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ABSTRACT

As machine learning models grow in complexity and their deployment in high-stakes
domains becomes more common, the demand for transparent and faithful explainability
methods has become increasingly urgent. However, most existing attribution techniques
remain fragmented, targeting either predictive or generative models, and lack a hybrid
approach that offers coherent interpretability across both domains. While predictive mod-
eling faces challenges such as faithfulness, sparsity, stability, and reliability, generative
diffusion models introduce additional complexity due to their temporal dynamics, token-
to-region interactions, and diverse architectural designs. This work presents a hybrid at-
tribution method designed to improve explainability for both predictive black-box models
and generative diffusion models. We propose two novel methods: FIFA (Firefly-Inspired
Feature Attribution), an optimization-based approach for sparse and faithful attribution
in tabular models; and DiffuSAGE (Diffusion Shapley Attribution with Gradient Ex-
planations), a temporally and spatially grounded method that attributes generated image
content to individual prompt tokens using Aumann-Shapley values, Integrated Gradients,
and cross-attention maps. FIFA applied to the Random Forest, XGBoost, CatBoost, and
TabNet models in three benchmark datasets: Adult Income, Breast Cancer, and Diabetes,
outperforming SHAP and LIME in key metrics: +6.24% sparsity, +9.15% Insertion AUC,
-8.65% Deletion AUC, and +75% stability. DiffuSAGE evaluated on Stable Diffusion v1.5
trained on the LAION-5B dataset, yielding a 12.4% improvement in Insertion AUC and
a 9.1% reduction in Deletion AUC compared to DF-RISE and DF-CAM. A qualitative
user study further validated DifftuSAGE’s alignment with human perception. Overall,
these contributions establish the first hybrid attribution methods for both predictive and
generative models, addressing fundamental limitations in current XAI approaches and
enabling more interpretable, robust, and human-aligned Al systems.

Keywords: Diffusion models, Explainable Al, Feature attribution, Integrated Gra-

dients, Shapley values.
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Chapter 1

Introduction

Al systems have achieved remarkable success across diverse domains such as healthcare
[7], finance [8], justice [9], military [10], transportation [11], and education [12], driving
innovation and transforming traditional workflows [13]. With performance levels rivaling
or surpassing those of human experts in many tasks, Al continues to be increasingly
integrated into organizational operations and decision-making processes [14].

However, as Al systems gain autonomy and influence in making high-stakes decisions,
a pressing challenge emerges: Can we trust and understand how these systems arrive
at their decisions? The opacity of modern machine learning models, especially deep
learning architectures, has raised significant concerns about trust, safety, fairness, and
accountability [15, 16]. This growing demand for transparency has led to the emergence
of the field of XAI, which aims to make Al systems and their decisions more interpretable
to human users. XAI has become a central concern in modern Al research due to the
increasing reliance on complex machine learning models whose internal decision-making
processes are not readily understandable. Although the term “Explainable Artificial
Intelligence” was formally introduced by Van Lent et al. [17] in the context of simulation-
based training systems, the concept of explainability predates the term itself. Researchers
in the 1970s focused on building interpretable models such as rule-based expert systems
and Bayesian networks [18, 19], valuing them for their transparency and logical structure.

Throughout the 1990s, researchers extended these efforts to neural networks, exploring
ways to interpret their increasingly powerful but opaque behaviors [20]. The 2000s saw
a surge of interest in explainability for recommendation systems, which were rapidly
becoming integral to digital platforms [21, 22]. However, as the field shifted toward
achieving superior predictive accuracy in the late 2000s, the emergence of deep learning

and ensemble models led to the dominance of black-box systems. These models achieved



unprecedented performance but lacked transparency, introducing significant concerns in
domains where decision-making affects human lives, such as healthcare, criminal justice,
and finance [23]. As illustrated in Figure 1.1, there exists a fundamental trade-off between
model performance and explainability. While rule-based and linear models are highly
interpretable, they often fall short in predictive power. In contrast, deep learning and
ensemble methods offer superior performance but are typically opaque, reinforcing the

need for robust post-hoc explainability techniques.
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Figure 1.1: Trade-off between model performance and explainability across Al model
types|[1].

This opacity has given rise to growing concerns among the public, industry, and
regulators. In particular, the European Union’s General Data Protection Regulation
(GDPR) [24] has established the right to explanation for individuals subject to automated
decision-making, placing legal pressure on developers to design interpretable Al systems.
Similar initiatives, such as DARPA’s XAl program in the United States, have emphasized
the importance of maintaining interpretability in high-performance systems, especially in
mission-critical applications.

Despite the growing interest in explainability, the field of XAI remains multidisci-



plinary and lacks a universally accepted definition. As Anjomshoae et al. [25] note, inter-
pretations of explainability vary significantly across disciplines such as machine learning,
cognitive science, human-computer interaction, and software engineering. A widely cited
definition by Guidotti et al. [26] describes explainability as the ability to make both
the outputs and the underlying processes of an Al model understandable to humans.
Explanations function as the interface between users and models, helping to bridge the
gap between algorithmic logic and human reasoning. As Al continues to evolve and im-
pact sensitive decision-making environments, the need for reliable, faithful, and human-

centered explanations is more critical than ever.

1.1 Motivation

Despite the growing adoption of Al in critical sectors, the opacity of both predictive and
generative models raises serious concerns about fairness, safety, and accountability. This
study is motivated by the need for robust attribution methods that can explain decisions

across model types, particularly in deep generative diffusion models.

A. Bias and Fairness Risks

Predictive models trained on historical or observational data often replicate and amplify
structural inequalities [27, 28]. A well-documented example is the COMPAS tool, which
disproportionately flagged Black defendants as high-risk [29]. Similarly, Obermeyer et
al. [30] showed that healthcare models underestimated the needs of Black patients by
relying on cost-based proxies. Facial recognition systems have also demonstrated higher
error rates for individuals with darker skin tones [31]. These cases reveal how a lack of

model transparency can conceal bias and undermine equitable outcomes [32, 33].

B. Trust, Safety, and Industrial Accountability

Beyond fairness, explainability is essential for diagnosing system failures in real-world
deployments. For example, DeGrave et al. [34] found that several AT models trained for

COVID-19 diagnosis relied on confounding image artifacts rather than clinical features.



In other domains, a 2021 Tesla Autopilot crash raised questions about how decisions are
logged and interpreted by autonomous systems [35]. Similar challenges have surfaced in
law enforcement and hiring, where proprietary Al systems have led to wrongful arrests [36]
and alleged discrimination [37]. In industrial settings, opaque model behavior has even
resulted in fatalities, as in the case of a misclassified warehouse worker [38]. These

examples underscore the operational and ethical importance of transparent Al behavior.

C. Regulatory and Ethical Imperatives

Legal frameworks around the world are evolving to mandate explainability as part of re-
sponsible AT use. The GDPR enshrines a “right to explanation”[39], and newer proposals
such as the EU Al Act[40] and U.S. Al Bill of Rights [41] further emphasize transparency,
accountability, and nondiscrimination. However, fulfilling these obligations requires tech-
nical mechanisms that can expose model reasoning in a manner both faithful to the model
and understandable to humans. Bridging this policy—technology gap is essential to meet

legal standards and build public trust.

D. The Mystification of Generative Model Decisions

Generative diffusion models bring unique interpretability challenges. Unlike classifiers,
which produce discrete outputs, diffusion models generate high-dimensional content, such
as images or text, through multi-step denoising processes [42, 43]. This makes it difficult
to trace how input prompts influence specific features or when structural decisions are
made. Traditional XAI methods are ill-suited to capture the temporal and compositional
dynamics of generation.

The risks of this opacity are increasingly evident. Luccioni et al. [44] found that dif-
fusion models exhibit stereotypical associations in image generation without transparent
mechanisms to detect or mitigate them. Carlini et al. [45] revealed that these models
can memorize and regenerate copyrighted content, while Birhane et al. [46] linked toxic
generations to biased training data. Without the ability to attribute visual elements to
prompt tokens or diffusion steps, developers cannot reliably audit or control generative

behavior. This highlights the urgent need for tailored XAI methods that make diffusion

4



models more transparent, controllable, and aligned with human intent.

1.2 Statement of the Problem

Explainable Al is increasingly critical for ensuring transparency and accountability in
AT systems, particularly in high-stakes domains such as healthcare, finance, and law
[26, 47]. Feature attribution methods play a central role in XAI by identifying which
input features influence model predictions [48, 49, 50, 51]. However, these methods face
distinct limitations depending on the underlying model architecture and nature of the
task. For predictive models, main challenges include faithfulness [52, 53], sparsity [54, 55],
stability [56, 57, 58|, and reliability [59].

Among these, a key challenge for feature attribution methods is faithfulness, how
accurately an explanation reflects a model’s true reasoning. LIME [60] approximates local
decision boundaries with linear surrogates but often fails in non-linear or complex regions
[53]. SHAP [61], especially TreeSHAP, assumes feature independence and tree structure,
which may not hold in practice [62]. KernelSHAP generalizes SHAP for any model but
suffers from sensitivity to background data and sampling variance [58]. Refinements like
OptiLIME [52] and Sig-LIME [53] improve performance in specific domains, yet a general,
faithful attribution method across architectures continues to pose a significant challenge.

Another persistent challenge in explainable Al is achieving sparsity, the ability to
highlight a minimal yet informative subset of features. Sparse explanations are more in-
terpretable, especially in high-dimensional settings [63], but common methods like LIME
and SHAP often produce dense outputs [60, 61]. LIME includes many features in lo-
cal surrogates, while SHAP distributes scores across all coalitions. Heuristic approaches
such as L1 regularization or thresholding can enforce sparsity but risk omitting meaning-
ful features [64]. More principled methods include SEV [55], which optimizes for sparsity
under monotonic assumptions, and DiCE [65], which generates sparse counterfactuals but
may produce unrealistic examples. These methods highlight ongoing trade-offs between
sparsity, fidelity, and semantic plausibility, underscoring the need for concise yet faithful

explanations.



In addition, attribution methods often struggle with stability and reliability. LIME is
sensitive to input perturbations and yields inconsistent outputs due to its reliance on ran-
dom sampling [57]. KernelSHAP faces similar issues from stochastic coalition formation
and dependence on background data [58]. Several variants have been proposed to address
these issues. DLIME [59] introduces deterministic sampling strategies to enhance stabil-
ity, although this comes at the cost of reduced local accuracy. ALIME [56] utilizes latent
space representations to achieve more robust sampling, though this adds complexity and
dependence on representation quality. GLIME [57] improves robustness by incorporating
locality-aware sampling distributions but demands careful parameter tuning. ST-SHAP
[58] seeks to enhance reliability by enforcing deterministic coalition selection, thereby re-
ducing variance in explanation outputs. Among these, TreeSHAP [61] remains the most
stable and reliable due to its model-specific, deterministic path tracing. Still, a general
solution that ensures reliable attribution across diverse model types remains elusive.

In the context of text-to-image diffusion models, explainability presents unique chal-
lenges due to the stochastic and iterative nature of the generative process [43]. In gen-
erative diffusion models, core challenges include temporal attribution, token-to-region
mapping, and architecture-specific reliability of attribution methods, as many existing
techniques are limited to particular model classes [66, 67, 68]. Unlike predictive models
that yield outputs in a single step, diffusion models progressively denoise latent variables
to produce coherent images, embedding semantic content at varying stages of genera-
tion [69, 6]. Attribution techniques such as DF-RISE and DF-CAM [66] adapt saliency
methods by visualizing spatial relevance either through perturbation-based approaches
or activation maps from U-Net architectures. While these methods offer some temporal
insight into when and where visual features are formed, they lack the ability to directly
associate specific visual regions with corresponding prompt tokens.

To bridge the prompt-to-region attribution gap in diffusion models, recent methods,
such as DAAM[67] and ConceptAttention [68], utilize attention-based mechanisms to
align spatial heatmaps with individual tokens through cross-attention or transformer em-

beddings. However, they reduce temporal dynamics to static views and are limited to



transformer-based architectures, which hinders their applicability to U-Net-based mod-
els. Exponential sampling [66] adds temporal insight by identifying key denoising steps,
but lacks token-level resolution and relies on output-level comparisons. These limita-
tions highlight the need for a token-level, temporally-aware attribution method applicable
across diffusion architectures.

Overall, current attribution methods struggle to provide explanations that are simul-
taneously faithful, stable, sparse, and reliable. These challenges are especially pronounced
in generative models like diffusion architectures, where token-level influence and temporal
dynamics remain underexplored. Existing approaches often lack consistency, fine-grained
resolution, or semantic alignment, limiting their effectiveness across diverse Al systems.
This work addresses these gaps by introducing hybrid attribution methods that deliver
robust, interpretable, and temporally-aware explanations. Designed to operate across
both predictive and generative settings, the proposed method enhances the reliability,

generalizability, and practical value of explainable AI in real-world applications.

1.3 Research Question

RQ1: How can faithful, sparse, stable, and reliable feature attributions be generated for
black-box predictive models?

RQ2: How can the contributions of individual prompt tokens to specific visual regions
in generated images be faithfully identified and quantified?

RQ3: How do prompt tokens influence image synthesis throughout the diffusion timesteps?

1.4 Objective

1.4.1 General objective

To develop hybrid attribution methods that generate faithful and interpretable explana-

tions for both predictive black-box models and text-to-image diffusion models.



1.4.2 Specific objective

o To develop a feature attribution method for black-box predictive models that pro-

duces faithful, sparse, stable, and reliable explanations.

o To quantify the contribution of individual prompt tokens to the image generated

by text-to-image diffusion models.

o To identify the correspondence between individual prompt tokens and specific visual

regions in text-to-image generation.
o To quantify how the influence of prompt tokens evolves throughout diffusion timesteps.

e To determine which timesteps in the diffusion process are the most influential in

shaping the final output image.

1.5 Significance

Ensuring faithful, interpretable, and regulation-compliant explainability in predictive and
generative Al models is essential, particularly in domains where trust, transparency, and
accountability are critical. This study introduces two attribution-based explainability
methods that address key methodological gaps and deliver practical value to a wide

range of stakeholders:

For Decision-Makers in High-Stakes Domains

Clinicians, legal experts, and financial analysts need explanations they can trust. The
predictive attribution method ensures faithfulness by reflecting the model’s actual rea-
soning and supports sparsity by highlighting only the most influential features. This
facilitates rapid decision verification, reduces cognitive overhead, and supports compli-

ance with legal frameworks such as the GDPR [26, 70].

For Practitioners in Real-Time and Operational Settings

In dynamic environments such as autonomous systems, fraud detection, or patient moni-

toring, stability and reliability are essential. The method delivers stable attributions that



are resistant to small input changes and reliable outputs that remain consistent across

runs and datasets, supporting robust decision-making under fluctuating conditions [71].

For AI Developers and Researchers

Effective model development and analysis depend on deep interpretability. The method
provides time-step aware explanations, revealing when key generative decisions occur, and
token-level attribution, which connects individual prompt tokens to specific outcomes.
These tools assist in debugging, prompt engineering, and understanding generative dy-

namics [67, 66].

For Creative Professionals and Designers

Artists, content creators, and designers using generative Al benefit from greater trans-
parency and control. By visualizing token-to-output mappings, the method enables iter-
ative design, creative exploration, and fine-tuning of prompt inputs, making generative

systems more interactive and intuitive [68].

For End-Users

Individuals impacted by AI outputs, such as patients, customers, or students, require
explanations that they can understand. This method emphasizes human-centered in-
terpretability, translating complex technical attributions into clear, actionable insights,
aligned with GDPR requirements for accessible justification of automated decisions [60,

72].

For Regulators, Auditors, and Fairness Advocates

Policymakers, oversight bodies, and ethicists rely on tools that support transparency and
fairness. The method facilitates bias and fairness auditing by identifying reliance on
sensitive or proxy features, ensuring models align with non-discrimination principles and
legal frameworks such as the GDPR and the EU AT Act[73, 74].

This work addresses the urgent need for explainability techniques that apply to both

predictive and generative Al systems. By offering a human-centered approach, it advances



the practical deployment of Al in high-stakes, creative, and regulated domains, supporting

trustworthy and transparent decision-making for a diverse range of stakeholders.

1.6 Scope

The scope of the research encompasses the development and evaluation of a unified
attribution-based explainability method for predictive black-box models and deep gener-
ative diffusion models. The study focuses on post hoc interpretability techniques aimed
at generating faithful, sparse, stable, and reliable attributions. For predictive tasks,
the scope includes structured tabular data using models such as Random Forests, XG-
Boost, CatBoost, and Tabnet. For generative tasks, the study is limited to pretrained
text-to-image models, with Stable Diffusion serving as the primary generative model for
experimentation.

While the study includes statistical testing and human feedback for evaluation, it
does not involve modifying or retraining the underlying models, also excludes interface
design, deployment, or domain-specific customization. Subjective aspects such as user
preferences or application-specific trust calibration are acknowledged but remain outside
the scope. The focus is strictly on the computational and algorithmic aspects of attribu-
tion, evaluated through controlled experiments using established interpretability metrics

and comparison with baseline methods.

1.7 Contribution

This work presents a hybrid attribution methods that advances the explainability of
both predictive and generative diffusion models. Unlike most existing XAI approaches
that focus exclusively on a single model type, this work addresses critical gaps across
both domains. The proposed methods, FIFA and DifftuSAGE, deliver sparse, faithful,
temporally aligned, and semantically grounded explanations. The main contributions

are summarized as follows:

o Firefly-Inspired Feature Attribution (FIFA): We propose FIFA, a global

optimization-based attribution method for predictive models. Inspired by the Fire-
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fly Algorithm, FIFA identifies compact, high-impact feature subsets and achieves
significant improvements over LIME and SHAP in terms of sparsity, faithfulness

(Insertion and Deletion AUC), and stability, without compromising reliability.

o Multi-Model Evaluation of FIFA: FIFA is implemented across four model
types: Random Forest, XGBoost, CatBoost, and TabNet, and evaluated on three
benchmark datasets: Adult Income, Breast Cancer, and Diabetes. Results show
+6.24% improvement in sparsity, +9.15% in Insertion AUC, —-8.65% in Deletion

AUC, and +75% in stability compared to baselines.

 Diffusion Shapley Attribution with Gradient Explanations (DifftuSAGE):
We propose DiffuSAGE, a novel attribution technique for generative models that
unifies Aumann-Shapley values, Integrated Gradients, and cross-attention maps to
enable both spatial (token-to-region) and temporal (stepwise) attribution in Stable
Diffusion. Empirical results on Stable Diffusion v1.5 (trained on LAION-5B) show
a +12.4% improvement in Insertion AUC and a —9.1% reduction in Deletion AUC
compared to DF-RISE and DF-CAM. A qualitative user study further validates the

human-aligned interpretability of token-to-region mappings.

1.8 Thesis Structure

The subsequent sections of this document present the development of the proposed ex-
plainability method. Chapter 2 provides an extensive review of foundational concepts,
including background knowledge, types of models, core explainability techniques, and
prior work in the field. Chapter 3 outlines the research methodology, covering data
acquisition, preprocessing, and the design and development of the proposed methods,
FIFA and DiffuSAGE. It also presents the evaluation metrics used to assess attribution
performance. Chapter 4 discusses the experimental setup and results, while Chapter 5
concludes the study by summarizing the key findings and offering recommendations for

future research.
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Chapter 2

Literature review
2.1 Background

Machine learning (ML) has undergone a remarkable evolution, transitioning from early
rule-based systems to complex neural architectures capable of performing creative and
perceptual tasks. Classical algorithms, widely adopted in the early decades, enabled au-
tomated decision-making in areas such as credit scoring, fraud detection, and diagnostics.
Yet, their reliance on manually engineered features limited their flexibility in dealing with
high-dimensional data such as images or text [75, 76].

The shift toward more sophisticated learning paradigms, including unsupervised and
reinforcement learning, paved the way for models that could uncover structure in data
or learn from interaction and feedback. The most transformative leap came with the
rise of deep learning, where neural networks learned data representations automatically
through stacked layers of abstraction [75]. These models, including convolutional and
recurrent architectures, enabled breakthroughs in domains like vision and language, but
also introduced new opacity. Unlike traditional statistical models, deep networks often
operate as "black boxes", offering little insight into how decisions are made. This lack of
interpretability has raised concerns around trust, accountability, and fairness, especially
when such models are deployed in high-stakes settings [26, 77].

Adding to this complexity, the emergence of generative models marked a new paradigm:
rather than predicting labels or outcomes, these models learn to simulate the data dis-
tribution itself. Popular approaches such as Generative Adversarial Networks (GANs)
[78, 79], Variational Autoencoders (VAEs) [2], and Diffusion Models [6] now underpin
advances in image synthesis, text generation, and even molecular design [43, 80, 81, 82].

However, as generative models become embedded in creative industries, research, and sci-



entific discovery, the challenge of understanding how these models generate outputs has
grown more urgent. Explainability in this context is not only a matter of transparency,
but also a key to controlling, steering, and improving generative behavior [83, 84].
Recent work in explainable Al has introduced tools aimed at interpreting generative
systems. Techniques such as feature attribution, attention visualization, and latent space
probing help trace which inputs affect outputs, or which internal components drive certain
behaviors [66, 67, 68]. While still in their early stages compared to Predictive model
explainability, these tools are essential for building trustworthy and interactive generative
systems. As industries continue to adopt generative Al for design, media, healthcare, and
more, the demand for interpretable, controllable models will only intensify. By making
these systems more transparent, we can enable more responsible deployment, encourage
creative exploration, and ultimately build generative technologies that are both powerful

and human-aligned [26, 77].

2.2 From Predictive to Generative models

2.2.1 Predictive Algorithms

Predictive models are essential tools in data science and machine learning, enabling sys-
tems to forecast future outcomes based on historical data [85, 86]. These models identify
patterns and relationships within datasets to make informed predictions. Their applica-
tions span diverse fields, including healthcare, finance, marketing, and engineering [86].
The central aim is to extract actionable insights from data that can guide decision-making
[87]. Predictive models can broadly be classified into two major categories: regression and
classification [86]. These categories differ in terms of the nature of the output variable
they predict. While regression models predict continuous numerical values, classification
models predict categorical outcomes [85]. Understanding the distinction is crucial for
selecting the appropriate modeling technique based on the problem context.

Regression models aim to predict a continuous response variable by establishing a
mathematical relationship between one or more independent variables and a dependent

variable [87]. These models are widely used in economic forecasting, risk management,
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and demand estimation. The accuracy of regression models is often evaluated using
metrics like Mean Squared Error (MSE), Mean Absolute Error (MAE), and R-squared
[87]. Linear regression is the simplest and most interpretable regression technique [87]. It
assumes a linear relationship between features and the target variable. Variants include
multiple linear regression, ridge regression (with L2 regularization), and lasso regression
(with L1 regularization) [88]. The elastic net combines both regularization methods to
balance bias and variance.

When relationships between variables are nonlinear, models like polynomial regression
or Support Vector Regression (SVR) are preferred [89]. Polynomial regression fits a
higher-order curve to capture nonlinearities. SVR, a variant of Support Vector Machines,
is robust to outliers and can model complex patterns using kernel functions [89]. Decision
trees and ensemble-based methods are powerful nonlinear regression tools [90]. Regression
trees split data recursively to reduce prediction error. Ensemble methods such as Random
Forest Regression and Gradient Boosting Regression aggregate predictions from multiple
trees, increasing robustness and accuracy. XGBoost and Light GBM are state-of-the-art
gradient boosting algorithms commonly used in tabular data tasks [91].

Classification models are used when the output is categorical [85]. These models
assign inputs to discrete classes and are applied in spam detection, fraud detection,
medical diagnosis, and image recognition. Their performance is commonly evaluated
using metrics such as accuracy, precision, recall, Fl-score, and area under the ROC
curve (AUC) [92]. Logistic regression is a widely used classification algorithm for binary
outcomes [86]. It models the probability that a sample belongs to a class using the logistic
function. Naive Bayes is a probabilistic classifier based on Bayes’ theorem and assumes
feature independence. It remains effective in applications like text categorization and
spam filtering [93].

Support Vector Machines (SVMs) are effective in both linear and nonlinear classifica-
tion tasks [94]. They work by finding the optimal hyperplane that maximally separates
different classes. Using kernel tricks, SVMs can handle complex and high-dimensional

data structures [85].
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Similar to regression, classification tasks benefit from decision trees and ensemble
classifiers. Methods like Random Forest Classifier, Gradient Boosting Classifier, and
tools like XGBoost and CatBoost improve predictive accuracy and robustness [95]. These
models are particularly adept at handling categorical variables, missing data, and complex
interactions among features.

In recent years, deep learning models such as Artificial Neural Networks (ANNs),
Convolutional Neural Networks (CNNs), and Recurrent Neural Networks (RNNs) have
demonstrated impressive performance in both regression and classification tasks [85].
These models automatically learn feature representations from raw data, making them
suitable for image and speech recognition. Notably, TabNet has emerged as an inter-
pretable and powerful deep learning model specifically designed for structured tabular
data [96]. TabNet uses sequential attention mechanisms to focus on relevant features at
each decision step. Its variants aim to improve computational efficiency and extend its

application to semi-supervised and multi-task learning contexts.

2.2.2 (Generative Models

Imagine a painter who has studied countless landscapes, portraits, and abstract pieces.
Over time, they master the art of combining colors, shapes, and textures to create entirely
new works that feel as if they belong in an art gallery alongside the originals. This
is how generative models work in the world of artificial intelligence: they learn from
vast collections of data, such as images, text, or audio, and then craft new outputs
that mimic the patterns and nuances of what they’'ve seen. These models, like creative
minds, can generate photorealistic images, compose music, write stories, and even assist
in scientific breakthroughs. Notable variants include Generative Adversarial Networks
(GANS)[78, 79, 5, 97, 98, 99], Variational Autoencoders (VAEs)[2, 82, 100], and Diffusion
Models[43, 69, 6, 101}, each with unique approaches and capabilities. Different families of
generative models employ different mathematical strategies and architectures to achieve
this goal, with varying trade-offs in sample quality, training stability, and interpretability.

Variational Autoencoders (VAEs) are one of the earliest and most foundational ap-
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proaches to probabilistic generative modeling [2]. As shown in Figure 2.1, VAE consists
of an encoder that maps input data into a latent space and a decoder that reconstructs
the data from this latent representation. Unlike traditional autoencoders, VAEs model
the latent space probabilistically, typically assuming a Gaussian prior. During training,
VAEs optimize a loss function that includes a reconstruction loss and a Kullback-Leibler
divergence term, ensuring the latent variables approximate the prior distribution. This
probabilistic formulation allows VAEs to generate new data by sampling from the latent

space and decoding the samples.

VAE
L
E Encoder latent space Decoder
z
X x'
z
Standard
deviation
T Reconstruction loss + Kl divergence

Figure 2.1: Variational Auto Encoder (VAE)[2]

One of the key strengths of VAEs is their structured latent space, which makes them in-
terpretable and useful for tasks like interpolation and anomaly detection [100]. VAEs have
been applied in domains such as image generation, drug discovery, and semi-supervised
learning [82, 102, 103]. However, a notable challenge with VAEs is the generation of
blurry images, especially when compared to other generative models like GANs [104].
This is due in part to the pixel-wise reconstruction loss and the regularization imposed
by the KL divergence.

Flow-Based Models offer an alternative approach by constructing an invertible trans-
formation between the input space and a latent space [3]. These models use a sequence
of bijective functions to map data into a latent representation and back, ensuring exact
likelihood computation, as shown in Figure 2.2. Notable examples include RealNVP,
NICE, and Glow. The advantage of flow-based models lies in their tractable likelihoods

and reversible mappings, which make them useful for both generation and inference.
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Figure 2.2: Flow Based Model [3]

These models shine in applications where likelihood estimation and exact inference are
important. However, designing invertible and expressive transformations is non-trivial.
In practice, flow-based models often require large model sizes to match the performance
of GANs in sample quality [105]. Additionally, their architectural constraints can make
them less flexible when compared to models like VAEs and GANs.

To address these limitations, autoregressive models offer an alternative generative
strategy by decomposing the joint distribution into a sequence of conditional probabilities
[4]. For example, in language modeling, an autoregressive model like GPT predicts the
next word given the previous ones [106, 107]. Similarly, in image modeling, PixelRNN
and Pixel CNN generate pixels one at a time, conditioned on previously generated pixels

[108]. These models are simple in concept and often produce high-fidelity outputs.

Figure 2.3: Auto regressive Model (AUM) [4]

One major advantage of autoregressive models is their likelihood-based training, which
avoids some of the stability issues seen in adversarial approaches [108]. They are widely
used in natural language processing, audio generation (e.g., WaveNet), and image genera-
tion [106, 109]. However, they suffer from slow sampling times, as they generate outputs
sequentially [110]. Moreover, they lack an explicit latent representation, which limits

their utility in representation learning and data compression [110].
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Among the most influential advancements in generative modeling, Generative Adver-
sarial Networks (GANSs) represent a breakthrough in generative modeling by introducing
an adversarial training paradigm [5]. As shown in Figure 2.4, GAN consists of a generator
that creates fake data and a discriminator that tries to distinguish real from fake. The
generator learns to produce increasingly realistic data to fool the discriminator, while the
discriminator improves its classification ability. This dynamic, game-theoretic training

process enables GANs to produce highly realistic samples.

GAN

Training
Data

-

Figure 2.4: Generative Adversarial Network (GAN) [5]

Discriminator
Loss
Generator
Loss

As shown in the figure 2.4, the GAN optimization process is governed by the fol-
lowing objective function: Here, represents samples from the real data distribution, and
denotes random noise sampled from a prior distribution, such as a Gaussian or uniform
distribution. The generator maps to the data space, creating synthetic samples. The
discriminator outputs the probability that is real to maximize the probability for real
samples and minimize it for synthetic ones. During training, and iteratively optimize
this loss function, striving to accurately classify inputs and striving to deceive.

Generative Adversarial Networks (GANs) have evolved significantly, resulting in var-
ious specialized variants that address specific challenges and applications. Conditional
GANs (cGANSs) enable controlled data generation by incorporating auxiliary information
like labels or features [97]. Wasserstein GANs (WGANSs) improve training stability by re-
placing the Jensen-Shannon divergence with the Wasserstein distance [99], while Progres-
sive Growing GANs (PGGANSs) enhance high-resolution image synthesis through gradual
training [79]. StyleGAN introduces a disentangled latent space that allows fine-grained
control over image attributes [78]. Moreover, CycleGAN targets unpaired image-to-image

translation tasks by learning domain mappings [111].
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Despite their success, GANs face persistent challenges such as mode collapse, where
the generator outputs lack diversity [99], and training instability due to issues like vanish-
ing gradients and hyperparameter sensitivity [98]. Evaluating GAN performance is also
difficult, as existing metrics like Fréchet Inception Distance (FID) and Inception Score
(IS) do not fully capture perceptual quality. Nevertheless, GANs have broad applications
across domains: they are used in image synthesis, super-resolution [112], inpainting [113],
deepfakes and style transfer, medical imaging [114], data augmentation [115], and scien-
tific simulations, such as astronomical image generation and molecular structure synthesis
for drug discovery [80].

Diffusion Models are a more recent and increasingly dominant class of generative mod-
els that learn to generate complex data distributions by iteratively denoising a sample
initialized with random noise [116]. Inspired by non-equilibrium thermodynamics, diffu-
sion models map data to latent representations through a forward diffusion process that
incrementally adds noise to the data, and then reconstruct the original data through a
reverse generative process. Originally introduced by Sohl-Dickstein et al. [117], these
models have gained attention for their ability to generate high-quality images and other
structured data. The recent advancements in diffusion models, such as Denoising Diffu-
sion Probabilistic Models (DDPMs) by Ho et al. [6] and improved variants like DDIM

[69], have demonstrated state-of-the-art results in image synthesis and beyond.

Figure 2.5: Diffusion Model [6]

Diffusion models generate data by learning to reverse a noising process that progres-
sively corrupts an input, typically using Gaussian noise. In the forward process, a clean

data point x, such as an image, is gradually noised over T steps, producing intermediate
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states x1,xs,...,xp. This is achieved using a variance schedule (;, with the transition
defined as q(x¢|zi_1) = N(x4;v/1 — Bvy_1,5:1). The cumulative noise across steps is
captured by a;, allowing for direct sampling of any intermediate noisy version x; from
Zo, improving computational efficiency.

The reverse process is modeled as py(z;—1|z¢), a Gaussian distribution whose param-
eters, mean gy and variance Xy, are predicted by a neural network trained to denoise
the noisy sample at each step. The objective is to minimize the discrepancy between the

actual noise and the noise predicted by the model, formalized as:

L =Eryer [|le — €o(ws, t)]] (2.1)

This learning process equips the model to reverse the diffusion and reconstruct high-
fidelity data from random noise through iterative refinement.

While diffusion models excel at generating high-quality and diverse outputs, they face
challenges such as computationally intensive training and slow sampling due to the large
number of sequential steps required [118]. Their performance is also sensitive to the choice
of noise schedules. Despite these limitations, diffusion models have seen rapid adoption
across domains. They power advanced image generation tools like Stable Diffusion [119],
contribute to speech synthesis [101], and are used in scientific applications like molecular
generation and video synthesis [43]. Additionally, they are effective for inpainting and

denoising tasks, demonstrating versatility in both creative and analytical contexts [43].

2.3 Explainability Techniques

Explainability techniques in AI help uncover how models make decisions, promoting
transparency, trust, and accountability. These methods differ by data modality, model
applicability (model-specific vs. model-agnostic), and their role in the ML lifecycle, be-
fore, during, or after training. Mechanisms include perturbation, gradients, rules, and
surrogate models, with explanations ranging from global (model-level) to local (instance-

level). Outputs range from feature importance and counterfactuals to visual or textual
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Figure 2.6: A Taxonomy of XAI Techniques

justifications. The following taxonomy organizes XAI methods for better method selec-

tion based on the use case.

2.3.1 Data Modalities in XAI

The type of data a model processes plays a central role in shaping which explainabil-
ity techniques are appropriate. In tabular data, commonly found in domains such as
finance, healthcare, and logistics, models such as random forests and neural networks of-
fer high predictive accuracy but limited interpretability. To address this, model-agnostic
techniques, including SHAP[61], LIME[60], and counterfactual explanations, are widely
used to quantify feature influence. However, these methods often face challenges related

to computational cost, high dimensionality, and fairness, particularly when trained on
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biased datasets[120, 121].

In the vision domain, explainability is especially crucial in high-stakes areas such
as medical imaging, where understanding model decisions is essential for clinical trust.
Gradient-based techniques such as CAM[122] and Integrated Gradients[51], as well as
perturbation-based methods including SHAP and LIME, are used to highlight relevant
image regions. For domain-specific imagery, such as Optical Coherence Tomography
(OCT), tailored interpretability approaches are often required [123, 124]. Hybrid strate-
gies that combine multiple techniques can enhance robustness and produce more reliable
explanations [125].

For textual data, explainability methods aim to improve transparency in models used
for sentiment analysis, legal classification, and medical document processing. While
transformer-based models such as BERT and GPT achieve strong performance, their
decision processes are often opaque. Post-hoc tools such as LIME and SHAP provide
word-level attribution, while attention mechanisms offer model-internal interpretability
by highlighting which parts of the input were most relevant[126, 127]. Nonetheless, the
context-dependent nature of language, idiomatic expressions, and potential embedded
biases make consistent and reliable explanations difficult to achieve [70, 23].

Graph-structured data introduces unique interpretability challenges due to its rela-
tional and often dynamic nature. Graph Neural Networks (GNNs) are widely applied in
areas such as social network analysis, molecular interaction modeling, and recommenda-
tion systems. Techniques such as GNNExplainer[128], GraphLIME[129], and attention-
based approaches help identify influential nodes, edges, or subgraphs. Still, scalability
remains a key concern, particularly for large or evolving graphs, and explanation fairness
is an ongoing issue when graph structure reflects real-world biases[130, 131].

Time series data, prevalent in domains such as health monitoring, energy forecast-
ing, and finance, requires XAl techniques that respect temporal dependencies. Deep
learning models like LSTMs, GRUs, and transformers capture complex sequential pat-
terns but often lack interpretability. Feature attribution methods, attention scores, and

perturbation-based techniques such as SHAP and LIME have been adapted to high-
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light influential time steps[132, 133]. However, challenges persist in explaining long-term
dependencies, managing multivariate signals, and developing scalable and reliable evalu-
ation metrics[134].

Finally, multimodal poses a complex challenge for explainability due to the non-linear
and interdependent nature of cross-modal interactions. Modern models such as multi-
modal transformers and deep fusion architectures integrate diverse information streams,
making it difficult to isolate the contribution of each modality. Attention-based visualiza-
tion techniques and extensions of SHAP and LIME have been used to disentangle these
contributions[135, 136]. However, scalability, interpretability across modalities, and the
absence of standardized evaluation frameworks continue to hinder progress in this area

[137).

2.3.2 Target Problems for Explainability

XAI techniques can be organized by the specific tasks they aim to support, as each type
of machine learning problem presents distinct interpretability challenges. Classification,
regression, time series forecasting, clustering, and generative modeling all require tailored
explanation strategies to ensure model transparency and usability. This categorization
helps researchers and practitioners match XAI methods to the nature of the task and the
demands of the application.

In classification tasks, where the goal is to assign discrete labels to inputs, XAl is essen-
tial for demystifying black-box models such as deep neural networks. Post-hoc methods
like SHAP[61], LIME[60], and Grad-CAM][138] are commonly used to quantify feature
importance and visualize decision-making pathways. Prototype-based models and coun-
terfactual explanations have also gained traction for making models more interpretable
by design[139, 140]. However, balancing interpretability and performance remains diffi-
cult. Post-hoc methods can sometimes offer misleading explanations, and their quality
is often subjective and hard to evaluate[141, 142]. Furthermore, ethical concerns such as
exposing embedded biases emphasize the importance of responsible implementation[143].

For regression tasks, which involve predicting continuous values, interpretability chal-
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lenges differ. While traditional models like linear regression are inherently explainable,
modern approaches such as support vector regressors, decision trees, and neural networks
trade transparency for performance. SHAP, LIME, partial dependence plots (PDPs)[90],
and ICE plots[144] have been adapted for regression, enabling insight into how features
influence predictions. Counterfactuals and monotonic neural networks offer ways to inte-
grate transparency into model design[145, 146]. However, interpreting continuous outputs
across a wide range of values is inherently harder than explaining categorical predictions.
Evaluating explanation quality, computational overhead, and fairness in output predic-
tions remain persistent challenges [147, 148].

In time series modeling, where inputs are sequential and temporally dependent, the
opacity of deep learning models such as LSTMs and transformers presents serious risks
in critical applications like healthcare and autonomous systems. XAI aims to provide
visibility into how these models use temporal patterns to make predictions. Tools like
SHAP, DeepLIFT, LRP, and attention maps have been extended to this domain, helping
identify which time steps or features influence forecasts [149, 150]. In finance, for instance,
XAI improves trust in high-risk decisions by revealing model reasoning[151]. However,
many methods originally designed for image or text tasks do not directly transfer to time
series. Unique evaluation frameworks that account for temporal dynamics are needed to
validate the reliability and faithfulness of explanations.

Clustering tasks, as unsupervised learning problems, bring distinct explainability chal-
lenges. Since labels are not provided, interpretability must focus on understanding why
specific data points are grouped together. Approaches such as CIAMP, which uses rule-
based prototypes, and Shapley value-based scoring have been introduced to make clus-
tering outcomes more interpretable and actionable [152, 153]. These methods are par-
ticularly valuable in domains like healthcare or manufacturing, where stakeholder trust
depends on transparent, meaningful groupings. Despite progress, challenges remain in
representing complex cluster structures, evaluating explanation quality, and ensuring ex-
planations generalize across domains [154, 155].

Generative tasks, such as image synthesis, text generation, and data augmentation,
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present some of the most difficult challenges for explainability. Deep generative models
like GANs, VAEs, and diffusion models operate in high-dimensional latent spaces, mak-
ing their behavior inherently opaque. XAI techniques in this space aim to trace how
inputs map to outputs and how latent variables influence the generated content. Tools
like LRP and attention maps offer partial transparency by highlighting which parts of
the input drive generation[156]. Recent work also explores the interpretability of latent
dynamics in diffusion models. However, explaining generative processes remains difficult
due to their stochastic nature, sensitivity to small changes, and computational demands.
Additionally, explanations must be adapted to their context—clinical image generation,
for instance, requires alignment with domain knowledge, whereas creative applications
like music or art demand more subjective interpretability criteria[157, 15]. Addressing
these challenges calls for integrated architectures, better evaluation metrics, and domain-

specific explanation frameworks.

2.3.3 Model Applicability of XAI Methods

Explainability methods can be broadly categorized based on their applicability to machine
learning models: model-specific methods, which are tailored to particular architectures,
and model-agnostic methods, which can be applied across a range of models regardless of
their internal structure. This classification helps guide the selection of appropriate XAI
techniques depending on the model type, performance requirements, and interpretability

goals.

A. Model Specific

Model-specific XAI methods are designed with detailed knowledge of a model’s internal
mechanisms, allowing them to produce highly precise and computationally efficient expla-
nations. These methods are often faster at inference time, as they leverage the structure of
the underlying model rather than approximating it, as in model-agnostic techniques[158].
For example, in time series classification, DEMUX generates class-specific saliency maps
that highlight the distinctive patterns contributing to a model’s prediction [159]. In NLP,

model-specific techniques can dissect individual components of deep architectures, such
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as word embeddings, attention layers, or recurrent units, providing granular explanations
that are well-aligned with how the model operates [160]. Despite their advantages in
speed and fidelity, model-specific methods are inherently limited in scope. They must
be redesigned or retuned for each model class, which can restrict their generalizability
and scalability across applications. Nevertheless, their performance and tailored insights
make them valuable in settings where computational efficiency and detailed model un-

derstanding are priorities [161].

B. Model Agnostic

Model-agnostic XAI methods aim to explain predictions without requiring access to the
internal workings of the model. These approaches treat the model as a black box and infer
feature importance or input-output relationships through systematic perturbations or sur-
rogate modeling. Techniques such as LIME[162] and SHAP[61] exemplify this paradigm,
offering flexibility and broad applicability across various models. Their utility extends to
critical domains such as healthcare, where model-agnostic tools enhance the interpretabil-
ity of risk scores for clinicians[163], and environmental modeling, where feature shuffling
and occlusion analysis are used to identify influential variables[161]. However, model-
agnostic methods come with limitations. Because they approximate the model’s behavior
from the outside, they are often more computationally intensive and may produce less
faithful explanations. Moreover, they can be prone to misinterpretation, especially when
users conflate correlation with causation or overlook feature dependencies|[164, 165]. As a
result, careful application and contextual understanding are essential to avoid misleading
conclusions.

Figure 2.7 summarizes the distinction between model-specific and model-agnostic XAl
techniques within the context of generative models. Model-specific approaches are aligned
with particular generative architectures, such as variational autoencoders (VAEs), gener-
ative adversarial networks (GANs), and diffusion models, whereas model-agnostic tech-
niques offer general-purpose insights using perturbation, attention, or feature attribution

strategies applicable across architectures.
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Figure 2.7: A Classification of XAI Methods for Generative models

2.3.4 Integration Stage of XAI Techniques

The integration stage of XAI techniques refers to the point in the model lifecycle at
which explainability is introduced, either during model development or after the model
has been trained. Depending on the timing and method of integration, XAI techniques are
broadly categorized into ante-hoc and post-hoc approaches. This distinction is crucial for
selecting appropriate methods based on application-specific needs, such as performance,

interpretability, or regulatory compliance.

A. Ante-Hoc Explainability

Ante-hoc methods incorporate interpretability directly into the model architecture from
the outset. These techniques aim to construct inherently transparent models, either
through explicit reasoning mechanisms or by using simple, interpretable structures. Ante-
hoc interpretability can be described in three levels: simulatability, decomposability,
and algorithmic transparency [15]. Simulatable models, like small decision trees, allow
a human to fully understand the model’s behavior. Decomposable models offer inter-
pretability at the component level, such as interpretable inputs or parameters, while

algorithmically transparent models are based on well-understood learning rules but lack
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human-readability in complex scenarios. Although ante-hoc methods ensure faithful ex-
planations, they are usually restricted to simpler models, such as decision trees, linear
models, and rule-based systems, potentially limiting predictive performance in complex

tasks[166].

B. Post-Hoc Explainability

Post-hoc methods, in contrast, are applied after the model has been trained. These
techniques do not require modifying the model’s architecture and are often used to inter-
pret complex black-box models. Post-hoc approaches include feature importance scores,
counterfactual explanations, saliency maps, and surrogate models that approximate the
original model’s behavior. Their flexibility makes them suitable for a wide range of mod-
els and applications. In addition, they are often more practical to implement since they
do not require changes to existing high-performing systems. However, post-hoc explana-
tions may not always be faithful to the actual reasoning of the model, which can lead to

misleading interpretations if not used carefully.

Table 2.1: Comparison of ante-hoc and post-hoc explainability approaches based on
desired properties
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As shown in Table 2.1, the choice between ante-hoc and post-hoc methods involves a
trade-off. Ante-hoc approaches typically offer higher faithfulness but come with limita-
tions in model flexibility and performance. Post-hoc methods, while easier to implement
and scalable to complex models, may compromise the fidelity of explanations. Therefore,

the selection of an XAI approach should be informed by the application’s goals, whether
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prioritizing interpretability and trust or maximizing model performance and generaliz-

ability.

2.3.5 Mechanisms of XAI Methods

Understanding the mechanisms that underpin different XAl techniques is fundamental
to improving model transparency, trust, and usability. Broadly, explainability methods
operate through one or more of the following mechanisms: architecture modification,
example-based reasoning, and attribution. Each offers distinct strategies for uncovering

how models arrive at their decisions.

A. Architecture Modification

Architecture modification involves designing models with interpretability embedded di-
rectly into their structure. These methods adjust the underlying architecture either
through simplification or principled incorporation of domain knowledge to enhance both
transparency and performance. For instance, ToyArchitecture introduces simplified, hi-
erarchical structures combining unsupervised learning with symbolic and sub-symbolic
integration to maintain interpretability across tasks [167]. Interpretable Neural Networks
(INNs) incorporate rule-based reasoning to inject domain-specific knowledge into deep
architectures, improving both decision reliability and human understanding[168]. An-
other approach, Multi-Objective Neural Architecture Search (NAS), uses optimization
techniques like NSGA-II to balance predictive performance with interpretability during
model design[169]. Similarly, heuristic-based construction methods apply rule-guided
model selection to support the development of transparent systems[170]. These tech-

niques aim to preserve model introspectability without compromising effectiveness.

B. Examples

Example-based methods explain model behavior through representative data instances.
Instead of summarizing feature contributions, these approaches provide tangible exam-
ples that illustrate how and why the model made a particular decision. This mechanism

aligns closely with human reasoning, using concrete cases to understand abstract behav-
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ior. It is especially effective in domains like bioinformatics or legal Al, where specific
case studies can enhance stakeholder comprehension and trust[171]. Common example-
based techniques include counterfactuals|[72], adversarial examples[172], prototypes and
criticisms[173], and influential instance detection. These methods are generally model-
agnostic and particularly well-suited to tasks involving visual or textual data. However,
for high-dimensional tabular data, summarizing or selecting meaningful instances remains

a challenge unless dimensionality reduction or instance aggregation is used.

C. Attribution

Attribution techniques aim to quantify how different parts of the input influence the
model’s output. These mechanisms can be classified into three categories: perturbation-
based, meta-explanation, and propagation-based methods.

i) Perturbation-Based Techniques: These methods evaluate how changes to input fea-
tures affect the model’s prediction. Examples include occlusion analysis[174], prediction
difference analysis (PDA)[175] and meaningful perturbations[176]. While they are flexible
and model-agnostic, they are also computationally expensive due to repeated evaluations.
Gradient-based alternatives like Sensitivity Analysis (SA)[177] offer efficiency but often
suffer from issues such as gradient shattering, which undermines explanation stability.

ii) Meta-Explanations: Meta-level techniques analyze explanation methods them-
selves, offering insights into their behavior, fidelity, and consistency across contexts.
Techniques like Spectral Relevance Analysis (SpRAy)[178] cluster heatmaps to uncover
model-wide behavior, while network dissection[179, 180] interprets learned representa-
tions by identifying semantic concepts encoded in hidden units. These approaches help
users understand what the model has learned, not just how it behaves.

iii) Propagation-Based Methods: These techniques trace how information flows through
a model from input to output. Layer-wise Relevance Propagation (LRP) is a prominent
example, redistributing predictions back through the layers of a network to highlight
important features[181, 182]. LRP has been extended to recurrent models[183] and

adapted to clustering and anomaly detection tasks through neuralization[184]. Unlike
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basic gradient-based methods, LRP offers stable, efficient explanations with just one
forward and backward pass and avoids pitfalls like explanation discontinuity[185].

Other propagation approaches include Deconvolution[174] and Guided Backpropagation[186],
which focus more on visualizing activation patterns than tracing decision causality. Re-
cent heuristics and optimization-based propagation variants, such as Grad-CAM[138]
and PatternAttribution[49], further extend the propagation paradigm. The iNNvesti-
gate toolbox[187] provides implementations for many of these methods, making them

accessible for practical analysis of neural networks.

2.3.6 Granularity of Explanations

The granularity of explanations in Explainable Al (XAI) refers to the level of detail
at which a model’s decision-making process is interpreted. This distinction is critical
because different users and use cases require varying depths of insight. In general, XAI
techniques operate at either the local, global or hybrid level of granularity. Each serves a
distinct purpose and contributes to a more comprehensive understanding of how models

behave.

A. Local

Local explanations focus on individual predictions, offering insights into why a model pro-
duced a specific output for a particular input. These methods are especially valuable in
high-stakes applications such as medical diagnosis or credit approval, where understand-
ing the rationale behind a single decision can directly impact outcomes. Techniques like
LIME and SHAP are widely used for local explanation, attributing feature importance
to a model’s prediction at the instance level [50, 188]. Because they are intuitive and
case-specific, local explanations are particularly appealing to non-expert users and are

often preferred in domains where transparency for individual decisions is required [188].

B. Global

Global explanations, by contrast, aim to uncover how a model behaves across the entire

input space. These methods are useful for developers and domain experts who seek to
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understand the model’s learned patterns, decision boundaries, and feature interactions at
a holistic level. Techniques such as PCAIME (Principal Component Analysis-Enhanced
Approximate Inverse Model Explanations) exemplify global explanation approaches by
summarizing global feature importance and highlighting overall model behavior [189].
Global methods are essential for validating whether a model adheres to ethical principles,

fairness constraints, or domain expectations.

C. Hybrid

Hybrid approaches aim to integrate the strengths of both local and global explanations,
providing a more nuanced understanding of model behavior. For example, Concept Rel-
evance Propagation (CRP) bridges local relevance attribution with global concept anal-
ysis, helping users interpret both “where” and “why” a model made a prediction [50].
PCAIME also fits into this category by enabling visual interpretation of both individual
and aggregated feature contributions. Such techniques help address the limitations of
relying solely on local or global views.

However, one of the persistent challenges in XAl is the inconsistency or disagreement
among explanation methods. Different techniques may yield divergent results for the
same model and input, making it difficult to determine which explanation is most reli-
able. To address this, methods like Functional Decomposition (FD) offer region-based
explanations that aim to minimize conflicting feature attributions by reducing local fea-
ture interactions [190]. Furthermore, there is growing recognition of the need for more
human-centered explanation strategies that consider user diversity, domain context, and

interpretability goals [191].

2.3.7 Explanation Result

The result-based approach to explainability focuses on using the output of an explanation
method as the primary component for interpreting model behavior. These methods are
typically grouped into three main categories: Feature Importance, Surrogate Models, and

Examples.
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A. Feature Importance-Based Methods

Feature importance-based methods quantify and visualize the influence of input features
on a model’s predictions. These methods are essential for identifying which variables
most significantly affect outputs, thereby enhancing transparency and trust.

Various visualization techniques assist in interpreting feature importance. Partial
Dependence Plots (PDPs) show the average marginal effect of a feature, while Individ-
ual Conditional Expectation (ICE) plots reveal individual instance-level responses [144].
Sensitivity Analysis (SA) measures changes in outputs caused by perturbing inputs [192].
In image classification, saliency maps highlight pixel-level importance using gradients or
occlusion [193].

Relevance propagation techniques, such as Layer-wise Relevance Propagation (LRP),
provide pixel-wise or feature-wise contributions by tracing model outputs backward through
the network [181]. LRP ensures conservation of relevance across layers and is often visu-
alized via heatmaps.

SHAP [61] is another widely used method for local feature attribution. It uses Shap-
ley values from cooperative game theory to assign fair importance scores across all pos-
sible feature combinations. Variants of SHAP improve scalability and expand utility:
L-Shapley and C-Shapley reduce computation costs [194]; NeuronSHAP [195] evaluates
neural unit relevance; and DataSHAP [196] ranks training examples by their impact on

the model.

B. Surrogate Models

Surrogate models are interpretable models that approximate the behavior of complex
black-box systems. These are useful when direct interpretation is impractical.

LIME [60] is a widely used method that fits a local linear model around a prediction to
approximate the black-box decision boundary. Its variants include K-LIME [197], which
uses k-means to partition input space; LIME-SUP [198], which incorporates supervised
tree-based partitioning; and NormLIME [199], which aggregates normalized surrogates

to yield global class-level insights.
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Symbolic surrogates provide an alternative by constructing global symbolic repre-
sentations. Shih et al. [200] introduced symbolic decision diagrams (ODDs) to explain
Bayesian classifiers. Albini et al. [201] used influence graphs to capture relationships be-
tween inputs and outputs. Ignatiev et al. [202] proposed abductive reasoning with formal
guarantees to ensure logically sound explanations. These methods contribute structured

and verifiable insights into model behavior.

C. Example-Based Methods

Example-based explanations clarify predictions by referencing representative or similar
instances from the dataset. These approaches help users understand decisions through
analogies, which align with human reasoning.

Doshi-Velez et al. [203] proposed topic models using concept-word examples for topic
interpretation. Bien and Tibshirani [204] formulated prototype selection as a set-cover
problem to extract minimal representative subsets. Kim et al. [173] introduced MMD-
critic, an algorithm that selects both prototypes and criticisms to enhance interpretability
by showing what the model considers representative and non-representative.

These instance-based methods are particularly useful when inputs can be naturally
understood by users, such as images, text, or structured tabular records, and they play

a growing role in human-centered explainable Al.

2.3.8 Explanation Output Modalities

Explanation outputs can be categorized into two primary types: uni-modal and multi-
modal, each tailored to deliver model insights most effectively based on user requirements
and the characteristics of the data. These modalities are critical for facilitating a deeper
understanding of model behavior, ensuring that users receive explanations that align
with their specific needs and the context in which the model is applied. By selecting the
appropriate output format, explanations can be optimized for clarity, accessibility, and

utility across different application domains.
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A. Uni-modal

Uni-modal explanations deliver model insights through a single output format—visual,
numerical, or textual-—based on specific user needs and data types.

Visual explanations offer intuitive and accessible insights into complex model behavior
through graphical representations. These explanations are particularly effective at high-
lighting key input features that drive a model’s predictions, such as salient image regions
via heatmaps or relevant words in text. Visualizations can also illustrate internal model
mechanisms, such as neural network layers and their connections. The strength of visual
formats lies in their ability to simplify complex dynamics, making them understandable
not only to technical users but also to non-specialists, thereby broadening accessibility
and trust.

Numerical explanations provide precise, quantitative insights into how input features
influence model predictions. These are typically represented as values, vectors, or ma-
trices. They allow users to assess the relative importance of various inputs, supporting
detailed evaluation of the model’s decision-making process. Techniques like Concept Ac-
tivation Vectors (CAVs) and other model-agnostic tools often employ numerical formats
to convey information concisely. However, numerical outputs may be less intuitive than
visual or textual formats and are best suited for users with a strong technical back-
ground. To improve interpretability, numerical explanations are often integrated with
complementary formats in comprehensive explanation pipelines.

Textual explanations use natural language to articulate the reasoning behind a model’s
decisions. These are typically descriptive statements highlighting which features influ-
enced the outcome and how. Textual formats are highly effective in bridging the gap
between complex Al systems and users, especially those without technical expertise. The
clarity, accuracy, and relevance of the language used determine the effectiveness of tex-
tual explanations. When paired with visual or numerical outputs, textual explanations

enhance understanding by translating technical insights into accessible narratives.
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B. Multi-modal

Multi-modal explanations combine multiple output formats—such as numerical, visual,
and textual—to create a more holistic and accessible understanding of model behavior.
This integration leverages the strengths of each modality to accommodate a broader range
of user needs and preferences.

For instance, methods like Functional ANOVA decomposition generate both numer-
ical metrics and visual plots to illustrate variable interactions and their influence on
predictions. Justification Narratives combine bar charts with explanatory text, offering
detailed yet accessible breakdowns of classification results. These hybrid formats are
particularly beneficial in collaborative or interdisciplinary settings, where users may vary
in technical expertise. By aligning detailed technical information with user-friendly nar-
ratives, multi-modal explanations improve transparency, support decision-making, and

build user trust in Al systems.

2.4 Related work

In the field of machine learning, interpretability techniques are crucial for understanding
and trusting complex models. These methods help provide insights into how a model
arrives at a specific decision, especially when the model is a black box, like deep learning
models or ensemble methods. A variety of techniques have been developed to address this
need, each with its unique approach and use cases. Among these, LIME, SHAP (including
KernelSHAP, TreeSHAP, and DeepSHAP), Integrated Gradients, Saliency Maps, LRP,
and CAM are some of the most widely used methods, offering different ways to interpret
the behavior of machine learning models [162, 205].

LIME (Local Interpretable Model-agnostic Explanations) is one of the pioneering
methods in model interpretability [162]. It operates by approximating a complex model’s
decision boundary locally using simpler, interpretable models, such as linear regression
or decision trees. This technique works by perturbing the input data and observing the
corresponding changes in the model’s predictions. LIME then fits a surrogate model

to this perturbed data, explaining the model’s behavior in a local context. This makes
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LIME highly versatile, as it can be applied to any model, regardless of its complexity or
architecture.

Building on the Shapley values from game theory, KernelSHAP offers an alternative
model-agnostic approach for explaining predictions [205]. Shapley values assign a con-
tribution score to each feature based on its influence on the prediction, considering all
possible combinations of features. KernelSHAP computes these values using a kernel-
based approximation, allowing for a more efficient calculation of Shapley values in the
case of complex models. This method is particularly useful for obtaining a global under-
standing of feature importance and understanding how individual features contribute to
the model’s predictions, especially when the model is too complex for traditional analyt-
ical methods.

TreeSHAP, on the other hand, is specifically optimized for tree-based models like
decision trees, random forests, and gradient boosting machines [205]. While KernelSHAP
applies to any model, TreeSHAP takes advantage of the structure of tree-based algorithms
to compute exact Shapley values more efficiently. By evaluating the marginal contribution
of each feature at each decision node, TreeSHAP can quickly and accurately determine
the importance of features in decision-making. This specialization makes TreeSHAP
particularly well-suited for understanding tree-based models, which are commonly used
in practice due to their interpretability and performance.

For deep learning models, more sophisticated methods are required due to their com-
plexity. DeepSHAP is an extension of SHAP designed specifically for deep learning models
[206]. By combining the principles of Shapley values with techniques tailored to neural
networks, such as layer-wise relevance propagation (LRP), DeepSHAP can explain the
output of complex neural networks by determining the contribution of each input feature
across different layers of the model. This allows for a more granular understanding of
how inputs are processed through the layers of a deep neural network, making it possible
to interpret the results even in models with millions of parameters.

In addition to these Shapley-based methods, several other techniques focus on visual-

izing which parts of an input are most influential in the model’s decision-making process.
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Integrated Gradients, Saliency Maps, and Layer-wise Relevance Propagation (LRP) are
commonly used for image-based tasks [207, 208, 181]. Integrated Gradients measure the
importance of each feature by computing the gradient of the model’s output with respect
to the input and integrating it along a path from a baseline to the input. Saliency Maps
use the gradients to highlight areas in the input that have the most influence on the
model’s prediction. LRP, on the other hand, propagates the relevance of the model’s out-
put backward through its layers, attributing importance to each neuron in the network.
For convolutional neural networks (CNNs), Class Activation Mapping (CAM) identifies
regions in an image that are most responsible for a particular prediction by weighting
the feature maps of the final convolutional layer [209]. These methods offer intuitive
visualizations that are particularly helpful in understanding how deep learning models
interpret images and text.

To evaluate the practical effectiveness of XAl methods, it is important to consider
a range of desirable properties: stability, faithfulness, sparsity, reliability, and compu-
tational complezity [26]. These properties help characterize the quality and usability of
explanations, which in turn affect user trust and decision-making. As shown in Table 2.2,
this section explores how representative XAl techniques perform across these dimensions
and why. We begin with stability, which refers to the consistency of an explanation when
small perturbations are applied to the input or model. As shown in Table 2.2, TreeSHAP
excels in this property because it leverages a model-specific, deterministic algorithm that
exactly computes Shapley values for tree-based models [210]. Similarly, Integrated Gra-
dients (IG) and Layer-wise Relevance Propagation (LRP) provide stable explanations,
owing to their reliance on structured gradient backpropagation and conservation princi-
ples, respectively [51, 181]. In contrast, LIME and KernelSHAP generate local surrogate
models by randomly sampling perturbed inputs, introducing stochasticity that leads to
explanation variability [60, 61]. Saliency maps and DeepSHAP also lack stability due to

their dependence on noisy gradients and model approximations [211].
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Table 2.2: Comparison of prominent XAl techniques based on key interpretability criteria.

XAI PRE GEN STB FTH SPR REL CCX TA TL TRM
LIME [162] v X X X v X v
KernelSHAP X X v v ve X - _ -
[205]
TreeSHAP v X v v X v v - - -
[205]
DeepSHAP v X X X X X X - - -
[206]
IG [207] v ve v v - - ;
Saliency v X X X v - - ,
Maps [208]
LRP [212] v v v v X v - - ;
CAM [209] v X X v v X v - - -
Diffusion XAI x v W W X W v v o o x Y
[116]
DAAMI67] X v v Yl X W v v
Concept X v v X v v x v Y
Attention
213

Key:

XAIL Explainable AI Technique, PRE: Predictive, GEN: Generative, STB: Stability, FTH:
Faithfulness, SPR: Sparsity, REL: Reliability, CCX: Computational Complezity, TA:
Timestep Aware, TL: Token Level, TRM: Token-to-region mapping

While stability ensures consistency, faithfulness—the extent to which an explanation
accurately reflects the model’s decision-making process—is arguably the most critical
property. TreeSHAP and KernelSHAP perform well here because they are grounded
in cooperative game theory, ensuring that the contribution of each feature aligns with
the model’s output [61]. IG and LRP are also highly faithful as they trace back model
decisions via gradients or layer-wise relevance scores, maintaining fidelity to the learned
function [51, 181]. On the other hand, LIME often struggles with faithfulness, as its linear
surrogate models oversimplify complex non-linear decision boundaries [60]. Saliency maps
and DeepSHAP may produce visually appealing outputs but often suffer from gradient

saturation and class insensitivity [214].
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The third property, sparsity, is key to generating explanations that are easily un-
derstandable to humans, especially in high-dimensional settings. LIME and CAM in-
tentionally select or highlight a small number of important features or regions, thereby
offering sparse, concise outputs [60, 122]. KernelSHAP also exhibits sparsity by assign-
ing zero weights to non-influential features in many cases [61]. However, methods such
as 1G, LRP, and TreeSHAP typically yield dense attributions because they aim to pro-
vide comprehensive explanations [51, 181], which enhances faithfulness but can hinder
interpretability.

Closely tied to the practical utility of explanations is reliability, which reflects the
consistency and semantic validity of explanations across varied conditions. TreeSHAP is
highly reliable due to its deterministic formulation and theoretical soundness [210]. IG
and LRP also show strong reliability because they consistently identify relevant features
in a principled manner that adheres to model internals [51, 181]. By contrast, LIME,
saliency maps, and DeepSHAP can generate unreliable outputs depending on the choice
of perturbations, baselines, or model approximations [211, 214].

The other key consideration is computational complexity, particularly important in
real-time applications or resource-constrained environments. LIME, CAM, and saliency
maps are relatively lightweight, making them appealing for fast deployment [60, 122].
TreeSHAP is efficient for tree-based models due to its optimized structure [210], while
IG benefits from gradient-based computations that can be parallelized [51]. However,
KernelSHAP incurs substantial computational overhead due to its sampling and kernel-
weighted estimation process [61]. DeepSHAP, combining aspects of SHAP and DeepLIF T,
also suffers from this inefficiency when applied to deep networks [211].

In recent advancements of explainable Al applied to generative diffusion models, sev-
eral methods have emerged to interpret model behavior during the iterative denoising
process. Techniques such as DF-RISE, DF-CAM, DAAM (Diffusion Attentive Attribu-
tion Maps), and Concept Attention aim to bridge the interpretability gap in generative
tasks [116, 67, 213].

DF-RISE and DF-CAM leverage perturbation-based and gradient-based mechanisms
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respectively to generate attribution maps across multiple denoising steps. These tech-
niques provide partial faithfulness and moderate stability, with some ability to localize
token influences over time. However, they involve substantial computational overhead
due to repeated sampling and inference steps, and they lack fine-grained token-level res-
olution [116, 73].

DAAM introduces a novel approach by aggregating internal cross-attention maps of
diffusion models to derive word-to-region attributions without requiring model perturba-
tion [67]. By tracing how individual tokens influence spatial attention across denoising
timesteps, DAAM produces stable, semantically meaningful token-to-region maps. Its
architecture allows it to operate efficiently compared to sampling-based methods, and its
explanations are token-level, interpretable, and consistent. However, since DAAM reflects
attention patterns rather than causal attributions, its faithfulness and reliability remain
partial. Still, it supports timestep-aware reasoning and facilitates prompt dissection,
making it a practical tool for real-world diffusion explainability workflows.

The Concept Attention framework by Chen et al. [213] instead modifies the gener-
ative process itself by injecting semantic guidance, improving segmentation quality and
coherence. While it contributes to interpretability via structured generation, it does not
provide post-hoc explanations and does not support predictive or timestep-aware analysis.

Together, these diffusion-based methods highlight the evolving nature of XAI for gen-
erative models. DAAM offers an efficient middle ground between faithfulness and scalabil-
ity, while DF-RISE and DF-CAM prioritize attribution fidelity at a higher computational
cost. Concept Attention advances semantic control but lacks diagnostic transparency.
These trade-offs underscore the need to align explanation tools with application-specific
interpretability goals.

Synthesizing these evaluations, it becomes clear that each XAI method involves trade-
offs. TreeSHAP stands out for its faithfulness, stability, and reliability, but lacks sparsity,
making its explanations dense. LIME offers sparse and computationally efficient expla-
nations, but at the cost of faithfulness and stability. IG and LRP provide high fidelity

and reliability but generate dense outputs that can overwhelm end-users. KernelSHAP
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is both faithful and sparse but computationally demanding. These trade-offs underscore
the necessity of aligning method selection with specific application requirements and user
expectations.

Furthermore, each technique’s performance is deeply intertwined with model archi-
tecture. TreeSHAP is tailored for decision tree-based models like XGBoost and random
forests, while IG, DeepSHAP, and LRP are more suited for deep neural networks. CAM
is effective for CNN-based visual tasks due to its spatially aligned heatmaps, but is not
adaptable to arbitrary model types [122]. These dependencies highlight the need to match
explanation methods not just to desirable properties but also to architectural compati-

bility.
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Chapter 3

Methodology

This study introduces FIFA-DiffuSAGE, a pair of hybrid attribution methods devel-
oped to enhance the explainability of both predictive models and deep generative diffusion
models. The first method, Firefly-Inspired Feature Attribution (FIFA), leverages
the Firefly Algorithm [215] to generate sparse, stable, and faithful feature attributions for
black-box predictive models on tabular data. The second, DiffuSAGE (Diffusion Shap-
ley Attribution with Gradient Explanations), combines Aumann-Shapley values [216]
with Integrated Gradients [51] and cross-attention alignment to provide step-aware and
token-level attributions for text-to-image diffusion models. The following sections present

the theoretical formulation, design rationale, and experimental evaluation of both meth-

ods.

3.1 Research Methodology

This study adopts the Design Science Research Process (DSRP) as the guiding method-
ology to develop novel attribution methods for explainability in both predictive and gen-
erative deep learning models. DSRP is a systematic, iterative framework widely used in
computer science and information systems to design, build, and rigorously evaluate inno-
vative solutions [217]. Within this methodology, we introduce FIFA for predictive models
and DiffuSAGE for deep generative diffusion models. These methods are designed to
address trade-offs between attribution faithfulness and interpretability.

DSRP structures our research through progressive stages: problem identification, ob-
jective formulation, design and development, evaluation, and communication. Figure 3.1
illustrates these phases, aligning them with the formulation and validation of our attri-

bution methods [217].
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Figure 3.1: Research Design

Problem Identification

To identify the research problem, we conducted a focused exploration of explainability
techniques, particularly examining the challenges of balancing faithfulness and inter-
pretability. Our review of feature attribution methods critically analyzed their trade-offs
and limitations, which informed the development of more principled and effective solu-
tions.

We examined foundational works in explainable Al, including SHAP, LIME, Inte-
grated Gradients, and Aumann-Shapley values. This literature review highlighted per-
sistent issues, including baseline sensitivity, instability, and a lack of fairness guarantees.
These findings motivated a deeper evaluation of the limitations’ root causes and practical
implications, guiding the formulation of our research direction.

Through this assessment, we identified two core research problems: (1) the need
for a biologically inspired, optimization-based attribution method to improve stability,
faithfulness, and interpretability in predictive models; and (2) the need for a hybrid tem-
poral attribution method combining Aumann-Shapley values and Integrated Gradients
to enhance the interpretability of deep generative diffusion models. These problems form
the basis of our investigation, driving the development of FIFA and DiffuSAGE as key

contributions to the field.

Objective Formulation

Following problem identification, we formulated the central research question, as detailed

in Section 1.3. To address this, we established clear objectives, starting with a general
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goal of advancing explainability for both predictive and generative deep learning models.

Building on this foundation, we articulated specific objectives 1.4 to guide the devel-
opment of FIFA for predictive models and DiffuSAGE for generative diffusion models.
This structured roadmap ensured that each research stage remained aligned with the core

goals of improving faithfulness and interpretability.

Design and Development

Based on the insights gathered, we propose two complementary approaches to address the
trade-offs between faithfulness, interpretability, and performance in explainability. For
predictive models, we introduce FIFA, an optimization-based method designed to enhance
stability, sparsity, and faithfulness in feature attributions. For deep generative models,
we develop DiffuSAGE, a hybrid framework that combines the fairness and robustness
of Aumann-Shapley values with the interpretability of Integrated Gradients, enabling
balanced and interpretable attributions across the multi-step generative process.

We explored strategies like diversity-driven search in FIFA and baseline selection, path
refinement, and temporal attribution aggregation in DifftuSAGE. Additionally, regulariza-
tion techniques and structural adaptations ensure generalizability across different model
architectures and datasets. Through iterative design and empirical evaluation, we devel-
oped practical, scalable solutions for achieving faithful and interpretable explainability

in both predictive and generative Al systems.

Evaluation

In the evaluation phase, we assess the performance and viability of our methods using a
set of well-defined metrics and evaluation criteria. As detailed in Chapter 4, we evaluate
FIFA and DiffuSAGE by analyzing attribution faithfulness, stability, and robustness
across different scenarios. We benchmark both methods on models of varying complexity,
including advanced architectures.

We also examine their practical applicability by simulating real-world use cases, en-
suring that FIFA and DiffuSAGE are not only theoretically sound but also effective in

applied explainability settings. This comprehensive evaluation validates the adaptability
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and performance of our hybrid attribution methods across both predictive and generative

AT contexts.

Communication

In the communication phase, we focus on effectively presenting the results and insights
from our proposed methods: FIFA and DiffuSAGE. This involves documenting the
methodologies, design rationales, and evaluation outcomes through structured presen-
tations and visualizations. We emphasize how each approach addresses the trade-offs
between faithfulness and interpretability in model explainability.

Our findings are shared through peer-reviewed research papers, technical presenta-
tions, and targeted communication channels, ensuring our contributions advance aca-

demic understanding and support practical adoption in real-world Al systems.

3.2 Data Acquisition

Acquiring diverse and representative datasets is crucial for benchmarking the performance
and reliability of explainability methods. To support the development of our predictive
attribution method, FIFA, we selected three widely recognized datasets: Breast Cancer
(WDBC), Diabetes, and Adult Income (Census). These datasets differ in domain, size,
and complexity, offering a well-rounded exploration of FIFA’s capability to handle various
predictive modeling scenarios.

The Breast Cancer (WDBC) dataset [218] consists of 30 features derived from digitized
fine needle aspirate (FNA) images, with 569 samples, and is used for binary classifica-
tion of tumor malignancy. The Diabetes dataset [219], sourced from Kaggle, contains 8
medical attributes collected from 768 individuals and is used for regression tasks related
to disease progression. The Adult Income (Census)dataset [220] includes 14 demographic
and economic features across 48,842 samples and is commonly used for binary income
classification tasks. Table 3.1 provides an overview of these datasets.

These datasets were selected due to their widespread use in explainable Al research,

as well as their ability to highlight the challenges and opportunities in generating faithful
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and sparse feature attributions [221, 222, 223]. The variation in feature dimensionality
and dataset size enables a robust comparison across different learning tasks and data
characteristics.

Table 3.1: Datasets used for feature attribution benchmarking.

Dataset # Features | # Samples
Breast Cancer (WDBC) [218] 30 569
Diabetes [219] 8 768
Adult Income (Census) [220] 14 48,842

3.3 Data preprocessing

To ensure consistent and fair comparison across predictive tasks, we applied standardized
preprocessing procedures to all datasets evaluated with FIFA. These steps supported
robust model training while maintaining the interpretability of features for attribution
analysis.

For numerical features, min-max normalization was applied to scale values into the
range [0, 1], ensuring uniform contribution across features. This normalization was ap-
plied uniformly to the Diabetes and Breast Cancer (WDBC) datasets, which consist
entirely of continuous attributes.

The Adult Income (Census) dataset, which includes both numerical and categorical
features, was preprocessed using one-hot encoding for categorical variables. Missing val-
ues (e.g., in workclass and native-country) were treated as a separate category to
avoid information loss.

All datasets were randomly split into training and test sets using an 80/20 ratio. For
classification tasks (Breast Cancer and Adult Income), stratified sampling was used to
maintain class balance. Preprocessing was implemented using scikit-learn and applied

uniformly to ensure consistency and compatibility with FIFA.
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3.4 Design and Development

The proposed method produces robust, model-specific explanations for both predictive
and generative diffusion models. It adopts a unified, modular architecture that accommo-

dates heterogeneous input types and delivers faithful, stable, and semantically coherent

attributions.

Input Data
[
v X
NO 5 Tabular? \ Is Text?
Yes Yeb g
Al Model
|
No J J No
Is Predictive? is Diffusion? >
Yes l Yes
FIFA DiffuSAGE

Figure 3.2: System flow of the attribution-based explainability framework for predictive
and diffusion models.

As shown in Figure 3.2, the system begins by ingesting structured tabular features or
natural language prompts. It then determines the nature of the target model, predictive
(classifiers or regressors) or generative (text-to-image diffusion models), based on input
modality and available model metadata.

Based on this classification, the framework routes the input-output pair to one of two
dedicated explanation modules. For predictive models, it invokes FIFA, which computes
sparse, stable, and faithful feature importance scores. For generative models, it activates

DiffuSAGE, a token-level attribution mechanism that captures the spatial and temporal
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influence of prompt tokens throughout the diffusion process.

This routing mechanism enables task-specific attribution without requiring access to
internal model parameters or gradients, making the system architecture agnostic while
preserving interpretability and reliability.

Black Box Model

FIFA-DiffuSAGE Explainer

a DiffuSAGE N
FIFA

Y
|
1 .I
Y Astranaut J
,,

Figure 3.3: Architectural overview of the FIFA-DiffuSAGE Explainer.

Figure 3.3 shows the internal architecture of the explanation engine, which comprises
two parallel paths tailored to each model type, followed by a unified evaluation and
visualization module.

In the predictive path, FIFA analyzes structured inputs and produces ranked feature
importance scores, guided by four core principles: sparsity, to identify concise yet infor-
mative feature subsets; stability, to ensure robustness under perturbation; faithfulness,
to reflect the model’s true reasoning; and reliability, to maintain consistency across runs
and input variations. Results are visualized using bar plots for interpretability.

In the generative path, DiffuSAGE aggregates Integrated Gradients across multiple
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diffusion steps and aligns them with cross-attention maps extracted from intermediate
layers. This results in temporally grounded, token-to-region attributions. Outputs in-
clude heatmaps, relevance curves, and token saliency profiles that visualize how prompt
tokens influence the image generation process over time.

Both modules feed into a shared evaluation and visualization interface that standard-
izes output formats and supports quantitative comparison across tasks. Evaluation met-
rics such as faithfulness, stability, sparsity, and insertion and deletion AUC are employed
to assess explanation quality.

By integrating task-specific attribution strategies within a coherent, extensible design,
the FIFA-DiffuSAGE method enables interpretable, trustworthy explanations across a

wide range of machine learning applications.

3.4.1 Firefly-Inspired Feature Attribution (FIFA)

FIFA is a model-agnostic, optimization-based feature attribution method inspired by the
collective behavior of fireflies [215]. Frame explanation as a search for the smallest subset
of input features that preserves the output of a model. Each candidate subset is encoded
as a binary vector and is evaluated based on a fitness score that reflects the consistency

of the prediction.

il
F
NPUT A BLACK BOX [
T — 4 ) MODEL
fn — 5 E
& Value Class
FIFA
%’ B(r) = Boe "2
fi1 = . E fin

Feature Importance

Figure 3.4: Proposed architecture of FIFA.
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As shown in Figure 3.4, FIFA iteratively samples feature subsets and evaluates their
fidelity using a black-box model. The optimization is guided by a brightness function

that quantifies similarity between subsets:
B(r) = foe " (3.1)

where 7 is the Hamming distance between two subsets, and B(r) determines attractiveness

in the swarm update step.

Problem Formulation

Formally, given an input x = {fi,..., f,} and a trained model f, FIFA seeks a feature

subset S* C {1,...,n} that maximizes predictive fidelity:

S* = arg Sg%?.)in} Fitness(S) (3.2)
For classification tasks:
I(S) = Puodel(y = ¢ | xs) (3.3)

where ¢ is the original class prediction and xg is the subset of features in S.

For regression tasks, metrics such as R?, MSE, or MAE are used to define Fitness(S).
A sparsity constraint can be incorporated to discourage large subsets and enhance inter-
pretability.

Feature importance is quantified as the marginal drop in confidence when a feature

is removed from the best-performing subset:

Ak = Pmodel(c ’ xS*) - Prnodel(c ’ xS*\{k}) (34)

The output is a ranked list of features that reflect the model’s reasoning sparsely and

faithfully.

51



Working Principle

FIFA operates on three fundamental principles: Initialization, Movement and Update,

and Convergence.

Initialization: Feature subsets are encoded as binary vectors, and a firefly population
is randomly initialized to ensure a diverse coverage of the search space. Each firefly
represents a potential subset of features. Prior knowledge (e.g., from simpler models) can

optionally guide this process.

Movement and Update: Fitness for each firefly is evaluated by querying the model
with its feature subset. Less fit fireflies move toward brighter (higher-fitness) ones based
on:

T < X + ﬁoefwff(xj — ;) + ag; (3.5)

where 7;; is the Hamming distance between z; and z;, and o adds stochasticity for
exploration. This process promotes convergence toward optimal feature subsets while

preserving diversity.

Convergence: The population evolves over multiple iterations, with the algorithm
halting after reaching a maximum iteration count 7},,x or when improvement plateaus.
The top performing subset S* is retained, and the importance of the features is calculated

as Equation 3.4.

Hyperparameters: The performance of FIFA is governed by a set of key hyperpa-
rameters that balance exploration and exploitation, guide convergence, and control com-
putational efficiency. Each parameter plays a distinct role in steering the optimization

process toward sparse, stable, and faithful feature attributions.

« o (Randomness factor): Determines the level of stochastic perturbation in the
movement of each firefly. Higher a encourages broad exploration and helps avoid

premature convergence, while lower a promotes focused exploitation of high-fitness
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regions. Careful tuning of « is essential for maintaining a balance between diversity

and stability.

fo (Maximum attractiveness): Sets the attractiveness of a firefly at zero dis-
tance, controlling how strongly fireflies are drawn toward better-performing peers.
Higher values accelerate convergence but risk local optima; lower values allow

slower, more deliberate progress across the search space.

v (Attractiveness decay rate): Controls how quickly attractiveness decreases
with distance. A larger « restricts movement to nearby fireflies, supporting lo-
cal refinement; a smaller ~ facilitates global exploration by permitting long-range

influence.

Tmax (Iteration limit): Specifies the maximum number of iterations allowed.
Higher values enable more thorough optimization at the cost of increased runtime,
while lower values provide faster termination but may limit convergence. It acts as

a practical time-bound for the search process.

N (Population size): Determines the number of fireflies in the swarm. Larger
populations improve coverage and search diversity, increasing the likelihood of iden-
tifying optimal subsets. Smaller populations reduce computational load but may

risk premature convergence or limited exploration.

Together, these hyperparameters allow FIFA to efficiently navigate the combinatorial

space of feature subsets and generate robust, interpretable explanations. Its model-

agnostic nature ensures broad applicability across domains and predictive modeling tasks.

The pseudocode in Algorithm 1 outlines the core working principle of the FIFA

method. It begins by initializing a population of binary fireflies, where each firefly repre-

sents a candidate subset of features encoded as a binary vector. The fitness of each firefly

is evaluated using the prediction confidence of a pre-trained model when restricted to

the selected features. Over multiple iterations, each firefly compares itself with brighter

(higher-fitness) peers and updates its position using a binary adaptation of the Firefly
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Algorithm’s movement rule, guided by a combination of attraction and random pertur-
bation. The algorithm progressively refines the population toward subsets that better
explain the model’s prediction. Once convergence is reached, the best-performing subset
is identified, and feature importance scores are computed by measuring the marginal drop

in prediction confidence when each feature is individually removed.

Algorithm 1 Firefly-Inspired Feature Attribution (FIFA)

1: Input: Trained model f, input sample x, number of fireflies N, number of
iterations 7'

2: Output: Feature importance scores {Ay}
3: Initialize N binary fireflies {x1, 2o, ..., 25} € {0,1}¢
4: for each firefly z; do
5: Compute fitness I; < f(z;)
6: end for
7. fort =1to T do
8: for each firefly z; do
9: for each firefly z; where I; > I; do
10: Compute Hamming distance r;;
11: Compute attractiveness [3 <— ﬁoe_vr?j
12: Update position:
13: T v+ P, —x) +a-e
14: (Apply rounding and clipping for binary domain)
15: end for
16: Update fitness I; < f(x;)
17: end for
18: end for
19: Select best firefly #* with maximum fitness
20: for each feature k in z* do
21: Compute importance:
2 A f@t) - ft\ (kD)
23: end for
24: Assign zero importance to features not in z*
25: return Feature importance scores {A}

3.5 Diffusion Shapley Attribution with Gradient Explana-
tions(DiffuSAGE)

The architectural overview of DiffuSAGE, shown in Figure 3.5, outlines a framework
designed to generate faithful and fine-grained explanations for text-to-image diffusion
models. Its core objective is to quantify when, where, and how each input token influ-

ences the generated image. The process begins with a textual input prompt, for example,
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“An astronaut riding a horse on Mars”, which is tokenized and cleaned of stop words.
The resulting tokens are encoded into semantic embeddings via a text encoder and sub-
sequently fed into a diffusion model that performs iterative denoising over timesteps
t=1,2,...,T, progressively refining the image.

At each timestep, the model produces intermediate outputs: T, the timestep index;
A,, cross-attention maps linking image regions and prompt tokens; and I;, latent rep-
resentations of the image. These components are passed to the DiffuSAGE module,
which integrates Integrated Gradients (IG)[51] and Aumann-Shapley Values (ASV)[216]
to compute token-level attributions. The resulting outputs include (1) Token Impor-
tance, which quantifies each prompt token’s overall influence on the generated image; (2)
Timestep Importance, which identifies the diffusion steps that had the most signifi-
cant impact; and (3) Token-to-Region Mapping, which localizes the spatial influence
of each token in the image.

By combining IG’s gradient-based sensitivity, ASV’s fairness properties, and the spa-
tial grounding provided by cross-attention, DiffuSAGE delivers temporally grounded and

spatially precise explanations that reflect the model’s internal decision-making process.

An astronaut riding a Similarity-Score I
horse on Mars

A

\ DiffuSAGE —> Token Importance
/

B
#imusace(:) ~ %ZIC.(L%) >Time Step Importance
j=1

Diffusion

Astronaut

Figure 3.5: Proposed Architecture for DiffuSAGE

3.5.1 Problem Formulation

In generative diffusion models, the image is synthesized through a sequence of latent

transformations from pure noise to a coherent output[119]. Unlike classification tasks,
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where attribution maps directly to class probabilities, text-to-image diffusion models
involve temporal, semantic, and spatial factors. Therefore, attributing image content to
specific input tokens demands a temporal decomposition of influence across the denoising
trajectory.

Let the input prompt be tokenized into a sequence of tokens {x1,zs,...,z,}, where
each x; is transformed into an embedding FE; using a frozen text encoder. These embed-
dings condition the UNet denoising model at each timestep t € {1,2,...,T}.

The generation trajectory can be represented as a series of latent states {z;}, where
the model predicts noise €y(z, t, { E;}) and updates the latent z, ;.

We define a scalar scoring function F' (similarity between prompt and final image) to
quantify how well the generated image aligns with the input semantics.

Our goal is to compute: 1) Token Attribution ¢; € R: how much each token x;
contributes to the final score F'; 2) Timestep Attribution ¢y € R: how important each
timestep is in shaping the final image, 3) Token-to-Region Mapping R; € R#*W: g
heatmap localizing the impact of token x; across the image space.

The challenge lies in capturing nonlinear, non-monotonic, and temporally-distributed

influence patterns, which we address using a combination of Integrated Gradients and

Aumann-Shapley Value approximations.

3.5.2 Integrated Gradients (IG)

Integrated Gradients (IG) [51] is a path-based attribution method that assigns importance
scores to input features by integrating gradients along a straight-line path from a baseline
input to the actual input. IG satisfies key axioms such as sensitivity and implementation
invariance, making it a principled approach for attributing model predictions to inputs.

Let f: R™ — R be a differentiable function and x € R" the input of interest. Given

a baseline input 2/, the IG attribution for the i-th feature is defined as:

1G;(z) = (z; — @) - /a1 Of@ +alw =)\ (3.6)

=0 @l’z

where « € [0, 1] is the interpolation parameter, and 2’ represents a reference input such
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as a zero vector.

In text-to-image diffusion models, the input is a sequence of token embeddings { £, Es, . . .

with each E; € R? obtained from a frozen text encoder. These embeddings condition the
generative denoising process across T’ timesteps. Let the final image representation be
zr, and define a scoring function F({E;},zr) that quantifies prompt-image alignment,
such as CLIP-based cosine similarity.

The attribution to token embedding FE; is computed by applying IG over the input

embedding path:

1 (a) ZT
o= (g - g7 [ U )

- OF, do (3.7)

where Ej(a) = E; + a(E; — ), and E] is a baseline embedding token or null vector). In

practice, the integral is approximated using a Riemann sum over m steps:

¢ ~ (B, — E)T - (3.8)

m OF (VB + £(E; — E)){,
kz::l <{ j mﬁ(EZ ])} ZT)

This formulation yields a faithful and differentiable token-level attribution that cap-
tures how each prompt token affects the semantic properties of the final image, directly

applying the IG framework without modifying the underlying model architecture.

3.5.3 Aumann-Shapley Values (ASV)

The Aumann-Shapley Value [216] is a continuous generalization of the discrete Shapley
value for settings with infinitely divisible inputs. Unlike the original Shapley formulation,
which averages marginal contributions over all possible permutations of discrete features,
ASV defines a path-integral over marginal contributions, aligning naturally with gradient-
based models.

Given a differentiable function f : R” — R and an input vector x € R”, the Aumann-

Shapley value for the i-th input is:

asv, [T Of(ax)
o5V () —/0 o, -z da (3.9)
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which is equivalent to:

¢V (x) = @, - /0 1 a];(f) da (3.10)

This formulation has a direct analogy to Integrated Gradients (IG), with ASV arising
as the unique value function satisfying efficiency, linearity, and symmetry under infinites-
imal inputs.

In the diffusion setting, let the input be a sequence of token embeddings {Ey, ..., E,}
from a frozen text encoder, and the generation process proceed over T timesteps, pro-
ducing latent representations {z;}. Define a scoring function F({E;},z7) that evaluates
how well the final image zr aligns with the prompt semantics.

The Aumann-Shapley attribution to token embedding FE; is given by:

1 .

where {aF;} denotes the scaled embedding path. As with IG, the integral is approxi-

mated via discrete summation over m steps:

m OF (Y EE; ¢,
oSV~ BT 737,]; ({ngj} ZT) (3.12)

This formulation distributes credit for output changes smoothly along a continuous
scaling of input embeddings and supports attribution with theoretical fairness properties.
In diffusion models, it allows us to interpret how much each token contributes to the final
image by averaging influence across all scaling paths, making ASV a natural fit for time-

distributed, gradient-compatible generative processes.

3.5.4 Token Importance

To compute the influence of each input token on the final generated image, DiffuSAGE
utilizes both gradient information and Shapley-inspired temporal weighting. At each
timestep ¢t € {1,...,T}, the UNet model consumes the text embeddings and produces

latent predictions €. Given a scalar scoring function F(zr, {E;})—such as CLIP similar-
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ity—the token attribution ¢; is computed as:

a OF(zr)
¢; = ;wt. < 25" ) (3.13)

where Ei(t) denotes the embedding of token x; at timestep ¢, and w; is the Shapley-inspired
weight representing the marginal contribution of timestep ¢ in the generation process.

To improve faithfulness, w; is not assumed uniform; rather, it is derived from CLIP
Drop or gradient magnitude to reflect the relative importance of each timestep in shaping
the final image.

To capture the dynamics of influence propagation over the denoising trajectory, Dif-
fuSAGE maintains a sequence of partial token attributions ¢§t) at each step:

y  O0F(z)

(
== (3.14)

These are then aggregated using ASV-derived weights:

T
G =) w- o (3.15)
t=1

This formulation explicitly models token importance propagation over time, allowing
us to observe how each token’s influence accumulates or fades during the image synthesis
process.

DiffuSAGE ensures attribution is temporally distributed, avoiding the bias of attribut-
ing all credit to the final steps. The final attribution vector {¢1, ..., ¢,} is normalized to

sum to 1, satisfying the Shapley efficiency axiom.

3.5.5 Timestep Importance

Timestep importance in DiffuSAGE measures the significance of each timestep t €
{1,2,...,T} in shaping the final image output. This is computed via two complementary
strategies:

1) Gradient-Based Aggregation: We aggregate token sensitivities across all tokens at

each timestep:
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(3.16)

0F;
This captures how responsive the model is to token embeddings at each ¢, highlighting
diffusion stages with high attribution dynamics.
2) Semantic Degradation: We halt the diffusion process prematurely at timestep t
and decode the intermediate latent z; into an image. The CLIP similarity between this

early image and the input prompt is then compared to the full image:

Ay = F(zr) — F(z) (3.17)

A large drop 4A; implies that the timestep ¢ contributes significantly to maintaining
or establishing semantic alignment.

Together, these metrics offer a robust interpretation of which stages in the denoising
trajectory are critical, enabling temporal analysis of semantic formation in diffusion-based

generation.

3.5.6 Token-to-Visual Region Mapping

To understand not just which tokens are important and when, but also where they influ-
ence the image, DifftuSAGE computes token-to-region attributions by integrating atten-
tion maps with gradient-based sensitivity.

RIXWxn aligning

At each timestep t, the UNet produces a cross-attention map A, €
image regions to input tokens. In parallel, gradients Vi € R¥*W are computed for
each token x;, capturing how sensitive the generated pixels are to changes in the token
embedding.

RHXW

The token-to-region attribution heatmap R; € is defined as:

T
Ri = w; - (Attn} © |V}]) (3.18)
t=1

Where: w; are timestep weights derived from Shapley-based averaging or other im-

portance weighting schemes, Attn! € R¥*W is the attention map for token i, Vi € RF*W
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is the gradient of the image score with respect to the latent features at t, ® denotes
element-wise multiplication.

This formulation ensures that token-region attributions are: Localized via spatial
attention, Faithful via gradients from the actual model output, and Temporally-aware
through weighted integration over timesteps.

The resulting heatmap R; can be overlaid on the final image to visualize the spatial
influence of each token in the prompt. This completes the multi-dimensional attribution
strategy of DifftuSAGE, offering interpretability across semantic, temporal, and spatial

axes.

Algorithm 2 DiffuSAGE Attribution Algorithm
Require: Tokenized prompt {xi,...,z,}, Text encoder, Diffusion model with T
steps, Scoring function F
Ensure: Token importances ¢;, Timestep importances v;, Region heatmaps R;
Encode tokens: E; < text_encoder(x;)
Initialize latent noise: zp ~ N(0, I)
Initialize attribution containers: gbét) +— 0, Y <0, RZ@ 0
for t =T down to 1 do
Predict noise: & <— UNet(z,t,{E;})
Update latent: z, ; < scheduler_step(é;, z, t)
(t) , OF(ze)
i OE;
Token attribution: @(t) — gft)
Timestep attribution: ¥, < >, gft)
Extract cross-attention maps: A! < CrossAttn(z;, 1)
Compute region heatmap: Rl@ — AlO |V, F
: end for

: Compute Shapley timestep weights w; (normalized ), or CLIP drop)
()

)

Compute gradients: g

e e e e

. Aggregate token importance: ¢; = 31w, - ¢
(*)

)

—_
ot

. Aggregate region map: R; = L w; - R
: return {¢;}, {¢y}, {R:}

—
D

The pseudocode presented in Algorithm 2 encapsulates the operational flow of Dif-
fuSAGE and its three-pronged attribution objectives. The process begins by encoding
each token x; in the input prompt into embeddings E; using a frozen text encoder (Line
1). The diffusion process is initialized with pure Gaussian noise zr ~ N (0, I) (Line 2),
and containers for storing timestep-wise token attributions (bl(t), timestep importance v,

and token-to-region maps Rz(t) are instantiated (Line 3). Within the reverse diffusion
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loop (Lines 4-12), the model iteratively predicts noise é (Line 5) and updates the la-
tent variable z;_; using a scheduler (Line 6). At each step, gradients gl@ of a scoring
function (CLIP similarity) are computed with respect to the input embeddings (Line 7).
These gradients quantify token sensitivity and are stored as per-timestep attributions ¢§“
(Line 8), while their sum provides timestep importance ; (Line 9). Simultaneously, the
UNet’s cross-attention maps A! are extracted (Line 10), and token-to-region maps Rgt)
are computed by modulating these with pixel-level gradients (Line 11), thus anchoring
token influence in image space.

Following the diffusion loop, timestep weights w; are derived by normalizing ; or by
computing prompt-image alignment drops across truncated generation (Line 13). These
weights serve to aggregate token attributions over time, ensuring that each step’s influence
is proportionally considered (Line 14). Likewise, token-to-region maps are accumulated
using the same temporal weights to yield spatially faithful heatmaps R; (Line 15). Finally,
the algorithm returns the full attribution package: token importance scores ¢;, timestep
relevance values 1, and spatial region maps R; (Line 16). This structured approach allows
DiffuSAGE to decompose generative decisions across semantic, temporal, and spatial

axes, ensuring that the resulting explanations are faithful to the model’s actual internal

behavior during image synthesis.

3.6 Evaluation Metrics

To assess the quality of attribution methods, we adopt a suite of evaluation metrics
grounded in the theoretical principles of faithful and interpretable explanations. These
metrics are applicable to both predictive and generative models, and they evaluate attri-
bution quality across five key dimensions: faithfulness, stability, reliability, sparsity, and,

for diffusion models, temporal sensitivity and spatial alignment.

Faithfulness Metrics

Faithfulness assesses whether features assigned high importance are indeed causally in-

fluential to the model’s decision. It is typically evaluated using insertion and deletion
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curves.

Insertion AUC

Let z € R? be an input instance and ¢ € R? its corresponding attribution vector. The
insertion curve measures the model’s prediction as features are progressively added in
descending order of importance.

Let Sy = Top-k(¢) denote the top-k features. Define the masked input 2*) € R? as:

2 = (3.19)

0 otherwise

The insertion score at step k is:
I, = f(z®), fork=1,....,d (3.20)

The area under the insertion curve (AUC) is approximated using the trapezoidal rule:

KL+
AUC s~ Y ’“+2’f“ (3.21)
k=1

Deletion AUC

Conversely, the deletion curve measures the model prediction as top features are removed:

2 = (3.22)

0 otherwise

d—1 D D
D, = f(x(—k))’ AUCyy = Z ’“+2’f+1

k=1

(3.23)

A high insertion AUC and low deletion AUC indicate that the attribution aligns well

with the model’s actual decision process.
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Stability

Stability captures the robustness of an attribution method to small perturbations in the
input. Let 2/ = x + §, where 6 ~ N(0,¢%), and let ¢ and ¢' be the corresponding

attributions. Then:

s (¢, ')
Stability = ————"— (3.24)
10ll21[¢"]]2
Averaging over N perturbations yields:
1 Y :
Stability = N > cosine(g, o) (3.25)
i=1

Higher values indicate greater consistency and robustness.

Reliability

Reliability quantifies the variance of attributions produced by stochastic explanation

methods across multiple runs:

7

1 d
Reliability = S StdDev(el”, 6. .., o) (3.26)
j=1

Lower values indicate more stable and reproducible attributions.

Sparsity

Sparsity reflects the conciseness of an explanation. Let ||¢|o be the number of non-zero

entries in the attribution vector:

I9llo
d

Sparsity = 1 — (3.27)

High sparsity is desirable for interpretability as it indicates that only a small number

of features are deemed important.
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Qualitative Inspection

We overlay R; on the generated image and visually assess whether the highlighted regions
correspond to the expected semantic elements (e.g., “dog”, “umbrella”, “astronaut”).
This visual inspection is standard in evaluating generative attribution when no ground

truth is available.

Together, these metrics provide a rigorous and multifaceted framework for evaluating
attribution quality. In predictive models, faithfulness, stability, and sparsity are key. In
generative models, temporal and spatial alignment become equally critical. This evalua-

tion suite supports fair and transparent comparison across attribution techniques.
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Chapter 4

Experimentation
4.1 Experimental Setup

We implemented both the FIFA and DifftuSAGE of our attribution-based explainability
methods using Python 3.10. Experiments were conducted in a hybrid computing environ-
ment to optimize efficiency and performance. Large-scale model training and attribution
experiments were executed on Google Colab Pro using NVIDIA A100 GPUs, which pro-
vided the necessary computational power for diffusion-based inference and population-
based optimization. Meanwhile, local development tasks, including code debugging,
method prototyping, and baseline runs, were performed on a ZBook Laptop equipped
with an Intel Core i7 processor, 16 GB RAM, and 512 GB SSD. This setup ensured
a flexible and reproducible workflow across both predictive and generative attribution
experiments.

We trained a standardized suite of predictive models on different datasets under study
to ensure a fair and consistent benchmarking environment for evaluating the FIFA attri-
bution method. These included four widely adopted and well-established model types:
Random Forest, XGBoost, CatBoost, and TabNet. Specifically, Random Forest and XG-
Boost were trained on the Breast Cancer dataset, CatBoost was trained on the Diabetes
dataset, and TabNet was applied to the Adult Income dataset. This allocation allowed
us to assess FIFA’s behavior across datasets with distinct characteristics and class distri-
butions.

The selection of model architectures was motivated by two key factors: (i) their
demonstrated state-of-the-art performance on a wide range of tabular tasks, and (ii)
their varying degrees of algorithmic complexity and internal structure. Random Forest

[224] serves as a robust, low-variance ensemble method based on bagged decision trees.



XGBoost [91] and CatBoost [95] are gradient-boosted decision tree models that introduce
more sophisticated learning mechanisms, including boosting with regularization and ad-
vanced categorical feature handling, respectively. TabNet [96], on the contrary, represents
a deep learning architecture explicitly designed for tabular data, utilizing sequential at-
tention and sparse feature selection. Together, these models capture a rich spectrum of
predictive behavior, from interpretable tree ensembles to high-capacity neural networks,
making them ideal for evaluating the generalizability of FIFA across different learning
regimes.

Each model was configured using optimal hyperparameter settings obtained through
preliminary grid and randomized search procedures on a validation split. These tuned hy-
perparameters were then fixed across all attribution experiments to ensure consistency in
model performance and isolate the explanatory effectiveness of each attribution method.
This approach avoids potential confounding factors introduced by differences in predic-
tive accuracy, decision boundaries, or model stability. By keeping the model parameters
constant and evaluating the attributions under uniform predictive conditions, we ensured
that any observed differences in the attribution outcomes could be directly attributed to
the methodological differences between FIFA and the baselines.

The complete set of optimized hyperparameters used in our experiments is summa-
rized in Table 4.1. These configurations were selected to balance predictive accuracy
and model generalization, avoiding overfitting while ensuring competitive baseline per-
formance. Each configuration reflects best practices reported in the literature and was
validated through empirical tuning on held-out validation sets. By applying these stan-
dardized settings across all attribution methods, we ensured that evaluation was driven
solely by the explanatory power of each attribution technique rather than by discrepancies

in model training or performance.
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Table 4.1: Optimized Hyperparameters for Trained Predictive Models

Model Parameter Value
n_estimators 200
Random Forest max_ depth 10
min_samples_ split 4
n_estimators 300
learning rate 0.05
XGBoost max_ depth 6
subsample 0.8
colsample_ bytree 0.8
iterations 500
depth 6
CatBoost learning_ rate 0.03
loss_function Logloss
n d 16
n a 16
TabNet n_steps %
gamma 1.5
lambda_ sparse le-4
learning_rate 0.02

In our experiments, we configured FIFA with a population size of 40 fireflies and a
maximum of 60 optimization iterations. The swarm’s movement behavior was controlled
by a = 0.5 to regulate random perturbations, § = 0.4 to define attractiveness, and
v = 1.0 to determine the rate of attraction decay based on feature-space distance. These
hyperparameters were selected through extensive ablation experiments to balance three
key properties of good attribution: faithfulness, sparsity, and stability.

To benchmark FIFA’s performance, we compared it with three widely used attribution
methods. LIME [60] was run in tabular classification mode, generating 500 perturbed
samples around each input instance and training a local surrogate model using Ridge
regression. Perturbation of categorical variables was handled via sampling from the em-
pirical distribution of the training set. KernelSHAP [61] was configured with 100 back-
ground samples drawn from the training data, using the model’s probability outputs to
compute weighted Shapley values through kernel-based linear regression. TreeSHAP [61],
a model-specific method for tree ensembles, was applied to Random Forest, XGBoost, and
CatBoost without requiring sampling or approximation, as it supports exact computation

of Shapley values for these architectures. To ensure fair and meaningful comparison, each
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method was applied to the same trained model and test instance. Evaluation was per-
formed using four metrics: insertion and deletion AUC (faithfulness), sparsity (proportion
of zero-valued features), reliability (cross-run variance), and stability (cosine similarity
of attributions under noise). For both reliability and stability, we conducted 10 indepen-
dent attribution runs per method to assess robustness and consistency between repeated
executions.

For the generative explainability component of this work, we implemented the pro-
posed DiffuSAGE method using the diffusers library from Hugging Face in conjunction
with the Stable Diffusion v1.5 model [225]. Stable Diffusion v1.5 is a latent text-to-image
diffusion model capable of synthesizing high-fidelity images conditioned on natural lan-
guage prompts. This version of the model was initialized from Stable Diffusion v1.2 and
subsequently fine-tuned over 595,000 steps at a resolution of 512 x 512 on the LAION-
Aesthetics v2 5+ subset of the LAION-5B dataset [226], which consists of over 5.85 billion
image-text pairs filtered using CLIP-based similarity. Approximately 10% of the training
steps involved dropping the text-conditioning input to support classifier-free guidance
sampling, enhancing the controllability and diversity of generated outputs.

The model uses the CLIP ViT-L/14 text encoder for prompt embedding and operates
in a latent space through a trained VAE and U-Net architecture, guided by cross-attention
layers. DiffuSAGE exploits this internal architecture to compute attribution scores by
aggregating token-level importance throughout the diffusion trajectory. Specifically, attri-
bution was computed across 100 denoising timesteps, using 25-step Integrated Gradients,
which cumulatively measure how much each token affects the generation over time. These
token-level gradients were combined with the cross-attention maps of the U-Net layers,
producing token-to-region heatmaps that identify which visual regions correspond to
important textual concepts.

For consistency, all prompt evaluations were conducted using the same generation
parameters and scheduler configurations. We used the StableDiffusionPipeline with
torch.float16 precision on an NVIDIA A100 GPU, and saved generated images at each

major evaluation stage. Repeated generations for each prompt (5 times) ensured robust-
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ness and accounted for stochastic variation in the denoising trajectory. Hyperparameters
used for DifftuSAGE and FIFA attribution are summarized in Table 4.2, including inter-

polation steps, timestep sampling scheme (CLIP-Drop), and alignment scoring function.

Table 4.2: Final Attribution Hyperparameters Based on Ablation Studies

’ Parameter ‘ FIFA ‘ DiffuSAGE ‘
Population Size 40 N/A
Iterations 60 N/A
a (Randomness) 0.5 N/A
S (Attractiveness) 0.4 N/A
v (Distance Scaling) 1.0 N/A
Interpolation Steps N/A 25
Diffusion Timesteps N/A 100
Timestep Weighting N/A CLIP-Drop
Scoring Function | Class Confidence | CLIP Similarity
Prompt Repetitions N/A 5

DiffuSAGE was benchmarked against two state-of-the-art generative explainability
baselines: DF-RISE and DF-CAM]I66], both of which leverage latent perturbations and
gradient-activated attention mechanisms. All three methods were tested using the same
prompts and timestep settings, and resulting visualizations were aligned using a unified
overlay strategy.

Quantitative comparisons focused primarily on AUCs for insertion and deletion, com-
plemented by qualitative analysis of attribution heat maps. While DF-RISE and DF-
CAM were evaluated on the core faithfulness metrics, DiffuSAGE additionally reported
temporal attribution consistency and semantic alignment between text tokens and visual

regions, offering deeper insights into the attribution dynamics of diffusion models.
4.2 Firefly-Inspired Feature Attribution (FIFA)

4.2.1 Ablation Studies

We conducted systematic ablation studies to assess how core hyperparameters affect
the fidelity and efficiency of the FIFA method. Specifically, we varied the number of
fireflies, the maximum number of iterations, and the core swarm behavior parameters:

randomness («), attractiveness (/3), and distance decay (7). Each configuration was
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evaluated using a standardized set of metrics, including reliability, stability, insertion
and deletion AUC, sparsity, and runtime. This analysis provides empirical insights into
how different hyperparameter settings influence the fidelity, robustness, and efficiency
of FIFA, offering practical guidance for selecting appropriate configurations based on

application-specific requirements.

A. The Impact of Firefly Population Size on Attribution Quality

We evaluate how different firefly population sizes affect the performance of FIFA. As
shown in Table 4.3, increasing the population generally improves fidelity and robustness
but introduces trade-offs in sparsity and runtime.

Insertion AUC rises steadily with population size, peaking at 40 and 80 fireflies
(27.8417), while Deletion AUC decreases slightly, reaching its lowest at 80 (22.7583). Re-
liability improves consistently, dropping from 0.0243 to 0.0215, and stability also follows
a downward trend, from 0.9656 to 0.8111, indicating more consistent and reproducible
attributions.

Sparsity declines from 0.4667 to 0.3333 at size 40, then partially recovers to 0.4111 at
80, suggesting a non-monotonic relationship possibly influenced by swarm convergence or
feature redundancy. Runtime increases significantly, from 5.36 seconds at size 5 to 32.92
seconds at size 80.

In practice, a population size of 40 delivers a strong compromise between attribution
quality and runtime cost. While a size of 80 yields marginal improvements in some areas,

the added runtime may limit its practicality in time-sensitive settings.

Table 4.3: Effect of Population Size on Feature Attribution Metrics

Pop. Reliability Stability Insertion Deletion Sparsity Time (s)

Size (1) (1) (1) (1) (1) (})

) 0.024306 0.965567  27.148333  23.335000 0.466667 5.358729
10 0.024432 0.892145  27.491667  23.400000  0.444444  8.777582
20 0.024816 0.875385  27.708333  22.868333  0.411111 10.853670
40 0.022518 0.941624 27.841667 22908333  0.333333  22.066632
80 0.021526 0.811130 27.841667 22.758333 0.411111 32.923745
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B. The Impact of Number of Iterations on Attribution Quality

We examine how the number of iterations influences FIFA’s performance. As a swarm-
based method, the iteration count directly affects convergence and the depth of feature
space exploration. Results are shown in Table 4.4.

Insertion AUC remains largely stable, with only a modest increase from 60 to 90
iterations (21.555 to 21.853), indicating diminishing returns in fidelity beyond this point.
Deletion AUC reaches its minimum at 10 iterations (18.748), suggesting that core features
are effectively captured early in the optimization process.

Stability improves incrementally as iterations increase, from 0.8370 to 0.8255, and
reliability reaches its best value at 90 (0.023848), though improvements beyond 60 are
marginal. Sparsity remains mostly constant, with its peak (0.4733) observed at 10 and
15 iterations, showing that longer searches do not necessarily yield more compact expla-
nations. Runtime, however, increases linearly, from 2.88 seconds at 5 iterations to 26.87
at 90, highlighting the growing computational cost.

A setting of 60 iterations offers a practical trade-off, combining strong attribution
quality with reasonable runtime. For time-sensitive scenarios, 10 iterations deliver highly
sparse explanations and optimal deletion performance at minimal cost, while higher

counts provide only incremental benefits.

Table 4.4: Effect of Number of Iterations on Feature Attribution Metrics

Reliability Stability Insertion Deletion Sparsity Time (s)

tter- ) L) 1) L) () (1)

5] 0.024977 0.837007 21.740 19.332 0.446667 2.878905
10 0.025367 0.875129 21.697 18.748 0.473333 3.958005
15 0.027174 0.931756 21.476 19.528 0.473333 4.769640
30 0.028019 0.896591 21.395 20.160 0.466667 9.493260
60 0.025026 0.932945 21.555 19.289 0.453333  18.352847
90 0.023848 0.825484 21.853 19.135 0.453333 26.871104

C. The Impact of the Randomness Factor on Attribution Quality

The parameter o controls the level of randomness in firefly movement, shaping FIFA’s

exploratory behavior. Table 4.5 presents results for six values of a ranging from 0 to 1.0.
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Both Insertion and Deletion AUC peak at v = 0.50 (28.1633 and 20.2517, respec-
tively), suggesting that a moderate degree of randomness enhances feature discovery.
Performance declines at both lower and higher values, indicating that excessive deter-
minism or stochasticity hinders effective exploration.

Reliability and stability fluctuate slightly across settings, without a consistent trend.
Although o = 0.75 achieves the lowest reliability (0.022039), this does not translate into
better overall performance.

Sparsity reaches its highest value at o = 0.10 (0.4889), implying that light pertur-
bations encourage more compact explanations—though often at the expense of fidelity.
Runtime remains nearly constant across all configurations, indicating limited computa-
tional sensitivity to a.

Among the tested values, a = 0.50 provides the most favorable trade-off across fi-
delity, sparsity, and robustness. Extreme settings introduce trade-offs that reduce overall

attribution quality.

Table 4.5: Effect of Randomness on Feature Attribution Metrics

Reliability Stability Insertion Deletion Sparsity Time (s)
(1) (1) (1) (1) (1) (1)

0.00 0.022321 0.907313  27.303333  21.575000  0.466667  12.872700
0.10 0.022453 0.879293  27.030000  21.823333 0.488889 10.960842
0.25 0.027130  0.875177 27.470000  21.165000  0.400000  10.258348
0.50 0.024643 0.860753 28.163333 20.251667 0.355556  10.533833
0.75 0.022039  0.942800  27.293333  21.798333  0.477778  10.662247
1.00 0.023231 0.906957  27.486667  21.185000  0.444444 10.233589

D. The Impact of the Attractiveness Factor on Attribution Quality

The parameter § governs the strength of attraction between fireflies, influencing how
much individual solutions are drawn toward brighter neighbors. Table 4.6 summarizes
attribution performance across values from 0 to 1.0.

The highest Insertion AUC is observed at § = 0.0 (27.8817), indicating that pure
random search can still uncover key features. However, this setting also results in the

highest reliability and lowest stability, suggesting inconsistency across runs.
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Introducing moderate attraction improves both consistency and efficiency. At g =
0.4, stability reaches its lowest value (0.8594), sparsity peaks (0.4667), and runtime is
minimized (9.14 seconds), making it a particularly effective configuration.

Higher values (5 > 0.6) offer no clear advantage and tend to reduce sparsity. Although
the lowest reliability is achieved at 5 = 1.0 (0.023336), improvements in other metrics are
marginal. Overall, § = 0.4 emerges as the most balanced setting for generating compact,

stable explanations with efficient runtime.

Table 4.6: Effect of Attractiveness on Feature Attribution Metrics

3 Reliability Stability Insertion Deletion Sparsity Time (s)
) ) (1) 1) (1) (1)

0.0 0.026321 0.958647 27.881667 22.146667 0.400000 10.310505
0.1 0.024698 0.892309  27.801667  22.176667  0.433333  11.196421
0.2 0.024492 0.942171  27.608333  22.340000  0.455556  10.816973
0.4 0.026256 0.859362 27.748333  22.435000 0.466667 9.135460
0.6 0.023935 0.876786  27.761667  22.741667  0.322222 11.013527
0.8 0.025853 0.876223  27.695000  23.035000  0.444444  10.984578
1.0 0.023336  0.862589  27.641667  22.590000  0.433333 10.806059

E. The Impact of Distance Decay Factor on Attribution Quality

The parameter v modulates the rate at which attraction decays with distance, effectively
controlling the influence radius of each solution in the population. Table 4.7 presents
evaluation results across a range of  values, from 0 (no decay) to 10 (steep decay).

The configuration v = 1.0 yields the strongest performance across nearly all metrics,
including the highest Insertion AUC (27.7533), lowest Deletion AUC (20.3967), best sta-
bility (0.8147), and peak sparsity (0.4778). These outcomes suggest that moderate spatial
decay encourages meaningful interactions among diverse candidates while supporting ef-
fective convergence.

Lower values, such as v = 0.0 and 0.1, lead to reduced fidelity and higher deletion
scores, likely due to overly broad influence ranges that dilute the swarm’s search focus.
In contrast, larger values (e.g., v = 10.0) impose steep decay, restricting coordination

and impeding the refinement of high-quality attributions. Runtime remains largely sta-
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ble across all settings, indicating that v primarily affects solution quality rather than

computational efficiency.

Table 4.7: Effect of Distance Decay Factor on Feature Attribution Metrics

Reliability Stability Insertion Deletion Sparsity Time (s)

() () (1) () (1) ()
0.0 0.024261 0.891907  27.336667  20.856667  0.411111 10.541236
0.1 0.023760 0.840149  26.510000  21.488333  0.433333 10.202125
0.5 0.024414 0.931103  27.366667  21.225000  0.455556  10.041003
1.0 0.022396 0.814668 27.753333 20.396667 0.477778 9.513407
2.0 0.024052 0.819242  27.486667  20.991667  0.388889  9.868409
2.0 0.024717 0.870224 27453333  20.908333  0.411111  9.901133

10.0 0.024960 0.941396  27.060000  21.540000  0.444444  9.356755

Summary of Ablation Study Findings

The ablation study underscores FIFA’s sensitivity to its core hyperparameters and offers
empirically grounded guidance for balancing fidelity, stability, sparsity, and efficiency.

In these experiments, we independently varied the population size, number of iter-
ations, and swarm behavior parameters (a, 3,7), evaluating performance using six key
metrics. Table 4.8 summarizes the most effective configurations across these dimensions.

A population size of 40 and 60 iterations strikes a strong balance between attribution
quality and runtime. For swarm behavior, intermediate settings, o = 0.50, 8 = 0.4, and
~v = 1.0, consistently yield high insertion fidelity, low deletion degradation, and favorable
sparsity and robustness.

The best results emerge when swarm dynamics and search depth are tuned in tandem.
For high-fidelity applications, we recommend the default configuration: [pop: 40, iter:
60, a = 0.5, B = 0.4, v = 1.0]. For time-constrained settings, a lightweight setup such as
[pop: 10, iter: 10] with o = 0.1 provides competitive sparsity and reliability at a fraction

of the computational cost.
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Table 4.8: Recommended Hyperparameter Settings from Ablation Study

Hyperparameter Optimal Rationale
Value(s)
Population Size 40 High insertion AUC, stable, efficient
Number of Iterations 60 Strong stability with diminishing returns be-
yond
Randomness («) 0.50 Best fidelity and deletion performance
Attractiveness () 0.4 Best sparsity and stability
Distance Decay () 1.0 Balanced swarm influence, best overall fidelity

4.2.2 Results

We first demonstrate FIFA’s explanatory power on a representative prediction instance.
By combining global feature relevance with instance-specific directional attribution, FIFA
offers granular insight into the model’s decision process. The resulting attribution land-
scape (Figure 4.1) reveals that only a small subset of features meaningfully influenced
the output, while many others were effectively ignored.

Key influential attributes included mean concave points, worst compactness, and worst
area. These are closely associated with tumor boundary irregularity and lesion size, which
are well-known markers of malignancy in clinical oncology [227]. Additional contributions
from worst texture, smoothness error, and fractal dimension error highlight the model’s
sensitivity to structural and textural complexity. In contrast, 12 features, such as mean
radius, symmetry error, and concavity error, received zero attribution, underscoring the

sparsity and focus of FIFA’s output.

Faithfulness

To quantitatively assess faithfulness, we adopt two complementary metrics: Insertion

AUC and Deletion AUC.

A. Insertion AUC

Figure 4.2 presents a single sample insertion curve analysis, showcasing how model con-
fidence evolves as features, ranked by different attribution methods, are progressively

reintroduced. Among the methods, FIFA achieves the highest insertion AUC (0.68), in-
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FIFA

mean concave points 1.000
worst compactness
worst area
worst texture
smoothness error
worst fractal dimension
radius error
area error 0.633
fractal dimension error 0.633
mean perimeter 4 0.592
mean texture § 0.592
mean fractal dimension - 0.592 Los
worst concave points 0.592
worst radius 0.500
mean area - 0.500
worst perimeter 4 0.500
concavity error 1 0.500
texture error § 0.500
worst symmetry 4 0.000 ro.4
symmetry error { 0.000
worst concavity 4 0.000
worst smoothness 1 0.000
concave points error 4 0.000
mean symmetry 4 0.000
compactness error 7 0.000 02
perimeter error 4 0.000
mean smoothness § 0.000
mean compactness 1 0.000
mean concavity 1 0.000
mean radius § 0.000

0.8

Importance

0.0

0.0 02 04 06 08 10
Feature Importance

Figure 4.1: FIFA attribution scores highlighting the most influential features in the
model’s prediction.

dicating that the features it identifies as important lead to a faster and more pronounced
recovery of model confidence. This suggests that FIFA captures the key explanatory
signals more accurately for this specific instance compared to TreeSHAP (0.51), Ker-
nelSHAP (0.48), and LIME (0.42). Although this result is based on a single example
and does not generalize, it visually demonstrates strong local faithfulness of FIFA and

its ability to recover meaningful features in alignment with the model behavior.
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Figure 4.2: Model confidence comparison of FIFA and baselines during feature insertion.

Table 4.9 presents the insertion AUC scores of FIFA and baseline attribution meth-

ods across four predictive models: Random Forest, XGBoost, CatBoost, and TabNet.
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This metric captures how quickly model confidence is restored as features, ranked by
their importance, are reintroduced, serving as a strong proxy for the faithfulness of the
explanation. Across all models, FIFA consistently outperforms the baseline methods,
highlighting its superior ability to recover predictive signals in alignment with the model’s
decision process.

In the case of Random Forest, FIFA achieves an insertion AUC of 28.786 + 0.544, sur-
passing TreeSHAP (25.864), LIME (26.735), and KernelSHAP (25.757), indicating that
FIFA’s feature ranking aligns more precisely with what the model relies on for predic-
tion. For XGBoost, where all methods perform relatively well due to the model’s strong
structure, FIFA still secures the highest score (29.961 + 0.030), narrowly outperforming
TreeSHAP (29.922), LIME (29.917), and KernelSHAP (29.823), suggesting that even in
high-performing models, FIFA adds measurable value.

The advantage of FIFA becomes even more pronounced on the CatBoost and TabNet
models. These models often challenge attribution techniques due to the unique handling
of categorical data (CatBoost) or complex non-linear interactions (TabNet). On Cat-
Boost, FIFA achieves an insertion AUC of 5.574 + 0.848, outperforming LIME (4.691),
TreeSHAP (5.088), and KernelSHAP (3.900). In particular, on TabNet, where TreeSHAP
is inapplicable, FIFA again leads with an AUC of 7.374 4+ 2.194, exceeding both Ker-
nelSHAP (6.115) and LIME (6.403). This demonstrates FIFA’s versatility and robustness,
particularly in deep learning contexts where traditional methods often struggle.

These results confirm that FIFA provides more faithful feature importance scores, en-
abling faster recovery of model confidence with fewer features. Its consistent performance
across diverse models, from interpretable tree ensembles to complex neural networks un-
derscores FIFA’s generalizability and effectiveness as a high-fidelity XAI method.

Table 4.9: Insertion AUC results of FIFA and baseline XAI methods on different models.

Method Random Forest XGBoost CatBoost TabNet
KernelSHAP 25.757 £ 0.879 29.823 £ 0.059 3.900 £ 1.862 6.115 4 3.569
LIME 26.735 £+ 0.707 29.917 + 0.040 4.691 £+ 1.764 6.403 £+ 3.465
TreeSHAP 25.864 + 0.849 29.922 + 0.03 5.088 £ 1.500 —

FIFA (Ours) 28.786 + 0.544 29.961 + 0.030 5.574 4+ 0.848 7.374 & 2.194

78



B.Deletion AUC

Figure 4.3 presents a deletion curve for a single randomly selected test sample, illustrat-
ing how model confidence declines as top-ranked features (according to each attribution
method) are progressively removed. Notably, FIFA achieves the lowest deletion AUC
(0.23), indicating that its selected features contribute most significantly to the model’s
prediction, and removing them causes the sharpest drop in confidence. In contrast, base-
lines such as LIME (0.53), KernelSHAP (0.51), and TreeSHAP (0.46) show more gradual
declines, suggesting that their identified features are less central to the model’s decision.

This example highlights FIFA’s superior local faithfulness in isolating the most influential

features.
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Figure 4.3: Model confidence comparison of FIFA and baselines during feature deletion.

The deletion AUC results reported in Table 4.10 provide critical insights into the
faithfulness of different attribution methods by quantifying how quickly model confidence
drops when top-ranked features are removed. A lower deletion AUC indicates that the
removed features are indeed crucial to the model’s decision. Across all four predictive
models, FIFA consistently achieves the lowest deletion AUC, outperforming all baselines.
For example, on the Random Forest and XGBoost models trained on the Breast Cancer
dataset, FIFA yields AUC scores of 24.694 and 28.885, respectively, lower than those of
TreeSHAP, KernelSHAP, and LIME. This demonstrates FIFA’s stronger ability to isolate
truly influential features whose removal leads to the steepest drop in model confidence.

The advantage is even more pronounced in more complex and noisy datasets. On
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the TabNet model trained on the Adult dataset, FIFA achieves a deletion AUC of just
0.184, compared to over 1.2 for KernelSHAP and LIME. Similarly, on the CatBoost
model with the Diabetes dataset, FIFA again performs best (0.697), indicating highly
localized and accurate attributions. These results reinforce that FIFA not only aligns
well with the model’s internal reasoning but also identifies compact feature subsets that
are indispensable to predictions, offering superior local faithfulness and reliability across
diverse architectures and datasets.

Table 4.10: Deletion AUC results of FIFA and baseline XAI methods on different models.

Method Random Forest XGBoost CatBoost TabNet
KernelSHAP 28.342 + 1.532 29.802 + 0.448 1.738 4+ 1.427 1.267 4+ 1.187
LIME 27.198 £+ 1.684 29.391 + 1.304 1.008 + 0.595 1.377 + 1.106
TreeSHAP 28.310 £ 1.569 29.382 +£ 1.119 0.787 £ 0.329 —

FIFA (Ours) 24.694 + 1.615 28.885 + 1.716 0.697 + 0.257 0.184 + 0.159

Sparsity

Table 4.11: Sparsity results of FIFA and baseline XAI methods on different models.

Method Random Forest XGBoost CatBoost TabNet
KernelSHAP 0.299 + 0.084 0.334 4 0.007 0.000 £ 0.000 0.406 4 0.167
LIME 0.000 £ 0.000 0.000 £ 0.000 0.000 £ 0.000 0.071 £ 0.000
TreeSHAP 0.000 £ 0.000 0.000 £ 0.000 0.000 £ 0.000 —

FIFA (Ours) 0.590 + 0.215 0.538 + 0.167 0.184 + 0.159 0.575 &+ 0.177

The sparsity results presented in Table 4.11 measure the proportion of features as-
signed non-zero attribution scores, with lower values indicating more compact and inter-
pretable explanations. FIFA consistently demonstrates higher sparsity across all models,
confirming its ability to isolate a minimal subset of informative features. For instance,
on both the Random Forest and XGBoost models, FIFA achieves the highest sparsity
values,0.590 and 0.538, respectively, substantially higher than KernelSHAP and signifi-
cantly above zero-valued outputs from LIME and TreeSHAP. This suggests that FIFA
is more selective in attributing importance, which aligns well with the goal of producing

concise explanations that remain faithful to the underlying model.
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The advantage is especially evident in the deep learning scenario with TabNet, where
FIFA attains a sparsity score of 0.575, compared to only 0.071 for LIME and 0.406 for Ker-
nelSHAP. Even in the lower-signal context of the Diabetes dataset with CatBoost, FIFA
maintains better sparsity (0.184) than all baselines, which tend to either over-attribute
(KernelSHAP) or ignore relevant features entirely (LIME and TreeSHAP). These results
reinforce FIFA’s practical utility for generating focused explanations that avoid over-
whelming users with redundant or irrelevant information, an essential trait for real-world

decision-support systems.
Stability

Table 4.12: Stability results of FIFA and baseline XAI methods on different models.

Method Random Forest XGBoost CatBoost TabNet
KernelSHAP 0.128 £+ 0.096 0.393 £ 0.153 0.017 £ 0.088 0.791 £ 0.325
LIME 0.054 £+ 0.055 0.075 £ 0.055 0.019 £ 0.032 0.921 £ 0.555
TreeSHAP 0.053 = 0.080 0.051 £+ 0.058 0.003 += 0.012 —

FIFA (Ours) 0.116 £+ 0.105 0.124 £+ 0.160 0.015 + 0.070  0.390 £ 0.381

The stability results in Table 4.12 highlight how consistently each attribution method
responds to small perturbations in the input. Lower values indicate more stable and
robust explanations. TreeSHAP provides the most stable attributions for Random Forest,
XGBoost, and CatBoost, with scores of 0.053, 0.051, and 0.003 respectively. These low
variances are expected, given TreeSHAP’s analytical formulation for tree-based models.
FIFA also performs competitively, especially on CatBoost (0.015) and Random Forest
(0.116), showing a reasonable level of resilience to perturbations.

On the TabNet model, FIFA demonstrates superior stability compared to other general-
purpose methods, with a stability score of 0.390. KernelSHAP and LIME exhibit higher
instability in this setting, scoring 0.791 and 0.921, respectively. This suggests that while
model-specific methods like TreeSHAP dominate on structured learners, FIFA maintains
consistent explanations across diverse model architectures, including deep tabular net-
works. These results support FIFA’s strength in producing repeatable and trustworthy

attributions, particularly when TreeSHAP is not applicable.
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Reliability

Table 4.13: Reliability results of FIFA and baseline XAI methods on different models.

Method Random Forest XGBoost CatBoost TabNet
KernelSHAP 0.006 £ 0.002 0.012 £ 0.006 0.004 £ 0.002 0.002 £ 0.002
LIME 0.004 £ 0.001 0.007 £ 0.001 0.007 £ 0.001 0.006 £ 0.002
TreeSHAP 0.000 = 0.000 0.000 £ 0.000 0.000 %= 0.000 —

FIFA (Ours) 0.000 + 0.000 0.000 + 0.000 0.000 + 0.000 0.000 + 0.000

Table 4.13 reports the reliability of each attribution method, quantified as the vari-
ance across multiple runs using the same input and model. A lower score implies that the
method produces consistent explanations under identical conditions, which is crucial for
interpretability in practice. TreeSHAP achieves perfect reliability for all supported models
(Random Forest, XGBoost, CatBoost), owing to its deterministic algorithmic formula-
tion. Similarly, FIFA achieves zero variance across all four models, matching TreeSHAP
in consistency but with broader applicability, including TabNet, where TreeSHAP is not
applicable.

In contrast, model-agnostic methods like LIME and KernelSHAP show small but
non-negligible variation in their attribution outputs, especially on complex models such
as XGBoost and CatBoost. For example, KernelSHAP shows a reliability score of 0.012
on XGBoost, and LIME reaches 0.007 on the same model. These results demonstrate
that while baseline methods maintain moderate consistency, FIFA offers robust and re-
producible explanations across all tested architectures, supporting its reliability as a
general-purpose attribution method.

The proposed FIFA method demonstrates robust, interpretable, and model-aligned
explanations across a diverse range of predictive architectures and datasets. FIFA consis-
tently outperforms or matches existing attribution methods in terms of faithfulness (high
insertion and low deletion AUC), sparsity (selective and concise feature subsets), sta-
bility (robustness to perturbations), and reliability (repeatability across runs). Notably,
FIFA’s ability to provide directional, sparse, and high-fidelity attributions, while remain-

ing model-agnostic, makes it particularly suitable for high-stakes and resource-sensitive
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applications. These results affirm FIFA’s potential as a general-purpose, scalable explain-

ability method for modern predictive modeling.

4.2.3 Statistical Significance

To assess whether FIFA’s improvements are statistically meaningful, we conducted one-
tailed Wilcoxon signed-rank tests comparing it with LIME, KernelSHAP, and TreeSHAP

across four predictive models and five evaluation metrics.

Insertion AUC FIFA significantly outperforms KernelSHAP and TreeSHAP across
all models (p < 0.0001), while differences with LIME are significant on CatBoost, Tab-
Net, and XGBoost (p < 0.05). The only non-significant comparison occurs on Random
Forest versus LIME (p = 0.1655). These results indicate FIFA’s consistent advantage in

identifying impactful features across diverse model architectures.

Deletion AUC FIFA shows significant improvements on XGBoost and CatBoost against
all baselines (p < 0.05). For Random Forest, significance is observed only against LIME,
and on TabNet, no comparison reaches statistical significance. This suggests FIFA per-

forms especially well on models with structured boosting or strong gradient dynamics.

Sparsity Across all four models, FIFA consistently produces significantly more compact
explanations than LIME, KernelSHAP, and TreeSHAP. All comparisons yield strong
significance (p < 0.0001) except on TabNet, where it still outperforms LIME (p = 0.0034)
and KernelSHAP (p = 0.0436).

Stability FIFA significantly outperforms all baselines on CatBoost and TabNet (p <
0.00001). For Random Forest, the only significant result is against KernelSHAP (p =
0.044), while on XGBoost, significance is again limited to KernelSHAP. These outcomes

reflect FIFA’s robustness in models with complex or non-linear structure.

Reliability On all models and all comparisons, FIFA achieves highly significant im-

provements with p < 0.00001, confirming its consistency across repeated runs regardless
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of model type.

The statistical tests demonstrate that FIFA’s advantages are not only consistent across
models and metrics but also significant. Its superior performance in faithfulness, concise-
ness, robustness, and reproducibility is supported by strong statistical evidence, estab-

lishing FIFA as a reliable and generalizable explainability method for predictive modeling.

4.3 Diffusion Shapley Attribution with Gradient Explana-
tions(DiffuSAGE)

In this section, we present the evaluation of our proposed explainability method, Dif-
fuSAGE, designed for generative diffusion models. Unlike prior approaches that lack fine-
grained token resolution or temporal dynamics, DiffuSAGE integrates Aumann-Shapley
value principles with integrated gradients and attention alignment to deliver prompt-

token-level attribution that is both semantically meaningful and temporally grounded.

Token Importance

We investigate token-level attribution across multiple prompts to understand how indi-
vidual words guide image generation during the denoising process in diffusion models.
To understand how prompt semantics unfold over the generative timeline, we analyze
token-level attributions computed by DiffuSAGE across multiple diffusion steps. This
enables us to examine the evolving influence of individual tokens on the final output,
offering deeper insight into how generative models construct visual content from textual
descriptions. We focus on four representative prompts, ranging from abstract and action-
oriented to object-rich scenes, and interpret their token importance dynamics to reveal
the model’s internal attribution process.

Figure 4.4 presents a comprehensive visual explanation of how prompt tokens con-
tribute to the image generation process in a text-to-image diffusion model. Sub-figure 4.4a
displays the generated image, which depicts the scene described by the prompt. Sub-
figure 4.4b shows the corresponding token-level attribution heatmap, where each token

is assigned a color intensity proportional to its overall influence on the generated output,
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(a) Generated im-
age (b) Token-level importance heatmap

Figure 4.4: Image generated and corresponding token-level attribution for the prompt
“an astronaut riding a horse on Mars”.

as computed by the DiffuSAGE method.

The results reveal that the tokens “astronaut” and “mars” receive the highest im-
portance scores, indicating that they play a central role in shaping both the foreground
subject and the environmental context of the image. The tokens “riding” and “horse” also
contribute significantly, guiding the model in producing the dynamic action and animal
morphology. In contrast, function words such as “an,” “a,” and “on” exhibit negligi-
ble attribution, highlighting DifftuSAGE’s ability to filter out non-informative linguistic
components. This distribution of token importance aligns well with human expectations
and confirms the semantic alignment capabilities of the proposed attribution method.
By localizing influence at the token level, this figure demonstrates that DifftuSAGE can
successfully disentangle how individual prompt components guide different semantic and

spatial aspects of the generative process. Such insights are invaluable for model inter-

pretability, prompt debugging, and the broader goal of controlled generation.
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Figure 4.5: Temporal evolution of token importance across diffusion steps for the prompt
“an astronaut riding a horse on Mars”.

For the prompt “an astronaut riding a horse on Mars”, we observe that the tokens
“astronaut” and “mars” carry the most attribution weight throughout the denoising pro-
cess (Figure 4.5). The token “astronaut” contributes consistently from early to midstage,
guiding the formation of the central subject, while “mars” peaks during early and late
timesteps, aligning with the emergence of the planetary background. The token “horse”
plays a steady supporting role, and “riding” shows a high influence in the early stages

before fading. These dynamics reflect a structured generation strategy, where global

context and subject identity are temporally aligned with their visual instantiation.
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Figure 4.6: Token importance over diffusion timesteps for the prompt “a cat playing
soccer”.

For the more playful prompt “a cat playing soccer”, the token “cat” displays a smooth
and stable attribution profile, reflecting its consistent presence as the scene’s focal point.
The token “soccer” shows brief, sharp increases in importance at key intervals, likely
corresponding to the model resolving contextual cues like the ball or field. “Playing”
peaks early but quickly decays, supporting the interpretation that action is encoded
upfront in the generative timeline. These patterns suggest that objects are grounded and
retained, while action-related concepts contribute heavily in earlier denoising phases.

In the prompt “a man drinking coffee”, the token “coffee” maintains the strongest in-
fluence across most diffusion steps, indicating its central role in preserving a coherent and
visually salient object (Figure 4.7). “Drinking” contributes strongly in the early stages,
likely guiding the pose and orientation related to action, while “man” exhibits compar-
atively low influence after the initial formation of the subject. This pattern suggests a
coarse-to-fine allocation of attribution: action and subject tokens drive early structure
formation, while object-related tokens sustain consistent influence during refinement.

These attribution patterns are further validated by the denoising trajectory presented

in Figure 4.8, which depicts the evolution of the generated image across selected timesteps.
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Figure 4.7: Temporal evolution of token importance for the prompt “a man drinking
coffee”.

At T=1, the image is fully noisy and lacks semantic coherence. By T=10, vague human
contours emerge, but artifacts persist. By T=30, the image begins to reflect a clear
structure, including posture and spatial positioning. From T=40 through T=60, the
model refines identity, lighting, and object details, with the coffee cup becoming more
visually prominent. Finally, by T=80 and T=90, the output reaches a high level of
visual realism and semantic clarity, fully capturing the intended meaning of the prompt.
Together, these results demonstrate how DiffuSAGE captures the temporal emergence
of different semantic components, linking the early contribution of action and subject
tokens to later refinement of focal objects. This alignment between attribution scores
and denoising progression offers strong interpretability and insight into the structured

reasoning process underlying diffusion-based generation.
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Figure 4.8: Denoising trajectory for the prompt “a man drinking coffee” across selected
diffusion steps.

89



Token
0.8 @ city
- umbrella
—A— woman
0.6
% 0.4 |
E ¢ 1
'y ' i l
0.2 ) “ H W’M‘h" L""'JI“ %
) 4
0.0 A
(I) 2I0 4IO 6IO 8IO 1(I)O

Timestep

Figure 4.9: Temporal token importance for the prompt “a woman with an umbrella in
the city”.

In the case of “a woman with an umbrella in the city”, the token “umbrella” emerges
as the most consistently influential token throughout the diffusion steps (Figure 4.9). The
prominence of this token likely stems from its visual distinctiveness and central role in
the scene. “Woman” holds mid-level importance, shaping the human form, while “city”
exhibits lower, burst-like contributions indicative of later-stage background construction.
This case exemplifies how DiffuSAGE captures the model’s prioritization of salient fea-
tures while still accounting for contextual background elements in the final composition.

These temporal attribution patterns provide strong evidence that diffusion models
do not treat all prompt tokens uniformly across timesteps. Instead, each token exerts
influence at semantically meaningful stages of the generation process. DifftuSAGE’s ability
to capture and disentangle this temporal dynamic not only improves interpretability but
also offers practical utility for prompt engineering, creative control, and transparency in
generative Al systems. This token-level perspective is essential for understanding how

complex visual scenes are composed, and when in the denoising process, key semantic

elements take shape.
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Token-to-Visual-Region Mapping

To further explain the spatial role of each prompt token, we analyze token-to-region
attribution maps generated by DiffuSAGE. These visualizations combine cross-attention
alignment and integrated gradient signals to associate specific tokens with the regions they
most influence in the final image. This modality enables fine-grained interpretability by

revealing which parts of the image are shaped by which words, moving beyond global

attribution scores to semantically grounded visual localization.

(a) Generated image (b) Astronaut (c) Horse

Figure 4.10: Visual token-to-region attribution.

Figure 4.10 illustrates token region heat maps for the prompt “an astronaut riding
a horse on Mars.”. The heat maps show that “astronaut” activates the upper center
region where the figure is located, “horse” covers the lower body and legs of the ani-
mal, and “Mars” corresponds to the reddish-brown terrain in the background. These

spatial attributions are well aligned with human expectations and reflect the effective

disentanglement of object-level semantics by the model.

(a) Generated Image (b) Engineer (c) Helmet (d) Bridge

Figure 4.11: Token-to-region attribution heatmaps for the prompt “an engineer wearing
a helmet near a bridge”.

In Figure 4.11, we examine a more technical and structurally diverse prompt: “an en-
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gineer wearing a helmet near a bridge.” Each token exhibits distinct and non-overlapping
activation patterns. “Engineer” aligns with the figure in the foreground, “helmet” with
the headgear, and “bridge” with the background structure. The accuracy of these map-
pings demonstrates the capability of DiffuSAGE to localize both central and peripheral

concepts in a complex scene, supporting explainability in safety-critical applications such

as civil engineering or robotics.

(a) Generated image (b) Robotic arm (c) Car (d) Factory

Figure 4.12: Token-to-region attribution heatmaps for the prompt for the prompt “a
robotic arm assembling a car in a factory”.

Figure 4.12 presents token-level heat maps for the prompt “a robotic arm assembling
a car in a factory.” The “robotic arm” is spatially highlighted in the foreground, “car”
corresponds to the assembled object near the base, and “factory” contributes to the in-
dustrial setting in the background. These results validate the effectiveness of DifftuSAGE

in handling multi-object layered scenes and preserving spatial structure throughout the

generative process.

(a) Generated image (b) Women (¢) Umbrella (d) City street
Figure 4.13: Token-to-region attribution heatmaps for the prompt “a woman with an

umbrella on a city street”.

Finally, Figure 4.13 analyzes the spatial contributions for the prompt “a woman with

an umbrella on a city street.” The token “woman” aligns with the central figure, “um-
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brella” with the overhead object, and “city street” with the urban scenery in the back-
ground. These distinct activation zones reinforce the interpretability of token-to-region
mapping, showing how each semantic component contributes to different layers of the
image in both structure and style.

Overall, these visualizations confirm that DiffuSAGE is capable of grounding semantic
elements in coherent, non-overlapping spatial regions. This functionality is crucial for
debugging, refining prompts, and ensuring human-aligned image synthesis. It also adds an
essential dimension to the broader goal of making generative Al systems more transparent

and controllable.

Timestep Importance

To better understand how semantic elements emerge throughout the generative process,
we analyze timestep-level attribution using DiffuSAGE. This approach highlights when
specific components of a prompt contribute most to the evolving image, thereby revealing
the temporal structure of the diffusion model. By evaluating image outputs from partial
timesteps, early only, late only, and full, we observe distinct roles for different stages in the

denoising trajectory. We explore this across three representative prompts to generalize

our findings.

Timestep Skipped

(a) Early Only (b) Late Only (c) Early-to-Late (d) Timestep Importance

Figure 4.14: Timestep importance and visual effect of different diffusion stages for the
prompt “a woman with an umbrella on a city street.”

Figure 4.14 presents the results for the prompt “a woman with an umbrella on a city
street.” The Early Only output captures the coarse silhouette of the woman and umbrella,
offering a broad spatial layout but lacking texture and refinement. The Late Only sample

introduces visual detail, especially in background elements like architecture and lighting,
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but lacks global coherence. The fully sampled Early-to-Late image achieves visual real-
ism and semantic accuracy. The associated importance plot reveals that attribution is

not uniformly distributed: early steps establish spatial structure, while late steps refine

semantic and stylistic detail.

20 30 40 50
Timestep Skipped

(b) Late Only (c) Early-to-Late (d) Timestep Importance

Figure 4.15: Visual analysis for the prompt “a man drinking coffee”.

Figure 4.15 expands on this insight using the prompt “a man drinking coffee.” Again,
the early stage builds the human pose and coffee cup location, while the late stage intro-
duces output artifacts and lacks consistency. The final image benefits from cumulative
refinement across all steps. The timestep importance plot reveals that the token “coffee”
peaks in mid-to-late stages, likely guiding material and texture refinement. In contrast,
“drinking” and “man” contribute more prominently in early stages, helping define posture
and subject structure. This pattern demonstrates how different types of tokens—objects,

actions, subjects- peak at different phases in the generation pipeline.
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(a) Early Only (c) Early-to-Late (d) Timestep Importance
Figure 4.16: Diffusion-stage analysis for the prompt “an engineer wearing a helmet near

a bridge”.

Lastly, Figure 4.16 analyzes the prompt “an engineer wearing a helmet near a bridge.”

The Early Only image outlines the engineer’s body and general scene composition, but
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suffers from blurring and incomplete structure. The Late Only result exhibits discon-
nected features and lacks semantic grounding. In contrast, the complete denoising se-
quence delivers a coherent, realistic image. The timestep attribution curve shows that
mid-to-late steps carry substantial importance, particularly for the helmet and back-
ground bridge. This supports the view that detailed elements and spatial relationships

are gradually sharpened in later iterations.

Table 4.14: nsertion and Deletion AUC Comparison between DiffuSAGE and Baseline
Methods.

Method Insertion AUC (1) Deletion AUC ({)
LIME 0.7023 0.6347
DF-RISE 0.7297 0.6147
DF-CAM 0.6925 0.6041
DiffuSAGE (Ours) 0.8200 0.5500

To quantitatively assess the faithfulness of DiffuSAGE, we report the standard Inser-
tion and Deletion AUC metrics in Table 4.14, comparing against three strong baselines:
LIME, DF-RISE, and DF-CAM. Insertion AUC measures how quickly the model’s confi-
dence recovers as the most important tokens are added back, while Deletion AUC reflects
how confidence drops as important tokens are removed. Higher Insertion AUC and lower
Deletion AUC values indicate stronger alignment between the attribution map and the
model’s internal decision-making process.

DiffuSAGE achieves the highest Insertion AUC (0.8200) and the lowest Deletion AUC
(0.5500), outperforming all baselines by a substantial margin. Compared to DF-RISE, the
next-best method, DiffuSAGE improves insertion fidelity by 12.4% and reduces deletion
residuals by 9.1%. These results highlight DiffuSAGE’s superior ability to identify tokens
that are both necessary and sufficient for high-confidence generation. Furthermore, its
low Deletion AUC suggests that its attributions are sparse and precise; removing key
tokens rapidly degrades model output.

Together with our qualitative analyses, these quantitative metrics validate the reliabil-
ity and faithfulness of DiffuSAGE. Its consistent performance across multiple evaluation

dimensions makes it a robust tool for interpretable diffusion-based image generation.
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4.3.1 Qualitative Evaluation

As part of our qualitative evaluation, we collected responses from 51 participants to
examine how humans perceive token importance, token-to-visual-region alignment, and
timestep influence in text-to-image diffusion generation. The study was designed to
evaluate whether the attributions produced by our proposed method, DiffuSAGE, align
with intuitive human judgments. Participants were shown generated images, heatmaps,
and denoising trajectories and asked to identify the most influential prompt tokens and
stages of generation. We also gathered background information on their education, field
of study, and familiarity with generative and explainable Al tools to contextualize the

results and assess response reliability (see Appendix A for the full questionnaire).

Education Level

(a) Respondents’ Field of Study (b) Highest Education Level Completed

(c) Familiarity with Generative AI Tools (d) Experience with XAI Methods

Figure 4.17: Summary of respondents’ background and experience with education, Al,
and XAI tools

Figure 4.17a and Figure 4.17b reveal that the participant pool was predominantly

composed of individuals from technical and Al-adjacent disciplines, with the majority
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studying Software Engineering (32), followed by Artificial Intelligence (11), Computer
Science (4), Computer Engineering (3), and Applied Mathematics (1). Educationally,
most respondents held a BSc (25), with others having completed some college coursework
(12), an MSc (8), or a PhD (2). This composition reflects a well-qualified audience capable
of engaging meaningfully with technical content, making them suitable evaluators for
explainability and generative Al concepts.

In terms of hands-on familiarity, Figure 4.17c shows that most respondents had at
least some experience with generative Al tools, only 9 had never used them, while 27
had experimented with them, and 15 reported regular use. However, Figure 4.17d in-
dicates more limited exposure to XAI methods: 18 had never used them, and 14 were
only vaguely aware. Just 19 respondents had experience applying these techniques in
academic or professional settings. This gap underscores the growing accessibility of gen-
erative models and the contrasting technical barriers to explainability. It highlights the
importance of user-friendly XAI methods like DiffuSAGE that bridge this divide by pro-

ducing interpretable, token-level, and time-aware attributions even for non-experts.
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Figure 4.18: Participant responses for most influential token across prompts.

In the prompt “a man drinking coffee” (Figure 4.18a), survey responses revealed
that the majority of participants selected “man” (21 responses) as the most important
token, followed by “drinking” (19) and “coffee” (11). This distribution stands in con-

trast to the attribution results obtained by DiffuSAGE, which consistently assigned the
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highest importance to the token “coffee”, particularly in the mid-to-late diffusion steps
where object-level features such as the cup and hand position are refined. DiffuSAGE
further highlighted that “drinking” contributed substantially in the early steps to guide
the action and posture of the subject, while the token “man” had comparatively lower
influence beyond the early generative phases. This divergence between human percep-
tion and model attribution underscores the unique insight offered by DiffuSAGE. While
participants naturally gravitate toward recognizing human-centric tokens like “man” as
semantically salient, the model’s generative process emphasizes the refinement of visu-
ally distinctive objects like “coffee”. Such findings demonstrate the utility of temporally
grounded attribution in revealing model priorities that are not always aligned with intu-
itive human judgments. These insights can support better prompt engineering, especially
in use cases where precise control over visual emphasis is critical.

For the prompt “an astronaut riding a horse on Mars” (Figure 4.18b), DiffuSAGE
identified the tokens “astronaut” and “Mars” as the most influential in shaping the
image. Specifically, “astronaut” contributed consistently from early to mid timesteps,
guiding the formation of the central subject, while “Mars” dominated in both early and
late stages, influencing the planetary background. Tokens such as “riding” and “horse”
played supportive roles, structuring motion and animal morphology. Survey results par-
tially aligned with DifftuSAGE’s attribution. A strong majority (30 out of 51) selected
“astronaut” as the most important token, which matches DiffuSAGE’s finding. However,
only 6 participants selected “Mars”, and a larger proportion (12) favored “riding”, while
just 3 selected “horse”. This indicates that while human intuition recognized the central
figure (“astronaut”), the broader environmental cues emphasized by DiffuSAGE (e.g.,
“Mars”) were underappreciated, highlighting the added value of model-guided attribu-

tion for uncovering less salient yet semantically impactful tokens.
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Figure 4.19: Line plot showing how participants perceived the strongest visual or struc-
tural impact of tokens man, drinking, and coffee across different diffusion timestep ranges.

To compare DiffuSAGE’s timestep-based token attributions with human perception,
we analyzed survey responses concerning the prompt “a man drinking coffee”. According
to DiffuSAGE, the token drinking is most influential during the early generation phase
(Timestep 1-10), guiding the initial subject pose and action context. Its importance
peaks in the 10-30 range before tapering off. In contrast, the token coffee steadily rises
in influence after Timestep 30, maintaining dominance through the final stages as the ob-
ject’s texture and visual clarity solidify. The token man, although important in initiating
the scene structure, exhibits lower attribution beyond early timesteps.

Survey responses, summarized in Figure 4.19, partially support these model-driven
insights. For drinking, participants most frequently selected Timestep 30-50 (29 re-
sponses), with additional concentration in 10-30 (21) and 50-70 (12), which aligns with
DiffuSAGE’s mid-phase attribution. The token coffee was chosen predominantly for late
timesteps: 21 in 30-50, 16 in 50-70, and 18 in 70-90—matching its rising importance in
the model’s attribution curve. However, the token man received a high number of se-
lections in the earliest phase (28 in Timestep 1-10 and 21 in 10-30), despite DifftuSAGE

assigning it relatively lower temporal importance. This discrepancy suggests a human bias
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toward recognizing human figures early in the visual composition, even if their structural
contribution, as computed by attribution methods, is secondary. Such findings empha-
size the value of DifftuSAGE in highlighting objective semantic influence patterns beyond

perceptual biases.

astronaut Mars

(a) Token Importance for (b) Token Importance for (¢) Token Importance for
Astronaut Horse Mars

Figure 4.20: Survey results on which token best describes each heatmap generated by
DiffuSAGE.

To assess the alignment between DiffuSAGE’s token-to-region attributions and human
interpretation, we conducted a survey where participants were shown three heatmaps cor-
responding to the tokens astronaut, horse, and mars from the prompt “an astronaut riding
a horse on Mars.” Each heatmap highlighted the regions of the image most influenced by
one of the prompt tokens. Participants were asked to identify which word best described
each heatmap, using brightness (yellow) as an indicator of stronger token influence and
darker areas (purple) as lesser influence.

As shown in Figure 4.20a, 80% of respondents correctly identified the heatmap for
astronaut, while 18% misattributed it to horse and 2% to mars. For the horse heatmap
(Figure 4.20b), 94% of participants selected the correct token, with only 4% and 2%
mistakenly choosing astronaut and mars, respectively. Finally, Figure 4.20c shows that
76% correctly recognized the mars heatmap, although 20% selected horse and 4% chose
astronaut. These results demonstrate a strong alignment between the visual regions high-
lighted by DiffuSAGE and participants’ semantic expectations, affirming the method’s
effectiveness in spatially disentangling token influence. Minor confusion between related

objects suggests natural perceptual overlap, but the overall agreement supports the in-
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terpretability and fidelity of the generated heatmaps.

Ditfusion Stage Diffusion Stage 7 Timestep

(a) Perceived stage for core (b) Perceived stage for tex- (c¢) Perceived Timestep In-
structure formation. ture emergence. fluence.

Figure 4.21: Survey responses on which diffusion stage had the most influence on structure
and texture.

Figure 4.21 presents participant responses regarding the perceived impact of different
diffusion stages. As shown in subfigure 4.21a, the majority (26 out of 51) identified the
middle stage (T=30-50) as the most critical for establishing the core structure of the
generated image, followed by early steps (16 votes), and a smaller group selecting late
steps (8 votes). This is consistent with DifftuSAGE’s analysis, which found that global
layout and subject formation are primarily determined during mid-stage denoising.

For texture emergence, subfigure 4.21b shows that late stages (T=70-90) received
the most votes (25), closely followed by middle stages (22), with early steps contributing
minimally (3). This result strongly supports DifftuSAGE’s interpretation that visual
fidelity and fine-grained features are enhanced in the final diffusion iterations.

Lastly, the perceived single timestep with the most overall influence (subfigure 4.21c¢)
was split between T=10 and T=30, each receiving 14 votes. This aligns with the earlier
findings, where early-to-middle steps were shown to be key in grounding both semantic
structure and action cues. Collectively, these results confirm that human perception of
structure and detail in diffusion generation closely mirrors the temporal attribution maps
generated by DiffuSAGE, further validating its interpretability.

The results from our 51-participant survey offer compelling evidence that DiffuSAGE
aligns well with human intuition across multiple explainability dimensions in text-to-

image generation. From token-level importance and temporal influence to token-to-region
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attribution, the method consistently produced interpretable outputs that mirrored par-
ticipants’ responses. While some divergence was noted, particularly in attributing impor-
tance to visually salient objects versus human-centric tokens, such differences highlight
the value of model-guided explanations that reveal deeper structural patterns often over-
looked by human perception. These insights reinforce the importance of time-aware and
token-resolved attribution in understanding diffusion-based generation processes.
Overall, this qualitative study affirms that DiffuSAGE effectively bridges the gap
between internal model behavior and user-understandable explanation. The alignment
between survey results and DiffuSAGE outputs demonstrates its utility not only for
researchers analyzing model dynamics but also for end-users seeking to refine prompts
and understand generative behaviors. Importantly, DifftuSAGE’s integration of temporal
and spatial attribution enhances transparency and opens new avenues for interactive

prompt engineering, bias auditing, and educational interpretability tools for generative

AL

4.4 Discussion

In this work, we aimed to advance the state of interpretability in machine learning by
developing hybrid attribution methods applicable to both predictive and generative mod-
els. Our work is motivated by two critical gaps in explainable Al (XAI): (1) the lack of
faithful, stable, and sparse explanations for black-box predictive models, and (2) the ab-
sence of temporally and spatially grounded attributions for generative diffusion models.
To this end, we proposed and experimentally validated two original contributions: the
FIFA method for predictive models, and the DiffuSAGE method for diffusion-based
generative models.

Our study was structured into two main experimental components, each with several
sub-experiments focused on different interpretability dimensions.

In the first part, we introduced FIFA, a population-based optimization method
inspired by swarm intelligence to generate reliable and compact feature attributions. We

evaluated FIFA using four key criteria: faithfulness (via insertion and deletion AUC),
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sparsity, stability, and reliability. Experiments were conducted on standard tabular
datasets using black-box classifiers, including Random Forest, XGBoost, CatBoost, and
TabNet. FIFA consistently outperformed established baselines such as LIME, SHAP,
and KernelSHAP in most metrics, demonstrating its strength in producing interpretable,
robust, and faithful explanations without relying on model gradients. This phase of the
study focused on developing a reliable XAI approach for decision-making systems that
require feature-level transparency.

In the second part, we shifted focus to generative models and introduced Dif-
fuSAGE, a novel attribution technique that quantifies the influence of each prompt token
across the temporal and spatial dimensions of the diffusion process. We conducted a
suite of experiments targeting three interpretability objectives: (i) temporal token impor-
tance analysis across denoising steps, (ii) spatial token-to-region mapping using attention-
weighted gradients, and (iii) timestep sensitivity visualization through controlled image
generation. Using a range of diverse prompts, we demonstrated that DiffuSAGE can
disentangle semantic contributions in a structured and interpretable manner. Notably,
tokens denoting actions or subjects contributed most in early denoising stages, while to-
kens representing objects and backgrounds dominated later refinement stages. Spatially,
each token activated distinct, semantically aligned regions in the output images. Quan-
titative evaluations using insertion and deletion AUC further confirmed that DifftuSAGE
yields faithful attributions superior to baselines like DF-RISE and DF-CAMI66].

These experiments demonstrate that the interpretability of both predictive and gen-
erative models can be significantly enhanced through principled attribution techniques.
FIFA and DiffuSAGE each offer a scalable, model-agnostic solution tailored to the struc-
ture of their respective domains, FIFA to feature-based predictions, and DiffuSAGE to
text-conditional image synthesis.

Based on these results, we now proceed to explicitly answer the key research questions

posed at the outset of this study.

« How can faithful, sparse, stable, and reliable feature attributions be

generated for black-box predictive models?
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To generate faithful, sparse, stable, and reliable feature attributions for black-box pre-
dictive models, this study introduces the Firefly-Inspired Feature Attribution (FIFA)
method. FIFA achieves faithfulness by identifying features that cause strong shifts in
model confidence when inserted or removed; sparsity by isolating a minimal set of influ-
ential signals; stability through resilience to small perturbations; and reliability by pro-
ducing deterministic, repeatable explanations. As demonstrated across multiple datasets
and models, FIFA represents model-agnostic and statistically validated approach to in-

terpretable machine learning.

« How can the contributions of individual prompt tokens to specific visual

regions in generated images be faithfully identified and quantified?

DiffuSAGE directly addresses this research question by introducing a hybrid attribu-
tion method that assigns fine-grained importance scores to prompt tokens in both tem-
poral and spatial dimensions of the diffusion process. First, it leverages Aumann-Shapley
value theory, integrated gradients, and attention alignment to estimate how much each
token contributes to the image generation across different denoising timesteps, thereby
capturing when a token exerts its strongest influence. Second, DiffuSAGE maps these to-
ken contributions to specific visual regions in the final output image using a combination
of attention-weighted gradients and spatial activation maps, revealing where each token
manifests visually. This twofold attribution, when and where, provides a comprehensive
answer to the research question. Through qualitative examples (token-to-region overlays)
and quantitative evaluations ( insertion and deletion AUC), DifftuSAGE demonstrates
that it can disentangle prompt semantics and localize them precisely in both time and
space. Thus, it not only enables interpretability for diffusion models but also empowers

practical tasks like prompt debugging, controllable generation, and visual reasoning.

« How do prompt tokens influence image synthesis throughout the diffu-

sion timesteps?

DiffuSAGE provides a principled approach to analyzing the temporal dynamics of

prompt-token influence throughout the diffusion process. By integrating timestep-aware
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gradient attribution, it captures the evolution of token-level contributions at each denois-
ing stage. The method quantifies how the importance of specific tokens, such as those
denoting objects, actions, or background elements, varies across timesteps, revealing a
consistent coarse-to-fine generative structure. Empirical results show that action-
related and subject tokens typically dominate the early phases, driving pose and layout
formation, while object tokens maintain high influence during later stages, refining seman-
tic and visual details. DiffuSAGE visualizes this behavior through importance-over-time
plots and controlled generation outputs from early, late, and full-step subsets. This dual
analysis not only identifies which stages are most critical for specific semantic compo-
nents but also highlights the hierarchical reasoning mechanism within diffusion models.
Overall, DiffuSAGE offers clear insights into how and when tokens shape the generative
trajectory, enhancing interpretability and opening avenues for more temporally control-

lable synthesis.

4.4.1 Key Findings

o FIFA introduces a faithful and stable feature attribution method for
black-box models. FIFA uses swarm optimization to find a compact set of in-
fluential features and consistently outperforms LIME [60], SHAP [61], and Ker-
nelSHAP [61] in faithfulness, sparsity, reliability and stability. This makes it well-

suited for real-world interpretability in predictive models.

o DiffuSAGE offers token-level interpretability in generative diffusion mod-
els. DifftuSAGE combines Aumann-Shapley values, attention alignment, and gradi-
ents to assign temporally and spatially grounded importance to prompt tokens. It
reveals how different tokens shape early structure versus later refinement, offering

deeper insight into prompt-to-image generation.

o Token importance in diffusion is temporally structured. Analysis across

» &

prompts shows that action and subject tokens (e.g., “drinking,” “man”) shape early
pose and layout, while object tokens (e.g., “coffee,” “umbrella”) refine texture and

detail in later steps. This coarse-to-fine pattern reflects the hierarchical reasoning
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of diffusion models.

e« Prompt tokens map to coherent, semantically meaningful visual regions.
Token-to-region heatmaps show that DiffuSAGE disentangles prompt semantics
into distinct spatial zones (e.g., “astronaut” mapped to the figure, “mars” to the
background). This spatial grounding enhances user trust and supports controllable

generation.

o Timestep-level attribution reveals stage-specific semantic emergence. By
visualizing early-only, late-only, and full-step generations, DiffuSAGE highlights
how early steps establish composition while later ones refine detail. This supports

temporal control and deeper insight in generative design.

o Quantitative metrics confirm attribution faithfulness. DiffuSAGE achieves
the highest Insertion AUC (0.8200) and lowest Deletion AUC (0.5500) compared to
DF-RISE, DF-CAM, and LIME, confirming its ability to reliably identify the most

influential tokens for model confidence and output fidelity.

4.4.2 Limitations

o During the DifftuSAGE experiments, token importance for abstract or metaphorical
prompts (e.g., prompts involving symbolic language or personification) failed to
produce coherent or interpretable attribution maps. The model often assigned high
importance to less relevant tokens, indicating a lack of semantic grounding in cases

where the textual prompt was not directly visualizable.

o Several attempts to apply DiffuSAGE on low-resolution or corrupted images pro-
duced unstable attributions, where overlapping or diluted heatmaps hindered token-

to-region mapping, highlighting the method’s sensitivity to image quality.

o The computational cost of both DiffuSAGE and FIFA limited scalability for real-
time or large-scale use. DifftuSAGE was particularly inefficient with long prompts
or models exceeding 100 denoising steps, and some high-resolution generations were

excluded due to GPU memory constraints.
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Chapter 5

Conclusion and recommendation
5.1 Conclusion

Explainability in machine learning has become an essential component of trustworthy and
transparent Al systems, particularly as models increase in complexity and are deployed in
high-stakes domains. Despite notable progress in feature attribution for predictive models
and interpretability methods for generative models, critical gaps remain, especially in
ensuring temporal, spatial, and semantic alignment in attribution for generative diffusion
models, and in producing stable, sparse, and faithful attributions for black-box predictive
models.

In this work, we introduced two novel methods that address these challenges in a sys-
tematic and principled way. First, we proposed the Firefly-Inspired Feature Attribution
(FIFA) algorithm, a black-box feature importance technique based on population-based
optimization. FIFA achieves high levels of faithfulness, sparsity, and stability, and out-
performs baseline methods such as LIME, SHAP, and KernelSHAP across multiple met-
rics and model types. Second, we introduced DiffuSAGE, a gradient-based attribution
method for generative diffusion models. DifftuSAGE uniquely captures both when (tem-
poral) and where (spatial) a prompt token influences the output, allowing for fine-grained
interpretability of text-to-image generation.

Through extensive experiments, we demonstrated the effectiveness of FIFA in produc-
ing reliable feature attributions on benchmark tabular datasets, while DifftuSAGE suc-
cessfully revealed the evolving role of prompt tokens across diffusion steps and localized
their impact to distinct visual regions. DifftuSAGE also achieved higher insertion AUC
and lower deletion AUC compared to baselines like DF-RISE and DF-CAM, validating

its faithfulness and precision.



These contributions collectively represent a step forward in developing robust, inter-
pretable Al systems. They show that it is possible to generate transparent and meaning-
ful explanations even in highly complex generative and predictive settings by leveraging
optimization-based attribution and integrated gradient strategies.

Nevertheless, our work is not without limitations. DiffuSAGE exhibits sensitivity to
prompt ambiguity and image quality, and FIFA can face challenges in highly correlated
feature spaces. Moreover, both methods incur non-trivial computational costs, which can
limit scalability for real-time or high-throughput scenarios.

Future work can address these limitations in several directions. For FIFA, improving
convergence strategies and dimensionality reduction techniques may increase scalability
and applicability to high-dimensional datasets. For DiffuSAGE, incorporating multi-
modal inputs, supporting more abstract prompts, and optimizing timestep attribution
could further enhance interpretability. Additionally, integrating both methods into real-
world human-in-the-loop systems may offer practical insights into usability and impact

in applied domains such as healthcare, design, and policy decision-making.

5.2 Recommendation

» Attribution robustness: Based on observed limitations in DiffuSAGE’s performance
on abstract prompts and low-quality images, future research should focus on im-
proving the robustness of token attribution. This can be addressed by augmenting
training data with more diverse and semantically rich prompts, including non-literal
language and figurative expressions. Additionally, incorporating auxiliary modules
that validate attribution coherence, such as vision-language alignment models or
caption-based grounding, could help refine the semantic precision of token-to-region
mappings. These improvements would enhance the generalizability of DifftuSAGE

across a wider range of prompts and image qualities.

o Timestep attribution scalability: Given the computational cost associated with full
denoising trajectories, optimizing DiffuSAGE’s timestep attribution strategy is rec-

ommended. Future work could explore adaptive sampling across timesteps, where
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attribution is concentrated on key decision points identified through variance or
entropy measures. This would reduce resource usage while preserving interpretabil-
ity. Alternatively, approximating full trajectories using learned temporal priors or
lightweight distillation models could enable real-time explanations for time-sensitive

applications.

Optimization efficiency for FIFA: To improve the convergence speed and scalabil-
ity of FIFA, researchers are encouraged to experiment with more advanced meta-
heuristic optimization algorithms. Approaches such as adaptive swarm intelligence,
hybrid genetic-firefly algorithms, or differentiable surrogate models could reduce
computation time while maintaining attribution quality. These strategies would be
particularly beneficial when applying FIFA to high-dimensional data or in produc-

tion settings with strict runtime constraints.

Multi-modal generalization: Both FIFA and DifftuSAGE are currently optimized for
specific input modalities, tabular data and text-to-image diffusion, respectively. A
valuable direction for future work is to generalize these methods to multi-modal
settings. For example, extending DiffuSAGE to incorporate audio or motion-
conditioned generation, or adapting FIFA to handle visual tabular representations,
could significantly broaden the practical utility of these attribution techniques. Such
extensions would require novel attention mechanisms or joint embedding strategies

to align features across modalities.

Integration with user feedback: To enhance trust and usability, future implemen-
tations of FIFA and DifftuSAGE could incorporate human-in-the-loop systems for
feedback-driven attribution refinement. Allowing users to validate, adjust, or in-
teractively explore attribution outputs can help uncover hidden model biases and
improve model alignment with domain-specific expectations. This feedback loop
can be particularly impactful in high-stakes environments such as healthcare, fi-

nance, or scientific modeling.
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APPENDICES

A Appendix A: Survey Questionnaire

This appendix contains the full questionnaire and the visual examples shown to par-
ticipants during the qualitative evaluation of token-level and timestep-based attributions
produced by the proposed DifftuSAGE method.

Survey Questionnaire

1. Your Email
2. May we kindly have your name for record purposes?
3. What is your highest level of education completed?

e Some college or university
o Bachelor’s degree

o Master’s degree

o PhD or equivalent

e Other
4. What is your field of study?

5. How familiar are you with Generative Al tools (e.g., DALL - E, Midjour-

ney, Stable Diffusion)?

o Not familiar at all

e Heard of them but never used



e Somewhat familiar, I've experimented a few times

o Very familiar, I use them regularly

6. How would you rate your understanding of how AI models generate or

interpret images?

Not familiar at all

Somewhat familiar, I've learned or experimented a few times

Familiar, I've used them in courses or projects

Expert, I research or work in this field

7. Have you used or studied any explainability (XAI) methods (e.g., SHAP,

LIME, saliency maps)?

Not familiar at all

Heard of them but never used

Familiar, I've used them in courses or projects

Expert, I research or work in this field

8. Part I: Take a look at this image, generated with the prompt: “An
astronaut riding a horse on Mars.” Which word do you think played

the biggest role in creating what you see?
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Figure A.1: Generated image from the prompt: “an astronaut riding a horse on Mars”

e An
e astronaut
e riding

e horse

e 1nars

9. Below is an image generated using Stable Diffusion with the prompt: “A
man drinking coffee.” Which of the following words do you think was

most important in shaping the image content?
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Figure A.2: Generated image from the prompt: “A man drinking coffee.”

e A

e Inan

drinking

coffee

10. Below are a few images showing the evolution of the generated image
over time (Timestep 1, 10, 30, 50, 70, 90). Which stage do you think

had the most influence on forming the final image?
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(d) f;50 (e) T=T70 | (f) T=90

Figure A.3: Denoising trajectory for the prompt “a man drinking coffee” across selected
diffusion steps.

11. From Timesteps of question 10 above, at which stage of the diffusion
process do you feel the core structure of the image was most strongly
established?

« Early (Timestep=10)
« Middle (Timestep 30-50)
« Late (Timestep 70-90)

12. From Timesteps of question 10 above, at which stage of the diffusion
process do you feel the detailed textures (e.g., shading, surface features,
fine visual elements) became most prominent in the image?

« Early (Timestep=10)

« Middle (Timestep 30-50)
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» Late (Timestep 70-90)

13. Part II: Below are three heatmaps generated from the prompt: “An
astronaut riding a horse on Mars.” Each heatmap corresponds to one of
the following tokens: astronaut, horse, or Mars. Match each token to
the figure you believe represents it best. Tip for reading the heatmaps:
Brighter (yellow) areas show a stronger influence of the token. Darker

(purple) areas indicate lower influence.

Figure A.4: Generated image from the prompt: “an astronaut riding a horse on Mars”

14. Which token best describes Figure A.57
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Figure A.5: Heatmap 1

o Astronaut
o Horse

o Mars

15. Which token best describes Figure A.67
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Figure A.6: Heatmap 2

o Astronaut
o Horse

e Mars

16. Which token best describes Figure A.7
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Figure A.7: Heatmap 3

e Astronaut

o« Horse

e Mars
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