness label v based
on the query-answer string provided by the generator. πD(v | x, y) ∈ [0, 1] represents the
probability that v is the right choice given the query-answer pair (x, y).

Rewards and Utilities

A naive approach to rewarding the players would be to give a payoff of 1 to both players if the
Discriminator correctly evaluates the correctness of the Generator’s proposal to a query. This
is sufficient to achieve coherent outputs but the quality and truthfulness of the outputs are not
guaranteed. Therefore, players are penalised when deviating from the intended behaviour of
the model, which is achieved by introducing KL regularisation. Based on the definition of the
rewards, each agent aims to maximise its utility based on its role and objectives while reducing
deviation from their initial strategies.:

• Generator: Encourages outputs that align with the Discriminator’s evaluations.

• Discriminator: Encourages accurate evaluations of the Generator’s proposals.

The utilities of both agents are derived from the requirement to satisfy the desirable properties
of coherence and reasonableness, as described in section 2.4.1. They are defined as follows:

uG(πG, πD) := −λG ·DKL[πG(· | v), π(1)
G (· | x, v)] + 1

2

∑
v∈V

∑
y∈Y

πG(y | x, v) · πD(v | x, y),

uD(πG, πD) := −λD ·DKL[πD(· | y), π(1)
D (· | x, y)] + 1

2

∑
v∈V

∑
y∈Y

πG(y | x, v) · πD(v | x, y),

where λG, λD are the amounts of KL regularisation applied to each player, and DKL is the KL
divergence function.

To achieve reasonableness, the first term represents a regularisation term that the players aim
to minimise to reduce the “distance” from the current policy to the initial policy. The second
term promotes coherence by measuring the alignment between both players’ policies, which the
players aim to maximise.

Game Dynamics

The game progresses in rounds, with the Generator proposing outputs and the Discriminator
providing assessments. Each round is completed, and both agents update their strategies based
on the interactions of the round. The aim of each round in each round is to progress closer to the
equilibrium point while minimising regret, derived from the piKL algorithm [20], and preventing
large deviations from the initial policies π

(1)
G and π

(1)
D . The game dynamics are modeled in

the Equilibrium-Ranking algorithm described in section 2.4.2, which solves both the optimal
strategies of the Generator and Discriminator players.

Outcomes at Equilibrium

Achieving the Nash equilibrium of the game provides an optimal pair of policies for both players.
Based on the utilities of both players, the outcome would have the properties of consensus: coher-
ence and reasonableness. With the optimal policies, one can make generative and discriminative
queries to the respective agents and produce results that align more with their counterparts than
initially possible.
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2.5 Visual Explainability

Explainable Artificial Intelligence (XAI) seeks to make machine learning models more transparent
by providing insights into their decision-making processes. In visual computing, XAI techniques
bridge the gap between human interpretability and the complexity of deep learning models for
tasks like image classification, segmentation, and object detection. This section explores the
inherent tradeoffs in XAI, and the methods employed in the field, building up an understanding
of the requirements and desirable traits in our explainable framework.

2.5.1 Post-hoc Methods

Without any need to modify the underlying architecture of pre-trained models, post-hoc methods
are able to generate explanations by diagnosing the model’s decision. These methods are widely
used due to their flexibility, as they allow explainability to be applied to highly performant
models without any alterations. Examples include Grad-CAM [5], which highlights regions in an
image that contribute most to a model’s prediction, and LIME [6], which approximates feature
importance by perturbing input data. They often use techniques, such as feature importance
attribution, saliency maps and heatmaps, to analyse the model’s decision-making process. This
makes post-hoc methods particularly flexible, as they can be applied to a wide variety of models
while preserving performance. However, post-hoc methods often lack solutions for producing
faithful explanations that accurately represent the model’s internal reasoning, which may lead
to misleading interpretations.

2.5.2 Ante-hoc Methods

Ante-hoc methods aim to embed explainability directly into a model’s decision-making process,
making the model inherently interpretable. These methods seek to avoid the pitfalls of post-hoc
explanations by producing faithful explanations during the model’s inference time and aligning
with the model’s reasoning. Thus, the explanations generated from the model stem from fully
transparent predictions. This makes these models very suitable for high-stakes applications
where trust, accountability, and transparency are essential. Designing such models requires
a rethink of the structure of making predictions, often achieved by introducing architectural
constraints, interpretable feature transforms, or modularising parts of the model. Examples
include ProtoPNet [21], and Self-Explaining Neural Networks [22], which is a framework to
design ante-hoc explainable neural networks. In spite of the benefits, the performance tradeoff is
significant, and building such architectures requires more design effort and domain knowledge.

2.5.3 Explainability-Performance Tradeoff

The integration of XAI in machine learning models often involves a tradeoff between interpretabil-
ity and predictive performance. Highly performant models, such as deep neural networks, are
highly complex “black boxes”, making their decision-making processes challenging to interpret
for a user. Conversely, simpler models like decision trees or linear models provide greater trans-
parency but may lack the performance necessary for complex visual tasks like image classification.

Despite its difficulty, achieving a balance between explainability and performance is crucial.
Post-hoc methods attempt to explain complex models without altering their architecture, pre-
serving performance but potentially compromising explanation fidelity. Conversely, ante-hoc
methods aim to design models that are inherently interpretable, sometimes at the cost of pre-
dictive accuracy or scalability. This tradeoff underscores the importance of selecting appropriate
XAI techniques based on applications’ needs, such as interpretability in high-stakes domains or
performance in resource-constrained settings.
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2.6 Related Work

This section reviews key explainability methods relevant to our work, including both post-hoc
techniques and inherently interpretable models. Grad-CAM, LIME, and Gradient SHAP repre-
sent widely adopted methods that provide saliency or attribution maps to highlight influential
input regions. These methods inform our baselines and provide a direction for evaluating our
framework’s explanation quality.

2.6.1 Grad-CAM

Gradient-weighted Class Activation Mapping[5] is a widely used post-hoc explainability technique
in deep learning image classification that visualises the parts of an input image that contribute
most to a model’s decision. This is achieved by computing the gradients of the predicted class
with respect to the final convolutional layer’s feature maps to obtain importance scores for each
feature map. The gradients indicate the influence of each feature map on the prediction, enabling
the model to produce a class-specific heatmap overlay for visualisation.

Grad-CAM is particularly useful in computer vision tasks such as image classification and object
detection, as it provides interpretable insights into what the model “sees” when making predic-
tions. This technique also aids in debugging model behaviour by helping developers identify
potential biases or errors. This enables higher trust, accountability, and accountability on “black
box” models, making it valuable for industries like healthcare and autonomous vehicles.

2.6.2 LIME

Local Interpretable Model-agnostic Explanations (LIME) [6] is a popular post-hoc explainability
method that explains specified predictions by approximating local decision boundaries of any
black-box model with an interpretable surrogate model, such as a sparse linear classifier. This
is achieved by perturbing the input vector and observing how the model’s probability values
change in response. By fitting a simple model to the perturbations weighted by their similarity
to the original instance, LIME identifies which input features are most influential for a specific
prediction. It is particularly effective for interpreting vision models by identifying image re-
gions that most influence a prediction. This makes LIME useful for debugging individual image
classifications, though results may vary due to sampling noise and approximation instability.

2.6.3 Gradient SHAP

Gradient SHAP [23] combines ideas from Integrated Gradients [24] and SHAP (SHapley Addi-
tive exPlanations) [25] to attribute importance to input features. It estimates SHAP values by
computing the expected gradients of the model’s output with respect to inputs interpolated be-
tween a baseline vector and the true input, generating a more stable prediction of each feature’s
contribution to the model’s prediction.

Unlike Grad-CAM, it focuses on the input level and can be used with any differentiable model,
making it a more flexible and scalable alternative. For vision models, it produces pixel-level
attribution maps indicating which regions most positively or negatively influenced the output.
The SHAP framework provides some guarantees on the consistency and local accuracy of the
attributions, which are crucial for trustworthy explanations.
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Chapter 3

Object-Centric Explananda via Agent
Negotiation

This chapter presents the Object-Centric Explananda via Agent Negotiation (OCEAN) frame-
work, an ante-hoc interpretable vision model that combines object-centric learning with struc-
tured agent interactions to generate inherently faithful and interpretable reasoning chains. Here,
we discuss the design (3.1) and implementation of the framework (3.2).

3.1 Design

Figure 3.1: The End-to-End Learning Framework for OCEAN, showing the slot encoder-decoder
architecture funneling into the downstream Consensus Game task. There, the player interactions
inform the classification ŷ and the generated explanation {A1,A2}. During training, we aim to
minimise the reinforce, cross-entropy, reconstruction losses and an optional regularisation loss,
which are LREINFORCE , LCE , Lrecon and Lreg respectively.

3.1.1 Object-Centric Representations

A key challenge in explainable vision models lies in aligning internal representations with human-
understandable concepts. Traditional feature extractions often lack semantic clarity, making it
difficult to generate explanations grounded in recognisable parts of an image or object. Object-
centric learning (OCL) addresses this by decomposing images into discrete, meaningful elements.
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Slot Attention [12] was chosen primarily due to its lightweight design, effectiveness in unsu-
pervised object discovery, and architectural compatibility with the downstream task. In the
framework, the resulting object-centric representations, slots, serve both as reasoning units for
agent arguments in the Consensus Game (section 3.1.2) and as the foundational components for
classification.

3.1.2 Consensus Game

The Consensus Game module is a key component of our OCEAN framework, tailored to generate
ante-hoc predictions for image classification. The key novelty lies in embedding transparent rea-
soning mechanisms into model’s architecture, enabling inherently faithful explananda (explained
predictions) to emerge as part of a structured dialogue between players during classification. By
simulating cooperative reasoning through a game, we explore whether structured, multi-agent
interactions can produce a more transparent and interpretable classifier. While the Consensus
Game is compatible with arbitrary feature representations and any number of players, we present
it in the context of object-centric slots extracted via Slot Attention used in a two-player game.

The Consensus Game framework consists of two players, P1 and P2, who take turns presenting
a sequence of arguments, A1 = {A1

1,A1
2, ...,A1

n} and A2 = {A2
1,A2

2, ...,A2
n}, before ultimately

making their respective final claims, C1 and C2, regarding the classification of a shared set of slots
S = {s0, s1, ..., sk−1} that represent an image. Players collaboratively select the most salient slots
as arguments to support their claims, which are then aggregated to produce the final classifica-
tion. Finally, both players are equipped with a shared utility U , representing the effectiveness of
their choices of arguments. The framework Γ can be formally defined as the following:

Γ = ⟨S, {P1,P2}, {A1,A2}, {C1, C2},U⟩.

Players

Each player P1 and P2 in the Consensus Game is instantiated as a reasoning agent over a shared
slot pool S. The players are symmetrical in capabilities, differing only in their order of interac-
tion. During their turn, players present an argument Ai

k. When it is not that player’s turn, they
take in information about the newly selected slot from the other player. These selections form
the argument sequence A1 and A2, which culminate in final claims, C1 and C2, respectively. The
claims are class predictions over a fixed set of labels Y.

Player P i’s policy πi : Ht → at maps the current game history Ht, comprising of all argu-
ments put forward, at time step t to the next action at, which is an argument Ai

k at turn k of the
game. Here, we emphasise the distinction between time step t and turn k. Multiple players can
share the same turn number k, but the time step t always increases uniquely with each action.

Arguments

The sequence of arguments put forward in the game supports the final claims made by both
players at the end. An argument Ai

k for player P i at stage k ∈ {1, .., n} composes of two
elements: a slot selection sik and a claim cik, such as in the following:

Ai
k = (sik, c

i
k).

Claims

The claim cik is a class prediction made by the player based on all the slots that have been selected
by both players at turn k. The final claim Ci, specifically, is the claim made by the player P i at

17



the end of the game. When both players have put forward the same claim in their most recent
turn, those claims are deemed as the final claims and are used for classification. Only in the case
where consensus could not be reached, no classification is put forward (abstention).

Game Dynamics

Players take turns making arguments based on the available slots. The game is governed by the
following rules to ensure structured interaction:

• Each player may select only one slot during their turn. This selection can be any slot from
the slot pool, and they may repeat their selections.

• The game terminates when all slots have been exhausted. Alternatively, the game ends
early if both players arrive at the same claim (i.e., reach consensus) on their latest turn.

• A win condition is met only if the players’ consensus matches the ground-truth label.
Otherwise, they lose.

Rewards and Utilities

We employ a shared sparse reward function rΓ, which only instantiates from the players’ final
claims. This reward structure encourages both agreement and correctness, rewarding agents
only when consensus aligns with the ground truth, and penalizing both blind agreement and
disagreement. It is as follows:

rΓ =


1 if Y = C1 and Y = C2,

0 if C1 = C2 but Y ̸= C1,

−1 otherwise

The shared utility function UΓ is then defined as the expected reward over the joint policy of
both agents:

UΓ(π
1, π2) = EC1,C2∼(π1,π2)

[
rΓ(C1, C2, Y )

]
,

where π1 and π2 denote the policies of players P1 and P2, respectively. During training, the
agents are optimised jointly to maximise UΓ, promoting cooperative behaviour that balances
consensus with predictive accuracy.

Equilibrium

In the Consensus Game, each player seeks to maximise their expected utility by learning a policy
that governs their slot selection and final claim. Since both agents share a reward function rΓ
and are penalised for disagreement or incorrect consensus, their optimal strategy is cooperative.

Let πi denote the policy of player P i. Each policy maps a game state history to a distribu-
tion over available actions. The goal of each player is to learn a policy πi∗ that maximises their
expected reward under the joint policy π = (π1, π2):

πi∗ = argmax
πi

Eπ[rΓ]

The equilibrium of the game is reached when both players adopt policies that are mutually
optimal, where neither can single-handedly improve their expected reward given the other’s
strategy. In this cooperative setting with a shared reward signal, the equilibrium aligns with the
joint policy that consistently leads to correct consensus on the classification task.
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3.1.3 Explananda

In our framework, predictions are derived from a structured reasoning process grounded in object-
centric slots. Emerging with the predictions are a transparent reasoning trace. When paired with
the resulting prediction, it constitutes an explanandum: an inherently explained classification.

The final prediction corresponds to the agreed-upon label at the conclusion of the game, as-
suming the agents reach consensus. If consensus is not reached, both players forfeit, and no
prediction is emitted. In this case, the reasoning chain would provide insights into that occur-
rence. Explananda are generated ante-hoc via the structured reasoning chain of slot selections
and claims. This design enables interpretable predictions grounded in distinct, semantically
meaningful objects of the input image.

3.2 Implementation

The implementation consists of two primary modules: a Slot Attention-based feature extractor
and a Consensus Game-based classifier. The entire framework was implemented using PyTorch
in Python and the data flow remains best represented by the diagram above (3.1).

3.2.1 Slot Attention

We employ Slot Attention [12] to extract object-centric representations from input images. It
forms the backbone of our framework by decomposing scenes into a fixed-size set of slots that
serve as inputs to the Consensus Game. Slot Attention is trained as part of an encoder-decoder
architecture that encourages object-centricity through a reconstruction loss.

The encoder is a shallow CNN that maps an input image of shape (B,C,H,W ) to a dense
feature map. Slot Attention then compresses these features into K slot vectors of dimension D,
yielding an output of shape (B,K,D). The decoder reconstructs the image from these slots,
producing both the full reconstruction and individual slot reconstructions with attention masks.
These outputs would prove useful in the downstream reasoning chains.

3.2.2 Consensus Game

Following slot encoding, the Consensus Game module enables any number of agents to iteratively
select slot information with the goal of jointly identifying the correct class label. This interac-
tion is framed as a self-play reinforcement learning game, where each agent must communicate
selectively to reach a consensus. The module can be seen in two complementary ways: as an
ante-hoc visual explanation mechanism that reveals how decisions emerge through inter-agent
reasoning, or as a novel explainable classification approach leveraging multi-agent reasoning.

Player Architecture

Each player in the Consensus Game operates as a neural agent composed of several cooperating
components. The architecture is designed to process partial observations (slots) sequentially,
maintain memory of prior selections, and make decisions that improve classification accuracy
over time. The player is implemented as a composition of six main components: a recurrent state
encoder, an index embedder, a modulator, a policy network, and a classifier. These components
are trained jointly to optimise the performance objective of succinct informative selections and
accurate classifications. First, to build intuition, we begin with a simplified overview of the
player architecture. The diagram (3.2) illustrates the three core stages: (1) updating internal
state, (2) making a selection and (3) making a classification. It abstracts away component-level
details such as the dual RNN path and slot modulation.
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Figure 3.2: Simplified view of a player agent, namely player P 1, showing high-level modules and
data flow during turn k and time step t, where Ht is some fixed-size encoding of the history of slot
selections, sik is a slot vector selected by player P i, cik is a claim by player P i, and Ai

k = {sik, cik}.

Temporal Processing and Contextual Embedding. To reason over sequences of slot se-
lections, each player maintains an internal memory of the selection history Ht using a Recurrent
Neural Network (RNN), capturing the evolving state of the game from their perspective. At
turn k, player P i observes a selected slot with embedding sjk and a index embedding pjk (adapted
from transformers [26]), where j denotes the player Pj who originally selected the slot, which
could be either player. The index embedder is a learned embedding layer that maps slot indices
to fixed-size vectors, enabling the model to distinguish between different slot indices.

These embeddings are summed and passed through the player-specific modulator network Mi, a
lightweight multi-layer perceptron (MLP) that reparameterises the input into a more informative
representation:

ejk = Mi(sjk + pjk)

This representation is then fed into the RNN Ri of player P i, which updates its hidden state hit
at time step t:

hit = Ri(ejk, h
i
t−1)

To enable the policy network to make informed decisions from the very beginning of the game,
we initialise the RNN hidden state hi0 with knowledge of the entire slot pool. This is done
by sequentially processing all available slot embeddings through the RNN prior to the start of
the game. However, this initialisation incorporates full information, which is incompatible with
our intention with the classifier, where predictions should be based solely on cumulative evidence.

To resolve this, we maintain two separate RNN hidden states per player P i throughout the
game. The first, denoted hΠ,i

t , is used by the policy network and is initialised with all slots,
providing a strong prior for action selection. The second, hC,it , is used by the classifier and is
initialised to zero, updating only as new slots are selected during gameplay. This separation en-
sures that the classifiers operate under partial information constraints, while the policy network
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benefits from full-slot context for strategic selections. The two RNNs may share architecture and
parameters, but they operate over disjoint information flows:

hΠ,i
t = RΠ,i(ejk, h

Π,i
t−1) (Policy path)

hC,it = RC,i(ejk, h
C,i
t−1) (Classifier path)

Action Selection and Value Estimation. The player’s policy network is an MLP that
produces a distribution over available actions at each time step. It receives the hidden state ht
as input and produces a logit vector πt, which is passed through a softmax to define a stochastic
policy:

πt = Πi(hΠ,i
t )

Figure 3.3: Partial architecture of player 1, showing component interactions and data flow at
time step t and at turn k. We omit components such as the baseline network and the index
encoder as they are implicit in the interactions.

Classifier as Feedback Mechanism. Central to the system is a classifier local to each player
that integrates the selected slot features to predict the true class of the input instance. Each
player maintains its own classifier instance, which receives the cumulative set of slot embeddings
chosen up to the current time step. The classifier produces a distribution over class labels via a
softmax layer, and the confidence assigned to the true class label is used to compute both sparse
and dense reward signals, depending on the training regime. The classifier thus serves both as a
target for individual inference and as a feedback channel to guide each player’s learning.

Game Implementation

Here, we establish the distinction between the Consensus Game environment and the Consensus
Game module. The environment functions as a turn-based game engine (Figure 3.4) that simu-
lates the interactive setting in which agents operate. It maintains the state of the game, enforces
constraints (3.1.2), tracks which agent’s turn it is, and manages the progression of the game by
applying each agent’s actions. It is also responsible for emitting sparse rewards at the end of the
episode based on whether agents reached an agreement and whether that agreement was correct.
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Figure 3.4: The Consensus Game Environment shows interactions between players P1 and P2.
Each player P i emits a selection sik and a claim cik to the environment and each other at turn k.
Depending on their claims and confidence, they may satisfy the end condition, when the game
ends and rewards are calculated. With that, the player would generate an explanation and a
prediction, based on the selections and final claims C1, C2.

In contrast, the module is a neural controller responsible for learning and coordinating player
behaviour. It manages the agents, executes the game loop, and computes losses to train both
the policy and classification components. Each player is modelled as an independent agent, se-
lecting slots and making claims over multiple turns. The module supports both policy-based
reinforcement learning (via REINFORCE) and supervised learning (via cross-entropy), and in-
cludes regularisation mechanisms such as entropy bonuses and redundancy penalties to encourage
effective and concise reasoning.

In the Consensus Game module, the players are coordinated to take turns selecting slots and
making claims. To do so, turn management is handled by the environment, which maintains
the current player index and enforces the order of actions, while the module queries the active
player’s policy network and classifier to produce probability distributions over possible slot se-
lections and claims. Slot selections are stored in the environment and propagated to each player
within the module to ensure well-informed decisions.

Rewards

In practice, we found that the initially designed sparse reward model, which only provided feed-
back at the end of the game, limited the agents’ learning efficiency and led to poor strategies. To
address this, we implemented a dense reward function that offers intermediate feedback at each
turn, encouraging players to make moves that incrementally increase classification confidence.
This leaves the adjustments for classification correctness to the cross-entropy loss.

At every turn k of the game of length K, each player outputs a probability distribution over
class labels. Let pik denote the probability assigned to the ground-truth class Y by player P i at
turn k. The reward for that turn is computed as the gain in confidence relative to a baseline
value p0, which can be initialised as zero or the uniform probability |Y|−1. The per-turn reward
is thus:

rik = pik − p0
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This formulation incentivises agents to select informative slots that gradually build up confidence
in the correct class, even before reaching the final prediction step. An example can be seen in
Figure 3.5.

Figure 3.5: Example per-turn reward assignment for players P1 and P2. The green arrows show
the argument dependencies, while the black arrows show the emission of the claim-confidence
pairs (cik, p

i
k) for player P i at turn k. The rewards are calculated using rik = pik − p0, where

p0 =
1
7 .

.

We also experimented with an alternative reward scheme based on relative changes in confidence
between players, defined as:

rik = pik − p−i
k−1

This approach also improved learning efficiency but introduced a risk of reward hacking, where
agents could suppress early confidence to artificially inflate perceived improvement later. This
undermined the integrity of the learning signal. As a result, we adopted the more stable and
interpretable absolute-confidence-based dense reward formulation.

Training

The model is trained end-to-end through a combination of reinforcement learning and super-
vised learning objectives. Each epoch consists of multiple consensus games played over batches
of input instances. For every batch, slot embeddings and class labels are extracted and passed to
the game environment, which orchestrates the game dynamics such as the starting player, turn
order, and game termination. To mitigate ordering bias, the starting player is alternated across
batches. During training, the number of turns per game is fixed, simplifying reward attribution
and ensuring consistent episode lengths.

At each time step, the active player selects a slot and optionally issues a classification claim.
After each episode concludes, a reward signal is computed based on each players’ classifiers’
confidence in the correct label. This reward is used to train the players’ policies via the REIN-
FORCE algorithm. Concurrently, cross-entropy losses are computed between the classifier logits
and the ground-truth labels, and updates both player’s classifiers separately.
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Inference

During inference, the Consensus Game operates very similarly to training mode depending on
the end condition. Instead of running for a fixed number of turns, the game terminates once
a certain condition is satisfied or until a maximum number of turns. This setup enables the
agents to reach a dynamic consensus based on selected factors, rather than being constrained to
a fixed interaction length. There are a few options for the end condition that we tested with,
the results of which would be detailed further in chapter 5. This is a summary of the different
end conditions for the consensus game:

• Consensus: The game ends once all players have made the same classification claim, which
models convergence of opinions across players. This is extended further to also account for
classifier confidence in their claim. This combines both agreement and sufficient certainty.

• Repetition: The game terminates when any player selects the same slot more than once.
This provides a mechanism for a player to end the game early, showing that there was not
a more informative slot to choose from than to repeat. This can be tuned to be stricter to
apply across all selections between players.

• Decreasing Confidence: The game ends if a player’s classification confidence decreased
due to an additional selection. This allows early stopping when confidence degrades with
more evidence.

A special case for the “Consensus” end condition emerged when analysing the reasoning chains
and occasionally observing redundant selections in order to reach agreement. As an analogy,
typical discussions between two people would have them providing their points and agreeing on
a decision after some time. The key thing we mimicked for this end condition is to allow the
players to agree without providing another argument, by adding a pre-selection claim step to
check if the other player’s arguments have “convinced” the current player.

End conditions play a very important role in the Consensus Game. Not only keeping reasoning
chains concise, they align players’ claims and provide a baseline to achieve before a trustworthy
classification can be put forward.

Ablations and Improvements

During the development of the Consensus Game module, we encountered several challenges and
unexpected behaviours that required careful analysis and iterative refinement. To address these,
we conducted a series of ablation studies and experimented with different design choices across
various components of the system. These investigations not only helped us identify the critical
factors affecting performance but also guided improvements in model stability, learning efficiency,
and overall robustness. Most of these ideas were detailed above. However, there were a few ex-
periments that yielded mixed results.

The following points summarise the experiments that were not used in the final implemen-
tation, but did reinforce the design choices that were made and helped determine additional
improvements:

• Shared RNN: An early experiment was using only a single shared instance of RNN to
encode shared hidden states between both players. We maintained the dual RNN paths
for the policy network and classifier due the difference in encoded information, but the
paths both branched from the same RNN. Our intention was to unify the encoding process
and the information that was available to both players, which would encourage the players
to make decisions and classifications more in alignment with each other. However, we

24



found that this had no measurable effect on the prediction accuracy, convergence speed,
or the quality of slot selections. In fact, decoupling the RNNs offered greater architectural
flexibility in the long run.

• Different reward models: As mentioned earlier (3.1.2), we initially used a sparse reward
function. This approach failed to provide sufficient learning signal for players to develop
effective slot selection strategies. Transitioning to a dense reward model improved per-
formance significantly (3.2.2). However, with different inference-time end conditions, we
also tailored the reward function to include additional rewards. For example, when repe-
tition was used as the stopping criterion, we provided positive reinforcement for selecting
repeated class-relevant slots, scaling rewards by a tunable weight, typically wrepeat = 0.2.
Despite the gains, we observed that excessive reward shaping could inadvertently bias the
learning process, leading to overfitting to highly specific behaviours or even suppressing
exploration.

• Regularisation Losses: We designed three different types of regularisation losses, namely
a diversity term, a selection uniqueness term, and a consensus term. While optional,
these regularisation terms help provide a learning signal to encourage certain desirable
behaviours in explaining the classification. The diversity term encourages the agents to
select semantically different slots over time, reducing selections of similar slots, which
should be impactful as Slot Attention may generate slots that appear identical to another.
The selection uniqueness term could be used to either encourage or penalise repeated
selections of the same slot, depending on the end condition. Finally, the consensus term
rewards alignment of the two agent’s final predictions, reinforcing collaborative behaviour,
although not showing significant benefit towards convergence speed nor consensus rates.
This suggests that the classifiers obtain sufficient signal from the cross-entropy loss already.

3.2.3 End-to-End Learning

The transition from a modular pipeline to an end-to-end (E2E) learning framework involved inte-
grating the Slot Attention and Consensus Game modules into a unified training loop. To enable
joint learning, we modified the architecture so that gradients from the Consensus Game could
propagate backward through the Slot Attention module. This allowed the slot representations to
be shaped directly by the downstream classification objective, aligning slot discovery with task
relevance, as proposed by Locatello et al [12].

In practice, this introduced a strong learning signal from the cross-entropy loss associated with
the classifiers’ predictions. We found that this loss term significantly influenced the slot repre-
sentations, often overpowering the original slot reconstruction loss due to a mismatch in their
magnitudes. To address this, we introduced a weighting factor on the reconstruction loss to
maintain object-centric quality in the slots while still benefiting from task-driven supervision.
This adjustment enabled more informative and class-discriminative slot encodings to emerge
during training. However, a noticeable side effect emerged, where ungrounded or empty slots
began to carry sufficient information to support correct classifications. As a result, the agents
did not have to pick actual object-centric slots, in order to successfully complete the game with
high rewards. This undermined the interpretability of the generated explanations, as success in
the game no longer guaranteed that the agents were grounding their arguments on objects in the
input image. While constraints could, in theory, be applied to enforce object-centricity, they felt
very forced.
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Figure 3.6: Reward injection into Slot Attention training. The Slot Attention module encodes
the input image into slots (detached) used by Consensus Game, producing a reward signal,
which is incorporated into the reconstruction loss Lrecon. This occurs in congruence with the
backpropagation of the losses LCE and LREINFORCE within the Consensus Game module.

This was when we moved towards a learning paradigm that isolates the two modules better, while
still providing an outlet for encouraging better slot encodings. The Expectation-Maximisation
algorithm [27] inspires our training algorithm, where we have two maximisation steps aimed at
maximising the reward outcome. In the first step (3.6), the Slot Attention module acts as the
latent variable model, with the Consensus Game frozen. Slot Attention is updated to provide
slot representations that better support downstream decision-making. The update comes in the
form of an augmented reconstruction loss, where we subtract a scaled mean reward, thereby
encouraging slot encodings to also correlate with high-reward outcomes. In the second step, the
Consensus Game module is updated based on the current slots, with upstream Slot Attention
module frozen, which is equivalent to the training protocol of the pipelined version of our ar-
chitecture. The alternating updates decouple the learning dynamics of the two components and
reduce interference.

Following EM training, the slot reconstructions look identical to the ones obtained from the
original pipeline setup, suggesting that the added reward signal did not compromise the percep-
tual quality of the extracted slots. By framing the optimisation steps as an EM loop, we decouple
the pressure from the combined loss from Consensus Game, while allowing some reward signal to
flow back to the slot autoencoder. We also observed incremental improvements in accuracy and
quality of explanations as a result of E2E learning, where its evaluation is detailed in chapter 5.
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Chapter 4

Experimental Setup

In this chapter, we discuss the methods we employ to evaluate the quality of our framework. A
good evaluation of our framework requires not only measuring classification accuracy, but also
assessing how faithfully and clearly it traces it’s decision-making. This motivates the need for
metrics that reflect not just predictive success, but also interpretability, efficiency, and agent col-
laboration. Notably, to determine where our framework stands with the state-of-the-art visual
explainability mechanisms, we conduct a user survey to gauge their opinions on the interpretabil-
ity of the explanations of our framework and the baselines.

We begin by selecting suitable datasets (4.1) and baselines (4.2), followed by specifying model
training hyperparameters for various versions of our framework (4.3). We also discuss the metrics
to collect when evaluating our framework on both prediction and explanation quality (4.4).

4.1 Datasets

The success of this framework depends on datasets that support object-centric reasoning and
interpretable explanations. Suitable datasets must feature multiple objects with compositional
variability, where the images exhibit diverse combinations of object attributes such as colour,
shape and position. Importantly, the images should be labelled based on logical rule-based
conditions such as “a red square left of a green circle”. These requirements ensures that the task
has a well-defined reasoning component. Here, we discuss two datasets that would be used in
the project.

4.1.1 CLEVR-Hans

CLEVR-Hans [28] extends from the original CLEVR [29] diagnostic visual reasoning dataset
adapted for binary classification tasks. The dataset features images of 3D scenes with multiple
coloured geometric objects on a plain grey background. Each image is associated with a label
derived from a specific logical rule (e.g., “Large (gray) cube and large cylinder”), enabling study
of concept learning and generalisation. The training and test splits are carefully constructed to
assess whether a model can generalise to novel object combinations and avoid shortcut learning.
For example, certain colour-shape combinations may not be seen during training but only appear
in new configurations at test time for the test split (non-confounded). For example, “(gray)” in
“Large (gray) cube and large cylinder” is an attribute of the large cube that is present in every
training image for that class, but during test time, the gray attribute is optional. We will
be testing with both splits (confounded and non-confounded) to analyse the generalisability of
our model. Finally, the dataset’s scenes with clearly distinguishable objects make the dataset
particularly well-suited for mechanisms like Slot Attention.
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4.1.2 Multi-dSprites

Multi-dSprites [30] builds on the single-object dataset dSprites [31], where each image consists
of a white object set against a uniformly black background. This version of the dataset that we
are using contains up to four coloured objects against a coloured background. The images varies
by object positions, shape, colour, orientation, scale and number. The dataset includes are four
object types: background, square, ellipse, and heart. The dataset did not include binary labels,
as it is primarily intended for object discovery. To adapt it for our framework, we introduced
five logical classes:

• Class 0: A red square and a heart.

• Class 1: Two hearts on the left side.

• Class 2: An ellipse and two squares.

• Class 3: A bright object infront of a dark background.

• Class 4: Three different shapes on the right side.

This addition introduces object-based logical reasoning into a previously unsupervised dataset.
However, unlike CLEVR-Hans, we do not construct a non-confounded split, making it less suit-
able for evaluating generalisation, but still valuable for assessing structured reasoning and inter-
pretability.

4.2 Baselines

We developed a few experimental baselines to evaluate our framework against in terms of pre-
diction and explanation quality. The results of these baselines would be helpful in indicating the
performance of our framework on both fronts.

4.2.1 Prediction Baselines

We employ two methods for our classification prediction baselines, both of which uses the stan-
dard feature extractor + multi-layer perceptron (MLP) framework.

CNN Feature-Based Classification

This baseline uses a standard convolutional neural network implementation, ResNet18 [13],
trained directly on images to perform binary classification. The network processes the image
through multiple convolutional layers to extract spatial features, which are then aggregated us-
ing global average pooling and passed through a fully connected layer for final prediction. This
setup evaluates how well a conventional image classifier can perform without explicit object
decomposition.

Slot-Based Classification

In this baseline, object-centric representations obtained from the Slot Attention module are
used as input to a MLP for classification. Each slot corresponds to a distinct object-like region
in the image, and the entire set of slots is flattened and processed jointly by the MLP. The
MLP is trained E2E with the Slot Attention module, as employed in this project’s framework.
This approach tests whether decomposing a scene into discrete object representations can aid in
learning more interpretable and potentially generalisable classifiers.
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4.2.2 Explanation Baselines

Here, we explain how the explanation baselines were derived to generate explanations for the
various state-of-the-art explanation mechanisms. These baseline explanations will be evaluated
against the explanations generated from our framework, in a human survey specified in 4.4.1.
We implemented the explanation mechanisms on top of the baseline models. As the mechanisms
below are tailored to CNN-based classifiers, we will be discussing more on integrating the ex-
planations mechanisms with the slot-based classifier. See section 2.6 for a background on these
mechanisms.

Grad-CAM

Grad-CAM generates visual explanations by highlighting regions of the input image that con-
tribute greatly to the model’s decision. It uses the gradients of the target class flowing into the
final convolutional layer to produce a coarse localisation map, which determines which features
were important for the prediction. This method was first applied to the CNN baseline and ada-
pated for the slot-based classifier by computing gradients with respect to individual slots. By
doing so, we were able to compute an importance score associated with each slot, showing which
slots were important in the classifier’s decision.

For visualisation, Grad-CAM typically displays a coloured heatmap over the input image. With
the version for the slot-based classifier, we observed that the highlighted regions often fitted
over the objects nicely, and thus lacked clarity that the object was highlighted. The resulting
explanations, while indicating slot-object contributions, were visually ambiguous and difficult to
interpret. Thus, we utilise a different approach where the slots with lower importance scores are
masked out instead. This method offers a unique opportunity for comparison with our frame-
work’s explanations, as both are object-centric. However, the key difference lies in presentation:
this approach produces explanations within a single image, whereas our framework distributes
them across multiple images in a dialogue-style.

Figure 4.1: Grad-CAM Example for classification of a CLEVR-Hans image (class 0: Large Cube
and Large Cylinder) for a CNN-based classifier (left) and a Slot-based classifier (right).

LIME

LIME, a model-agnostic mechanism, approximates the classifier locally with a simpler inter-
pretable model by perturbing the input vector and observing changes in prediction. For our
baselines, LIME highlights regions that contribute most to the classification by drawing around
the boundaries of the regions. There were two approaches to applying this method to the
slot-based classifier, where LIME perturbs either the raw image vector or the individual slot
representations. We decided on the former, as this approach aligns better with LIME’s design
and does not produce a repeat of the importance score method we used for Grad-CAM.
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Figure 4.2: LIME Example for classification of a CLEVR-Hans image (class 0: Large Cube and
Large Cylinder) for a CNN-based classifier (left) and a Slot-based classifier (right).

Gradient SHAP

Gradient SHAP is unified framework combining Integrated Gradients and SHAP (SHapley Ad-
ditive exPlanations) values to estimate the contribution of each input feature. Effectively, it is
similar to importance score assignment for each pixel or feature region in the image. We apply
Gradient SHAP to both baselines, which produced similar results in the explanations.

Figure 4.3: Gradient SHAP Example for classification of a CLEVR-Hans image (class 0: Large
Cube and Large Cylinder) for a CNN-based classifier (left) and a Slot-based classifier (right).

4.2.3 Prior Work Comparison

A natural baseline for comparison would be the prior work, Visual Debates [7], which we draw
inspiration from and also employs a multi-agent game for explanation generation. However, we
chose not to inlude it as a direct experimental baseline due to several key difference in design
assumptions, scope, and applicability.

First, the two frameworks are situated in fundamentally different domains. Our approach lever-
ages object-centric representations via Slot Attention, which is well suited for synthetic multi-
object datasets where discrete object-level reasoning is important. In contrast, Visual Debates
operates on quantised latent features of CNNs, which are better aligned with high-resolution
single-entity images such as those of the AFHQ dataset [32]. Second, while both methods uses
multi-agent interactions for explanation generation, the underlying representations and modes
of interaction differ significantly. Our framework aims to provide arguments in support of the
classification, while Visual Debates provides arguments for and against the classification.

Given these differences, we find it more appropriate to compare our method against standard
state-of-the-art explanation methods like Grad-CAM and LIME, which generalises well across
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varying types of datasets including multi-object datasets. Nonetheless, we consider Visual De-
bates as an important conceptual predecessor, where our framework was motivated by the lack
of interpretability of entangled concepts in the explanations.

4.3 Model Training

When pre-training an initial Slot Attention model, we opted for an input resolution of 64× 64,
but we extended our experiment to include 128 × 128 as well. Then, we trained E2E three
representative configurations of the framework for evaluation.

4.3.1 Slot Attention Specification

Two configurations were adopted based on image resolution: one for 64× 64 inputs and another
for 128 × 128 inputs. While the core architecture and algorithm remained consistent across
resolutions, the higher resolution model employed wider convolutional layers to accommodate
the increase in detail of the input images. Both models were pre-trained with a reconstruction
objective on the two synthetic datasets to ensure the slots are encoded meaningfully before
engaging in E2E training with the Consensus Game module. The table below summarises key
hyperparameters used in each configuration.

Parameter Slot Attention (64× 64) Slot Attention (128× 128)

Input Resolution 64× 64 128× 128
Network Width 64 128
Slot Dimension 64 128
Routing Iterations 3 3
Epochs 500 1000
Learning Rate 2× 10−4 5× 10−5

Weight Decay 1e-6 1e-6

Table 4.1: Pre-training configuration for the Slot Attention model at 64 × 64 and 128 × 128
resolutions prior to training E2E with Consensus Game.

When we perform E2E training, we made some adjustments to the Slot Attention training
specification to account for the augmented reconstruction loss, which is influenced by the reward
signal from the Consensus Game module. In particular, we reduce the learning rate (1× 10−5)
and weight decay (5 × 10−7) to stabilise training and prevent the slot encoder from overfitting
to the reward signal too quickly, allowing more gradual updates to the slot representations.

4.3.2 Consensus Game Specification

To evaluate the impact of different gameplay dynamics and learning settings, we trained three
representative configurations of the Consensus Game module in tandem with a pre-trained con-
figuration of the Slot Attention module. These configurations are denoted as Config A, B and
C. They are summarised as follows:

• Config A: We utilise the 64× 64 variant of the Slot Attention module for lower resolution
slots in the Consensus Game, with the consensus-based end condition. The end condition
here depends on the players arriving to the same claim while having a confidence that
exceeds the threshold, 70% Conf(idence).

• Config B: We augment the end condition of the 64 × 64 variant to trigger on repeated
selections by any player. To encourage this behaviour and end games early, we reward
repeated good selections (scaled by 0.2), as described in section 3.2.2.
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• Config C: We repeat Config A for the 128 × 128 variant of the Slot Attention module,
with some modifications in the component widths.

Parameter Config A Config B Config C
Input Resolution 64×64 64x64 128×128
Epochs 1500 1500 2000
Learning Rate 2e-5 2e-5 2e-5
Training Game Length 6 6 6
Reward Strategy Conf Conf + Repeat Conf
End Condition Consensus w/ 70%

Conf
Repetition Across

Players
Consensus w/ 70%

Conf
RNN Input Size 128 128 256
RNN Hidden Size 128 128 256
Classifier Width 256 256 512
Policy Width 256 256 512

Table 4.2: Training configurations for three variants of the Consensus Game model.

4.3.3 Additional Experiments

We planned and executed various experiments throughout the duration of the project, where we
explored different ablations, implementations and set ups. Here, we introduce some of the inter-
esting experiments we had conducted. We use the CLEVR-Hans7 dataset as our representative
testbed. Given that these experiments are designed to isolate specific architectural or training
effects, a single dataset would provide sufficient evidence to validate observed behaviours. With
that, we also fix the training and architectural hyperparameters across experiments wherever
applicable, allowing us to attribute any changes directly to the experimental variable under
investigation. The results can be found in section 5.5.

Pipelined and End-to-End Training

One key experiment planned from the start of the project involved compared pipelined training,
where the Slot Attention module is pre-trained and frozen, with full end-to-end training of the
entire framework. This comparison helps reveal how tight coupling between the slot encoder and
the reasoning game affects interpretability and performance. The pipelined setup offers greater
stability and preserves object-centricity in the slots, as the loss value used for training the Slot
Attention module is based purely on the reconstruction loss. However, end-to-end training
provides a reward signal to the Slot Attention module allowing for task-specific adaptation of
the slots, potentially improving classification accuracy of our framework, albeit at a risk of
introducing slot entanglements and reduced object fidelity. This experiment helps us understand
how training dynamics influence both predictive performance and interpretability.

Partial Visibility of Slots Across Players

This experiment explores the effect of limiting the visibility of the slot pool between players.
In the standard setup, each player is able to observe the entire set of slots. Here, we modify
the environment so that each player can only observe and select from a disjoint subset of the
slot pool. For example, in a two-player game with 10 slots, player 1 may observe slots 1 to
5, while player 2 may observe slots 6 to 10. This setup tests the information sharing ability
of both agents, as they must collaborate to reach consensus and produce a coherent reasoning
chain. By comparing behaviours and performance between the full visibility and partial visibility
settings, we can better understand the role of shared visual information in our setup. Finally,
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to standardise the action space for both players, we look to split the slot pool evenly among the
players. For CLEVR-Hans7, we fix the total number of slots to 10, such that both players have
access to 5 slots each.

Different Number of Players

Here, we explore how varying the number of players affects predictive performance, consensus
rates, collaborative reasoning, and explanation quality. While our framework is designed around
two-player interactions, it can naturally extend to single-player or to configurations with three
or more players. A single-player variant removes the need for consensus and serves as a useful
baseline for evaluating the added value of collaboration in the reasoning process. On the other
hand, introducing additional players increases the complexity of coordination and may affect
consensus rates, redundancy in selections, or the coherence of the generated explanation.

Tuning Confidence Threshold

With this experiment, we only alter the confidence threshold for the inference end condition.
We vary the threshold from 0% to 100% in 10% incrememts on the Config A setup. Increasing
this threshold means that the agents are more confident in their claims before the game con-
cludes, providing more accurate predictions due to the additional slots needed. This variable
can be changed after training has concluded and thus this experiment would not be computa-
tionally costly. The results of which would provide users of our framework in choosing a suitable
confidence threshold when employing the consensus-based end condition.

4.4 Evaluating Explanations

It is challenging to evaluate the explainability of any model objectively as there is no univer-
sally accepted heuristic for what constitutes a “good” explanation, unlike accuracy in measuring
prediction quality. To address this, we adopt the strategy detailed below. First, we conduct
a survey to capture subjective opinions of explanation quality, interpretability and usefulness.
Then, to distinguish varying configurations of our framework, we build up a comprehensive set
of metrics to gain additional insights into their explananda.

4.4.1 Survey Specification

Objective:

The purpose of the survey is to evaluate the interpretability and effectiveness of our OCEAN
framework by comparing it against the state-of-the-art post-hoc explanation methods. The study
aims to determine whether participants are able to infer the predicted class from an explanation
alone, indicating how understandable and intuitive each explanation method is.

Target Audience:

The survey targets students and academic researchers, with some computer science/machine
learning background. However, the task does not require deep technical knowledge and is also
suitable for participants with general analytical skills.

Methodology:

Participants will be tasked with guessing the predicted class of the model based on the explana-
tions alone. Explanations generated from most explanation mechanisms rely on the input image
for highlighting regions of the image. Thus, the survey will also include six statements that
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the participants will rate using a Likert scale. They will score each statement from 1 (Strongly
Disagree) to 5 (Strongly Agree):

• It is clear which parts of the image is the explanation.

• The explanation was easy to interpret without prior technical knowledge.

• The explanation would help me identify errors or biases in the model’s prediction.

• The explanation only focused on relevant parts/objects of the image.

• The explanation helped me understand why the model predicted the class.

• I am satisfied with the quality of the explanation.

For each statement, we investigate these aspects respectfully: clarity, interpretability, error and
bias identification, relevance, understandability, and satisfaction. This line of questioning would
be repeated for five different explanation mechanisms and for two datasets. We use different
images for each explanation to avoid familiarity of answers. The five mechanisms are: LIME,
Grad-CAM, Grad-CAM on Slot Attention, Gradient SHAP and our OCEAN framework. Grad-
CAM was the only explanation baseline built on top the slot-based classifier chosen for this
survey. This is due to the explanations for LIME and Gradient SHAP being indistinguishable
from their CNN-based counterpart.

Following collection of results, the correctness of the participants’ answers and the average Lik-
ert scores would provide us an indication of the intuitiveness and understandability of different
explanations.

4.4.2 Metrics

For our framework, we are able to quantitatively measure a number of metrics based on various
aspects relating to: slot encodings, slot attention values, argument selection, game length, policy
and classifier confidence, agent rewards, and player claims. Each metric is selected and designed
in alignment with the key objectives we consider desirable in an explainable object-centric frame-
work: correctness, interpretability, coherence, and informativeness.

Firstly, we find that correctness, consensus and confidence of player claims are central to eval-
uating the effectiveness of the Consensus Game. We assess how often both players’ claims are
aligned and correct with respect to the ground truth label. These metrics helps us compare
different framework configurations and game dynamics in terms of correctness and reliability.

Next, game length can help measure selection efficiency and quality of arguments. High consen-
sus and low game lengths would suggest the policies had learnt good strategies for slot selection.
We can support that by observing the per-slot attributed attention values given by Slot Attention
to determine the quantity of information in each slot. This quantity of information can be used
as a heuristic for determining whether a slot corresponds to an object. In addition, uniqueness
of slot selections would allow us to determine whether the model is able to balance between
diversity and coherence in the agents’ arguments.

Finally, with Slot Attention now trained end-to-end with the Consensus Game, it may diverge
from its optimal weights due to external influence on its reconstruction loss. As a result, it is
imperative to monitor the loss and the slot image reconstructions in maintaining the quality of
slot decompositions, and thus maintaining interpretability.
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Chapter 5

Experimental Results

With the models evaluated, we present a comprehensive evaluation of our framework across
multiple axes, including classification performance, interpretability, and explanation quality. We
first touch on the Slot Attention performance (5.1). Next, we discuss the classification results
obtained from our baselines and different configurations of our framework (5.2). We then analyse
metrics from the Consensus Game (5.3) and the results from our survey (5.4). Finally, we discuss
the results of various interesting experiments (5.5) conducted during the course of the project.

5.1 Slot Attention

As training the slot encoder is more computationally intensive and requires significantly longer
convergence times, the optimal method to train our framework is to “warm up” the Slot Attention
module. This can be achieved in two ways: train the slot attention module exclusively for some
number of epochs or load in pre-trained weights. The examples shown below (5.1) were generated
from a pre-trained slot encoder-decoder purely on its own reconstruction loss.

(a) Slot Attention outputs for a 64×64 image.

(b) Slot Attention outputs for a 128×128 image.

Figure 5.1: Breakdown of slot representations and reconstructions produced by Slot Attention
at two different input resolutions for an image of the CLEVR-Hans dataset.

We observed good results (5.1) across the configurations (4.3.1). Although they have compa-
rable reconstruction losses, the quality of the segmentation masks is much worse in the higher-
resolution model. These masks were often unevenly filled and failed to cleanly isolate objects,
resulting in less interpretable slot reconstructions, as seen in Figure 5.1. This discrepancy may
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stem from the increase spatial complexity in higher-resolution inputs, creating a harder optimi-
sation problem with many possible (sub-optimal) local minimas. Further work and tuning has
to be put in, in order to make the framework more scalable for higher-resolution images.

Datasets/Input Size→
Training Stage ↓

CLEVR-Hans Multi-dSprites
64× 64 128× 128 64× 64

Pre-Training (×10−3) 1.847 1.046 6.712
Post-E2E (×10−3) 1.264± 0.229 1.168± 0.252 6.099± 0.117

Table 5.1: Comparison of Slot Reconstruction Loss across input resolutions measured following
pre-training of the Slot Attention module and an average value following E2E training across
multiple runs.

5.2 Prediction Quality

A natural choice of evaluation of a classification framework is measure its prediction quality across
various datasets and input resolutions. In this section, we assess the predictive performance of our
proposed framework by comparing it against two standard baselines (4.2), a CNN-based classifier
and a Slot-based classifier. We utilise three representative configurations of our own model,
denoted as Config A, B, and C (4.3). We report results on three synthetic multi-object datasets,
CLEVR-Hans3, CLEVR-Hans7, and Multi-dSprites. This evaluation will help quantify how
well our framework performs classification while maintaining the structural constraints needed
for interpretability and partial observability of the entire input. Additionally, we analyse a
representative model’s incorrect predictions to see in which aspects it struggles in.

5.2.1 Accuracy Metrics

To evaluate predictive performance, we compute standard classification metrics: accuracy, pre-
cision, recall, and F1-score, derived from three independently seeded runs. This evaluation is
applied consistently for the baselines and our framework. Where relevant, we also report the
results for multiple input resolutions.

Baseline results (5.2) were collected using a standard ResNet implementation trained on im-
ages of resolution 224 × 224, and a Slot-based classifier evaluated at resolutions of 64 × 64 and
128 × 128 across all datasets (except for Multi-dSprites on the 128 × 128 configuration). The
baselines serve as performance anchors, particularly in scenarios where full image observablity
and unconstrained inference are available.

Configs/Input Size →
Dataset ↓

ResNet Slot MLP Config A
224 64 128 64

CLEVR-Hans7 (CF) 90.32± 0.06% 86.70± 0.08% 85.34± 0.45% 77.64± 1.04%

CLEVR-Hans7 (NCF) 83.54± 0.09% 86.66± 0.07% 86.39± 0.19% 70.15± 1.23%

CLEVR-Hans3 (CF) 93.11± 0.25% 86.62± 0.38% 87.90± 0.69% 78.50± 0.48%

CLEVR-Hans3 (NCF) 60.93± 0.58% 85.60± 0.18% 88.76± 0.25% 52.58± 0.54%

Multi-dSprites 83.20± 0.41% 92.72± 0.14% — 79.76± 0.46%

Table 5.2: Prediction accuracy across baselines and resolutions on various datasets. More detailed
results for the baselines can be found in Appendix A.1.

In contrast, our framework operates under stricter constraints, where agents make predictions
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on partial observations through sequential slot selection, and are jointly optimised for both pre-
diction and interpretability. Reflecting this trade-off, we report the results across the three rep-
resentative configurations, Config A (5.3), B (5.4) and C (5.5), averaged across three seeded runs.

We observed that the configurations with the “Consensus” end condition outperformed Con-
fig B with its repetition-based end condition. The drop in performance can be attributed to
the agents adopting repetition-based strategies that are less aligned with the goal of achieving
consensus. Interestingly, Config B achieves comparable performance on CLEVR-Hans3 with the
other configurations, likely due to the less complex combinations of objects that are needed for
a conclusive classification.

Config →
Dataset ↓

Config A

Consensus Accuracy Precision Recall F1-Score

CLEVR-Hans7 (CF) 94.63±
0.66%

77.64±
1.04%

77.84±
1.04%

77.55±
1.05%

77.49±
1.05%

CLEVR-Hans7 (NCF) 92.66±
0.47%

70.15±
1.23%

70.66±
1.25%

69.91±
1.19%

69.80±
1.22%

CLEVR-Hans3 (CF) 97.90±
0.11%

78.50±
0.48%

79.21±
0.85%

78.51±
0.48%

78.55±
0.48%

CLEVR-Hans3 (NCF) 97.10±
0.22%

52.58±
0.54%

51.11±
0.59%

52.25±
0.55%

50.03±
0.66%

Multi-dSprites 95.16±
0.37%

79.76±
0.46%

79.65±
0.34%

79.65±
0.47%

79.60±
0.44%

Table 5.3: Prediction metrics for a representative configuration of our framework, Config A,
across the three datasets. We use two different splits of the CLEVR-Hans datasets, confounded
(CF) and non-confounded (NCF).

Config →
Dataset ↓

Config B
Consensus Accuracy Precision Recall F1-Score

CLEVR-Hans7 (CF) 87.43±
0.77%

65.56±
1.47%

65.46±
1.65%

65.36±
1.56%

65.27±
1.68%

CLEVR-Hans7 (NCF) 85.78±
0.63%

59.17±
0.27%

59.32±
0.24%

58.91±
0.22%

58.83±
0.16%

CLEVR-Hans3 (CF) 94.16±
0.48%

79.47±
1.20%

79.68±
1.23%

79.44±
1.21%

79.45±
1.21%

CLEVR-Hans3 (NCF) 92.84±
0.73%

52.73±
0.62%

49.86±
0.55%

52.27±
0.56%

49.41±
0.72%

Multi-dSprites 79.32±
0.61%

63.38±
1.03%

62.65±
0.42%

62.19±
1.10%

61.83±
1.42%

Table 5.4: Prediction metrics for a representative configuration of our framework, Config B,
across the three datasets. We use two different splits of the CLEVR-Hans datasets, confounded
(CF) and non-confounded (NCF).
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Config →
Dataset ↓

Config C
Consensus Accuracy Precision Recall F1-Score

CLEVR-Hans7 (CF) 94.29±
0.31%

76.80±
0.41%

76.81±
0.41%

76.74±
0.45%

76.69±
0.45%

CLEVR-Hans7 (NCF) 92.79±
0.21%

71.00±
0.80%

71.18±
0.72%

70.93±
0.80%

70.89±
0.76%

CLEVR-Hans3 (CF) 98.31±
0.25%

82.00±
1.34%

82.38±
1.17%

82.00±
1.34%

82.05±
1.32%

CLEVR-Hans3 (NCF) 96.33±
0.26%

55.27±
1.02%

53.12±
1.52%

54.62±
0.97%

50.72±
0.90%

Table 5.5: Prediction metrics for a representative configuration of our framework, Config C,
across the three datasets. We use two different splits of the CLEVR-Hans datasets, confounded
(CF) and non-confounded (NCF).

While these results underscore our framework’s lag in pure classification accuracy, it is important
to contextualise the numbers. Our model is not solely optimised for accuracy, but it is explicitly
designed to support transparent reasoning chains aligned with human interpretability. However,
our results for the non-confounded split for CLEVR-Hans7 show promise when compared with
the metrics of the confounded split, displaying only a small drop in performance. While there
is significant room for improvement in terms of robustness and generalisability, these findings
suggest that the framework’s structured reasoning is a suitable stepping stone for future improve-
ments. In the next section, we look at the evaluation metrics relating to the interpretability of
our framework in detail, in order to better inform our judgement.

5.2.2 Error Analysis

To understand the model’s limitations, we examine the representative configurations for incorrect
predictions and misalignments between players in the Consensus Game using confusion matrices.
Specifically, we analyse Config C on CLEVR-Hans3 and CLEVR-Hans7, as this setup exhibited
inconsistent results across the two datasets. For the diagrams, we denote abstaining predictions
as −1.

Figure 5.2: Confusion matrix for predictions
made by Config C on the non-confounded split
of CLEVR-Hans3.

Figure 5.3: Confusion matrix for predictions
made by Config C on the non-confounded split
of CLEVR-Hans7.
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Failure Mode and Overfitting

Based on the confusion matrix for CLEVR-Hans3, we can understand where the loss in predic-
tive performance can be attributed to. Our model is predicting class 1 (Small metal cube and
small (metal) sphere) very frequently for images labelled class 0 (Large (gray) cube and large
cylinder). This confusion likely stems from overfitting, where the model picks up on the presence
of common shapes, ignoring key distinguishing features such colour and size. In this case, shape
features like cubes may be overweight, causing more nuanced features like size of material to be
overlooked or conjuncted with the shape feature.

A contributing factor is the entangled slot representations, which group correlated features like
size, colour and shape during training, making it hard for our framework to decouple those
attributes when these correlations no longer hold. This entanglement makes it difficult for the
players to reason over fine-grained details that are needed to perform well for the non-confounded
test set. This behaviour reflects the model’s tendency to overfit to prominent but irrelevant fea-
tures rather than selecting holistically over the entire set of object in the scene.

A promising path to address this issue is to integrate neuro-symbolic techniques, such as the
NeSy XIL framework [28], that explicitly factor object attributes into disentangled, symbolic
concept representations. These symbolic concepts are then used in a concept learner to uncover
the true class. Instead of having agents that coarsely reason over the slots, our framework could
incorporate a concept extractor module or an equivalent that maps slots to symbolic rules. This
shift would move our currently neural method into a more neuro-symbolic technique that still
maintains its transparency and human-aligned reasoning chains. Arguments could have addi-
tional information that specify specific object attributes of the slots. This would ultimately
improve both generalisation and transparency as the players would ground their arguments on
both interpretable features and specific attributes.

Dataset Complexity

Notably, we do not observe the same level of confusion for CLEVR-Hans7. The classes for
this dataset include all of the classes in CLEVR-Hans3 (classes 0, 1 and 6), but the model
successfully distinguished between class 0 and 1, likely due to the difference in make up and
difficulty of the datasets. One area of confusion, which was not seen in the confounded split,
is the overlap between classes 4 and 5. This confusion is understandable as the labels share
the “Three cylinders on the right” sub-rule. This behaviour suggests that the broader class
distribution and more diverse visual scenes in CLEVR-Hans7 may play a role in helping to
regularise training and reduce over-reliance on spurious features.

Reflections on Limitations

Despite our framework’s interpretability, the predictive performance is ultimately hindered by
the inherently transparent reasoning chain, where the slots selected and exposed to the user is ex-
actly the slots used for classification. With a partial observation of the full image, the framework
is bound to perform worse. For non-confounded cases, the performance is further inhibited by the
reliance on entangled slot features that are very difficult to decouple with purely neural methods.

Although we focus our analysis on a single setup for clarity, similar patterns were observed
across the other datasets and configurations, albeit with variation depending on dataset com-
plexity and object diversity. Our analysis on the shortcomings of our framework provides a
suitable direction for future work (6).
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5.3 Reasoning and Consensus

Beyond prediction accuracy, our framework enables deeper analysis of the reasoning process
through internal metrics that capture agent behaviours, slot content, and classifier outputs.
These metrics offer insight into how efficiently and coherently the agents arrive at their predic-
tions, and how informative their selections are in alignment with object-centric evidence.

5.3.1 Dialogue Examples

In this section, we show an example dialogue from the CLEVR-Hans3 dataset for each class
label. To ensure that we do not show only handpicked results, we will fix the image id to 0,
which is the first image for a given dataset split and class.

(a) Class 0, NCF (b) Class 1, NCF (c) Class 2, NCF (d) Class 0, CF

Figure 5.4: Dialogue visualisations for four sample classifications from Config C on CLEVR-
Hans3, for both non-confounded (NCF) and confounded (CF) splits.

These non-confounded examples highlight the persistent confusion of our framework between
classes 0 and 1 on the non-confounded split. For the dialogue of class 0, we can see the players
immediately committed to class 1 when they spotted the small red cube, illustrating a shortcut
bias and a class confusion. In contrast, for the example of class 1, although the shapes selected
do not overlap with the objects for class 0, the players still misclassified the image. The dialogues
also show a good example of the use of abstaining slot selections, when they already agree with
the other player. More examples for the CLEVR-Hans7 and Multi-dSprites can be found in the
appendix A.2.

Looking the confounded example, we can identify evidence of the grouped attribute overfit-
ting where for the class 0 example, the players were very confident from just the single selection
of the large gray cube, leading to shortcuts being taken as another object should be provided.
This learned correlation would allow our model to perform well for the confounded case but very
poorly for the non-confounded split.
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5.3.2 Evaluation Metrics

As detailed above (4.4.2), we derived a comprehensive list of metrics that will enable us to
quantitatively compare the quality of explanations from one of our framework’s instances and
another. Here, we present the results, discuss the significance of the results, and informally
defining a heuristic for choosing the model that produces the best explanations.

Dataset/Configs →
Metrics ↓

CLEVR-Hans7 CLEVR-Hans3
A B C A B C

Consensus Rate 92.66% 85.78% 92.79% 97.10% 92.84% 96.33%

Accuracy 70.15% 59.17% 71.00% 52.58% 52.73% 55.27%

Avg. Game Length 3.41 2.71 3.41 2.46 2.98 2.36

Avg. Empty Slot % 4.89% 1.62% 1.50% 4.24% 2.76% 0.70%

Avg. Slot Uniqueness % 97.11% 98.47% 97.94% 99.41% 98.51% 99.51%

Table 5.6: Interpretability-related metrics for each model configuration across the CLEVR-Hans
(non-confounded) datasets.

Dataset/Configs →
Metrics ↓

Multi-dSprites
A B

Consensus Rate 95.16% 79.32%

Accuracy 79.76% 63.38%

Avg. Game Length 2.86 1.99

Avg. Empty Slot % 21.61% 27.39%

Avg. Slot Uniqueness % 97.93% 99.29%

Table 5.7: Interpretability-related metrics for model configurations Config A and B for the Multi-
dSprites dataset.

Across all datasets, we observe consistent trends across the measured interpretability metrics.
Consensus rate and accuracy are the highest for Config C, suggesting more aligned and co-
herent reasoning between players. In terms of slot reconstruction loss, all configurations show
comparable values, indicating that the E2E training regime was successful in maintaining the
object-centricity (5.1). To ensure fair comparison of game length, we ensured to omit the final
repeated selection in Config B, resulting in similar lengths across the configurations and datasets.
For the other slot uniqueness and empty slot percentage, we observe consistent values across the
board. However, there is an outlier in empty slot usage on Multi-dSprites, which is likely due to
the lower number of objects relative to the number of slots.

From these observations, we find that agents that agree quickly and focus on informative, non-
redundant slots is extremely desirable in the context of our framework. For an informal heuristic,
we care about configurations that exhibit high consensus and accuracy, while maintaining low av-
erage game length, and high slot uniqueness and empty slot percentage. Config A and C best fit
this profile, making them most effective for balancing predictive performance and explainability.

5.4 Survey Findings

Our survey results (5.8) reveal distinct differences in the interpretability and user satisfaction
among the five explanation methods evaluated. The questions posed to the participants aim
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to qualitatively distinguish the various methods in terms of clarity, interpretability, bias/error
detectability, relevancy and satisfaction.

Method Dataset Acc (%) Q1 Q2 Q3 Q4 Q5 Q6 Avg Likert

LIME MdS 92 4.4 4.0 4.2 3.6 4.0 3.8 4.0CH7 100

Grad-CAM (Slot) MdS 85 3.2 3.4 3.2 3.4 3.2 3.1 3.2CH7 81

OCEAN MdS 100 4.5 4.3 4.3 4.6 4.6 4.5 4.5CH7 100

Gradient SHAP MdS 65 3.3 3.4 3.2 3.7 3.5 3.3 3.4CH7 100

Grad-CAM MdS 73 4.1 4.0 3.7 3.7 3.9 3.7 3.8CH7 96

Table 5.8: Survey Results Summary: Accuracy by datasets and shared interpretability scores
per explanation method.

We do not place much weightage in the correctness of the prediction guesses in our analysis, as
the ease of guessing the class, highly depends on the underlying input image. Some part of it
has to do with the visibility of the input image. While our framework’s exposed reasoning only
contain slot images, all participants were able to correctly identify the corresponding predictions,
suggesting that the participants understood the OCEAN dialogues

Each question in our survey which uses the Likert scale corresponds to a desirable trait of a
good explanation mechanism (4.4.1). For each question, our framework leads in the average
score, indicating that our framework provided good explanations for the input images. While
the results are favourable, we should cautiously interpret their implications. In the context of
synthetic, multi-object datasets, our framework performs well due to our object-centric encoder
and sequential reasoning module, making our generations easier for users to interpret. As such,
the generalisability of our framework to real-world image datasets should be investigated to de-
termine whether the interpretability advantages of our framework persist for more complex or
noisy images.

5.5 Experiments

Pipelined and End-to-End Training

Config/Datasets →
Metrics ↓

Pipelined Config A
CLEVR-Hans7 CLEVR-Hans3 Multi-dSprites

Consensus Rate % 90.68± 3.46% 82.48± 2.69% 90.10± 1.17%

Accuracy % 51.69± 3.39% 53.02± 1.27% 71.93± 2.35%

Avg. Game Length 4.55± 0.12 3.15± 0.22 2.64± 0.08

Avg. Empty Slot % 28.66± 0.40% 10.66± 1.86% 18.23± 0.65%

Avg. Slot Uniqueness % 72.38± 0.45% 97.42± 2.15% 95.81± 1.26%

Table 5.9: Interpretability-related metrics for Config A on a pipeline training setup across the
three datasets. The CLEVR-Hans datasets here are the non-confounded splits.
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We observe that when our framework is trained in a pipelined fashion with the Slot Attention
module frozen, the results are very poor. Hence, our decision to train our Consensus Game
module in tandem with Slot Attention end-to-end is justified, exhibiting more frequent agreement
between players, higher prediction accuracy and more diverse selections, while lowering game
length and empty slot usage.

Partial Visibility of Slots Across Players

Configs →
Metrics ↓

PV Config A

Consensus Rate % 74.63± 1.81% 92.66± 0.47%

Accuracy % 52.94± 1.84% 70.15± 1.23%

Avg. Game Length 4.22± 0.13 3.41± 0.06

Avg. Empty Slot % 24.32± 0.93% 4.89± 0.54%

Avg. Slot Uniqueness % 94.85± 2.53% 97.11± 0.38%

Table 5.10: Interpretability-related metrics comparing the Partial Visibility experiment and the
E2E training setup for Config A on the non-confounded CLEVR-Hans7 dataset split.

In this experiment, we set out to determine whether players could still converge to correct claims,
even if they were given segmented information. We expected they would be able to do so, albeit
with a higher average game length. However, we did not observe that, as the players tended to
not agree on the same claim. This may be due to the additional noise and unfamiliarity from
the other player’s selections.

Different Number of Players

Num Players →
Metrics ↓

1 2 3

Consensus Rate % 100.00± 0.00% 92.66± 0.47% 98.43± 0.28%

Accuracy % 67.62± 1.30% 70.15± 1.23% 68.46± 0.44%

Avg. Game Length 5.07± 0.11 3.41± 0.06 4.11± 0.05

Avg. Empty Slot % 10.88± 0.39% 4.89± 0.54% 5.92± 0.47%

Avg. Slot Uniqueness % 80.58± 0.10% 97.11± 0.38% 85.19± 0.12%

Table 5.11: Interpretability-related metrics comparing different number of player setups for Con-
fig A on the non-confounded CLEVR-Hans7 dataset split, training end-to-end.

Although our framework was built to enable reasoning with any number of players, our initial
design was for a two-player game. That sentiment is reflected in our results (5.11), where the
default configuration of two players performs slightly better than the single-player and three-
player setups. One possible reason for this is that our architecture hyperparameters were tuned
for the two-player setup, and were reused in this experiment. Results for individually tuned
hyperparameters may show that the single-player system would outperform other configurations
given that consensus and information propagation does not play a factor.
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Tuning Confidence Threshold
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Figure 5.5: Accuracy and Average Game Length vs. Confidence Threshold for Config A across
three datasets, with non-confounded splits for CLEVR-Hans.

Across the three datasets, the trends for both accuracy rate and average game length (number
of slots) are consistent, showing the obvious correlation between quantity of information and
prediction performance. To strike a balance between conciseness of explanations and accuracy
of predictions, setting a confidence threshold between 50% to 80% appears reasonable.
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Chapter 6

Future Work

While the current OCEAN framework demonstrates the potential of combining object-centric
representations with interactive decision-making mechanisms like the Consensus Game, there are
several promising directions for future research and development. Some of these, in part, help
to overcome the limitations of the framework:

• The original implementation of Slot Attention performs sub-optimally for real-world and
high-resolution images, leading to our framework lacking in scalability.

• Prediction accuracy of the Consensus Game module is dependent on the alignment of all
players’ claims. Thus, alternate game dynamics or varied player strategies that do not
intentionally align players’ claims may reduce prediction accuracy significantly.

• Our framework is prone to overfitting on confounded information, leading to reasoning
relies on spurious correlations or incomplete arguments, limiting its reliability in out-of-
distribution scenarios.

6.1 Alternative Encoders and Real-World Image Evaluation

Since our framework uses Slot Attention for object-centric learning, it faces limitations in scal-
ability, particularly on high-resolution or real-world scenes. Future work could explore other
Slot Attention variants or alternatively, other object-centric methods, such as MONet [17], IO-
DINE [18] and SPACE [19]. One strong replacement is the more scalable DINOSAUR [33] model,
which improves disentanglement and robustness for real-world datasets.

Building on this, applying the OCEAN framework to real-world datasets such as COCO [34]
or AFHQ [32] could test its interpretability and reasoning in more complex settings. A suitable
benchmark is the ProtoPNet [21] framework, as the goals on human-aligned reasoning closely
aligns with the interpretability goals of our project. Evaluation would focus on classification
accuracy and whether the agents maintain coherent, interpretable reasoning chains across more
visually complex environments.

6.2 Role Differentiation and Flexible Game Dynamics

While all players currently serve the same role in the reasoning process, future work could in-
troduce asymmetry between the players to encourage more diverse and meaningful interactions.
Although introducing a more diverse set of actions may create richer dialogue, some measures
would be needed in place to prevent fallback on the strategies observed in our framework. For
instance, players could be assigned distinct roles such as proposing, verifying, or challenging
claims. In a two-player setup, we could look towards the zero-sum nature of Visual Debates [7],

45



or from role specialisation where players focus on specific object types or regions. Addition-
ally, relaxing the requirement for strict consensus may allow agents to express uncertainty or
partial agreement, creating richer game dynamics and enabling more robust decision-making in
ambiguous or noisy scenes.

6.3 Mitigating Overfitting to Spurious Correlations

One limitation of our current approach is its vulnerability to overfitting on overly-specific, in-
correct correlation, as shown by the results with the non-confounded split of CLEVR-Hans3.
Specifically, in the instance of CLEVR-Hans3, the players were overfitting on the conjunctions of
features which satisfy sub-rules of the class labels (e.g., large (gray) cube), even when only one
attribute (e.g., large) was predictive in the non-confounded setting, hurting their generalisability
to more diverse class rules. This may stem from entangled slot representations, where multiple
visual factors are compressed into a single vector. To mitigate this, one promising approach is to
factorise slot features using a neuro-symbolic concept learner, as seen in NeSy XIL [28], learning
fine-grained object attributes per slot. A slightly different approach may be inspired from concept
bottleneck models [35], with strong applicability to real-world images. Ultimately, addressing
this issue is essential for extending the trustworthiness and applicability of our framework to
more realistic settings as intended above.
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Chapter 7

Conclusion

This project set out to explore whether collaborative, object-centric reasoning could enable more
faithful and interpretable visual classification. Drawing from structured argumentation and
“conversational” explanations in Visual Debates, we designed a transparent classification system,
exposing its reasoning as a deliberation between agents. Throughout the project, several key
findings emerged, along with practical and conceptual hurdles that shaped the final framework.

7.1 Challenges and Successes

Designing a Multi-Agent Classification Game

The key investigation was to explore whether cooperative agentic interactions could yield a more
transparent and human-aligned visual classification process. While the initial idea of simulating
classification through agent interactions was attractive, making it work in practice would require
delicate reward shaping and control over agent behaviours. Our first implementation using sparse
rewards and weak consensus constraints led to uninformative selections and unstable training.
Looking back, we should have pivoted and experimented earlier with denser reward models
and flexible, tunable termination conditions. These changes led to more coherent reasoning,
better selections, and ultimately higher accuracy. A lesson learned here is to focus on the
basic implementation, allowing for rapid iteration and experimentation with different approaches
to building the framework. Due to that realisation, the resulting framework not only yielded
competitive predictions, but also transparently showed the reasoning process behind them.

Building an End-to-End Learning Framework

Our first interpretation of the term “end-to-end” meant “all components learning asynchronously”,
leading to more of a pipeline where the Slot Attention and Consensus Game modules learned
with their independent loss values. Only upon noticing the mistake and experimenting with a
pure flow of gradients from the downstream Consensus Game task to the Slot Attention module,
did we understood the effect of specialised gradient signals on a differentiable feature extractor.
Further iterations of our E2E learning framework brought out our current EM-like implementa-
tion, where we observed significant improvements in slot information, agent selection strategies,
and classification accuracy.

Evaluating the Framework

In building an explainable classification framework, we were aware of the evaluation challenges
that were in our way. Fortunately, with experiments with a toy multi-agent Tic-Tac-Toe example,
we had developed suitable architecture for both training and evaluation of multi-agent games.
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Early on, we were able to track various kinds of metrics from our framework during training. How-
ever, designing appropriate metrics and benchmarks for interpretability was not straightforward.
We supplemented standard classification benchmarks with interpretability-focused metrics, and
conducted a user survey for assessing our framework against baselines. With the results obtained,
we are confident in our findings and that we met our initial research goals.

7.2 Final Contributions

Through this work, we gained insight into the delicate tradeoffs between performance, trans-
parency, and interpretability. Faithful explanations require an architecture where they can be
derived naturally from the decision-making process. Our findings show that multi-agent interac-
tion, when structured carefully, provides a promising scaffold for such reasoning.

We foresee exciting directions for future work in this domain. During our project, we observed
the struggles of Slot Attention with scalability and generalisation, the complexity of building in-
herently explainable systems, and the difficulty of consistently and rigorously evaluating model
explainability. One particular important challenge was the strong overfitting in confounded
scenes in CLEVR-Hans3, highlighting the need for careful architectural design and better in-
formation disentanglement. Collectively these challenges point toward the importance of future
research into more scalable object-centric models, principled design for interpretable systems,
and robust evaluation frameworks for explainability.

Finally, we learned that explanations are not merely outputs to be generated after the fact, but
processes that should be embedded into opaque systems to ensure transparency and trust. This
shift in perspective is shared across the industry with broader implications for AI trustworthi-
ness, particularly in high-stakes domains like medical diagnosis or autonomous decision-making.
As a result, we are heading straight on to a world where understanding why a model makes a
decision is just as critical as the decision itself.
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Appendix A

Additional Experimental Results

A.1 Detailed Baseline Prediction Results

Configs →
Dataset ↓

ResNet (224× 224)

Acc Pre Rec F1

CLEVR-Hans7 (NCF) 83.54±0.09% 83.65±0.29% 83.66±0.17% 83.65±0.08%

CLEVR-Hans3 (NCF) 60.93±0.58% 59.61±0.38% 60.93±0.58% 56.77±1.56%

Multi-dSprites 83.20±0.14% 82.94±0.45% 83.21±0.40% 83.00±0.40%

Table A.1: Detailed prediction metrics for the ResNet18 baseline.

Configs →
Dataset ↓

Slot MLP (64× 64) Slot MLP (128× 128)

Acc Pre Rec F1 Acc Pre Rec F1

CLEVR-Hans7
(NCF)

86.66±
0.07%

86.68±
0.07%

86.66±
0.07%

86.65±
0.06%

86.39±
0.19%

86.41±
0.19%

86.39±
0.19%

86.33±
0.25%

CLEVR-Hans3
(NCF)

85.60±
0.18%

85.59±
0.68%

85.94±
0.17%

85.57±
0.17%

88.76±
0.25%

88.85±
0.23%

88.76±
0.25%

88.74±
0.25%

Multi-dSprites 92.72±
0.14%

92.84±
0.26%

92.72±
0.14%

92.70±
0.26%

— — — —

Table A.2: Detailed prediction metrics for the Slot MLP baseline.
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A.2 Example Generated Dialogues

(a) Class 0 (b) Class 1 (c) Class 2 (d) Class 3

(e) Class 4 (f) Class 5 (g) Class 6

Figure A.1: Example dialogues generated from our framework for each class of the non-
confounded split of the CLEVR-Hans7 dataset (image ID: 000000).
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(a) Class 0 (b) Class 1 (c) Class 2

(d) Class 3 (e) Class 4

Figure A.2: Example dialogues generated from our framework for each class of the test split of
the Multi-dSprites dataset (image ID: 0000).
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Appendix B

Explanation Quality Survey

This is an abstraction of the survey conducted using Microsoft Forms. The form can be accessed
with this hyperlink, https://forms.office.com/e/zW5FUjEtrP. The following shows the var-
ious sections in the survey adapted for the report. As an example, we show the entire line of
questioning for first explanation method, LIME. The same questions will repeat for the other
explanation methods.

Some Background

In machine learning, explainable AI (XAI) techniques help humans understand why a model
made a certain decision. In this survey, you’ll be shown explanations generated by different
methods for various images. An explanation could be a region highlight, heatmap, or
a selection of features of the image.

Your task is to guess which class (0,1,2...) the explanation was meant to support, without
seeing the original prediction or the original image. This helps us assess how understand-
able and intuitive each explanation method is.

For example, if an explanation highlights the shape of wings and a tail, you might infer that the
model predicted “airplane.”

You’ll compare 5 different methods for two different images from different datasets. This survey
should take no more than 5 minutes.

Datasets

The Multi-DSprites Dataset comprises of a coloured background, and up to 4 coloured "sprites"
or shapes in the image. There are 5 different classes, but we will only be focusing on a few for
this survey.

These are some examples of classes.

• Class 0: A red square and a heart.

• Class 1: Two hearts on the left side.

• Class 3: A bright coloured object in front of a dark background.

The image on the left satisfies class 0 with the red square and the green heart.
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The CLEVR-Hans7 Dataset is a dataset that comprises of images that depict scenes with varying
coloured and sized 3D shapes. The 7 represents 7 different classes, but we will only be focusing
on a few for this survey.

These are some examples of classes.

• Class 0: Large cube and Large Cylinder

• Class 4: 3 Spheres on the left side OR 3 Spheres on the left side and 3 Cylinders on the
right side

• Class 5: 3 Cylinders on the right side

The image on the right satisfies class 0, with the yellow cube and blue cylinder.

Figure B.1: Example images from the Multi-dSprites and CLEVR-Hans7 datasets.

B.1 Explanation Method 1

Your task is to guess which class (0,1,2...) the explanation was meant to support, without seeing
the original prediction or original image. This helps us assess how understandable and intuitive
each explanation method is.

B.1.1 Multi-dSprites Explanation

Figure B.2: A Multi-dSprites Explanation.

◦ Class 0: A red square and a heart.

◦ Class 1: Two hearts on the left side.

◦ Class 3: A bright object infront of a dark background.
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B.1.2 CLEVR-Hans Explanation

Figure B.3: A CLEVR-Hans Explanation.

◦ Class 0: Large cube and Large Cylinder

◦ Class 4: 3 Spheres on the left side OR 3 Spheres on the left side and 3 Cylinders on the
right side

◦ Class 5: 3 Cylinders on the right side

B.2 Explanation Method 1 Quality

This question is to measure the quality of the explanation method you saw previously.

Figure B.4: Summary image of the original images and their corresponding explanations for
explanation method 1.

Based on your interpretation of the explanations, please provide an answer to the following
statements about the explanations for the different images. (1) Strongly Disagree, (2) Disagree,
(3) No preference, (4) Agree, and (5) Strongly Agree.

• It is clear which parts of the image is the explanation. □

• The explanation was easy to interpret without prior technical knowledge. □
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• The explanation would help me identify errors or biases in the model’s prediction. □

• The explanation only focused on relevant parts/objects of the image. □

• The explanation helped me understand why the model predicted the class. □

• I am satisfied with the quality of the explanation. □

B.3 Other Sections

The survey continues for four other explanation methods as seen below.

(a) Explanation Method 2: Grad-CAM for Slot
Attention

(b) Explanation Method 3: Object-Centric Vi-
sual Consensus

(c) Explanation Method 4: Gradient SHAP (d) Explanation Method 5: Grad-CAM

Figure B.5: Summary images of the original images and their corresponding explanations for
explanation methods 1 to 5.
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