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Abstract

Trust is the foundational currency of finance, yet its absence remains a major obstacle to the
adoption of artificial intelligence across the sector. As machine learning and large language models
increasingly underpin decision making, from credit scoring and risk assessment to regulatory re-
porting, financial institutions face the challenge of deploying systems that are not only accurate but
also explainable, auditable, and reproducible. This thesis addresses the dual scientific and ethical
problem of designing AI that is transparent and reliable under high-stakes operational conditions.

The proposed research develops a structured framework, termed the transparency stack, com-
posed of three complementary pillars: Explainable AI (XAI), Grounded Generation, and Mecha-
nistic Interpretability. XAI establishes quantitative metrics, such as Effective Compactness, Rank
Quality Index, and Stability, to evaluate explanation faithfulness and reproducibility across financial
models. Grounded Generation extends output transparency through verifiable generative reasoning,
integrating document retrieval to ground LLM responses in verifiable sources and reduce halluci-
nation. Mechanistic Interpretability advances internal transparency by probing the computational
circuits of transformer architectures, revealing how reasoning-like behaviors emerge within model
parameters.

Together, these pillars define a methodological continuum linking interpretability, verifiability,
and mechanistic understanding. The thesis unites transparency and reliability as interdependent
constructs: transparency enables epistemic access to AI reasoning and evidence, while reliability
ensures these properties remain stable across contexts and perturbations. By bridging empirical
evaluation, grounded generation, and mechanistic analysis, this work advances the development of
Transparent and Reliable AI, a paradigm for financial systems that meet regulatory, ethical, and
scientific standards of trust.
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Chapter 1

Introduction

Trust is the currency of finance and its absence is one the primary barriers to the wider adop-
tion of Artificial Intelligence (AI) [56]. As AI is increasingly applied across the financial sector,
Machine Learning (ML) and Natural Language Processing (NLP) underpin credit scoring, port-
folio optimization, fraud detection, regulatory compliance, and the analysis of vast quantities of
unstructured financial data [38]. Yet confidence in these systems remains fragile: in high-stakes
settings, institutions require not only accurate outcomes but also explanations that are auditable
and reproducible. Without such guarantees, organizations hesitate to scale deployments beyond
pilots, slowing innovation and constraining future adoption [79].

This tension between performance and transparency lies at the heart of a growing research
and policy debate. AI models, particularly deep learning architectures and Large Language Model
(LLM), exhibit remarkable predictive and generative capabilities, but they also operate as opaque,
so-called black boxes. Their internal logic, shaped by millions or billions of parameters, resists
straightforward human interpretation. When applied to financial contexts, such opacity introduces
significant risks: unexplainable decisions may violate regulatory frameworks; untraceable informa-
tion flows may lead to misinformation or manipulation; and unreproducible behaviours undermine
the reliability of analytical pipelines.

Therefore, the challenge facing contemporary AI research is not solely how to make models
more powerful, but how to make them transparent and reliable, in other words, understandable,
grounded, and trustworthy. The scientific and ethical question this thesis addresses is thus: how
can we design, evaluate, and interpret AI systems that reason transparently and behave reliably,
particularly in high-stakes financial environments?

1.1 The Transparency and Reliability Problem in Financial
AI

In the financial domain, the requirements for model transparency are uniquely stringent. Regulatory
bodies such as the European Banking Authority (EBA), the European Central Bank (ECB), and
the upcoming European Union Artificial Intelligence Act (EU AI Act) have emphasized principles
of explainability, accountability, and auditability [26, 27]. Institutions must be able to provide
justifiable explanations for automated decisions, demonstrate control over data provenance, and
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Chapter 1. Introduction 1.2. The Three Pillars of Transparent and Reliable AI

ensure model stability under changing market conditions.
However, current AI practices expose a gap between regulatory expectations and technical re-

alities. On the one hand, financial stakeholders expect interpretability, the ability to trace outputs
back to their logical or evidential foundations. On the other hand, many state-of-the-art models
are inherently non-transparent: their internal representations are high-dimensional and distributed,
and their outputs often rely on statistical correlations rather than interpretable causal mechanisms.

This creates three key problems:

1. Opaque reasoning: Models provide correct outputs without revealing why. This is especially
problematic for credit risk scoring or compliance auditing, where a justification is often legally
required.

2. Unverifiable generation: LLM-based financial assistants or chatbots may produce seem-
ingly plausible statements that are not supported by verifiable documents, leading to “hallu-
cinated” or misleading content.

3. Incomprehensible mechanisms: Even when models behave as expected, their internal
computations remain largely inscrutable, limiting our capacity to diagnose or prevent systemic
errors.

These challenges underscore the need for a comprehensive framework that not only interprets AI
decisions post hoc but also establishes verifiable and mechanistic transparency as intrinsic properties
of the system.

1.2 The Three Pillars of Transparent and Reliable AI

To address these intertwined challenges, this thesis develops a research agenda based on three
complementary pillars: Explainable AI (XAI), Grounded Generation, and Mechanistic
Interpretability. Each pillar represents a distinct level of the transparency problem: from out-
puts to reasoning processes, to internal representations; and together they define a continuum of
interpretability.

1.2.1 Explainable AI (XAI): Quantifying Explainability

Explainable AI seeks to make model behavior intelligible to humans [23, 67]. In the financial
context, XAI methods enable analysts, auditors, and regulators to understand why a prediction or
decision was made, for instance, which features most strongly influenced a credit approval, or which
factors drove an anomaly detection alert.

While many explanation methods exist (e.g., SHAP, LIME, Integrated Gradients), their outputs
are often difficult to compare or evaluate [75, 110]. Explanations may vary under small perturba-
tions, exhibit bias toward certain features, or trade off faithfulness for simplicity. Thus, a key open
problem is how to measure explanation quality objectively.

The first part of this thesis introduces quantitative metrics to evaluate explanation properties
across models and tasks. These metrics, including Effective Compactness, Rank Quality Index, and
Stability, capture different dimensions of faithfulness, reproducibility, and usability. Applied to a
large-scale benchmark of financial datasets, they reveal systematic trade-offs between interpretabil-
ity and performance, providing a quantitative foundation for auditing explainability in practice.

3
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In this way, XAI constitutes the first layer of the transparency stack: it addresses what the
model communicates through explanations, establishing measurable standards for interpretability.

1.2.2 Grounded Generation: Verifiable AI Outputs

With the rise of LLMs, financial institutions increasingly employ generative AI for document anal-
ysis, reporting, and question answeringe [58]. However, generative models often suffer from hallu-
cination, that is, the production of text not grounded in factual evidence [54]. In finance, where
precision and traceability are paramount, such hallucinations are unacceptable.

Grounded generation implemented through Retrieval-Augmented Generation (RAG) addresses
this issue by integrating information retrieval with generation [63]. Before responding, the model
retrieves relevant documents from a trusted corpus, such as financial reports, regulations, or market
filings. The generated answer is then conditioned on these documents, allowing human auditors to
verify the source of each statement.

The second part of this thesis investigates grounded generation for financial data, including
visually rich documents that combine text, tables, and charts. It introduces methods for document
annotation, evidence attribution, retrieval, and summarisation that improve both retrieval accuracy
and answer faithfulness. Retrieval-Augmented Generation (RAG) is employed as a principal method
to condition outputs on audited sources, with domain-adapted retrievers and summarisation steps
tailored to financial corpora. Empirical results show that grounded generation substantially reduces
hallucination rates and increases factual precision, enabling verifiable AI-assisted financial analysis.

Grounded generation thus forms the second layer of transparency: it links model outputs to
external evidence, turning black box generation into traceable reasoning that can be independently
verified.

1.2.3 Mechanistic Interpretability: Understanding the Model’s Inner
Workings

While XAI and grounded generation focus on external transparency, explaining or grounding out-
puts, mechanistic interpretability aims for internal transparency: understanding how neural
networks implement specific computations [93, 89]. This emerging field investigates whether we
can identify interpretable circuits, neurons, or subspaces corresponding to meaningful concepts,
operations, or reasoning patterns.

In the financial domain, such understanding could allow us to trace how models perform numer-
ical comparisons, parse tabular data, or reason over symbolic rules. The third part of this thesis
explores experimental techniques for probing transformer-based models, including logit lens and ac-
tivation patching. These methods help identify mechanistic structures responsible for reasoning-like
behavior, such as induction heads.

Mechanistic interpretability provides the final layer of transparency, extending reliability from
the level of outputs to the architecture itself. It enables researchers and practitioners to not only test
what a model predicts or generates, but to understand how it reaches those outcomes, a prerequisite
for truly trustworthy AI.

4
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1.3 The Transparency Stack

This thesis treats transparency and reliability as interdependent foundations for trustworthy finan-
cial AI. Transparency denotes the extent to which a system’s reasoning, evidence, and mechanisms
are intelligible and traceable to human stakeholders, encompassing algorithmic interpretability, pro-
cedural clarity, and epistemic traceability [36, 84]. Reliability denotes the stability, reproducibility,
and faithfulness of those transparent properties across time, context, and perturbations, turning
transparency from a descriptive into a normative standard [52, 3].

The research follows a single methodological continuum that links outputs, evidence, and mech-
anisms.

The three pillars XAI, Grounded Generation, and Mechanistic Interpretability are not isolated
methodologies but components of a transparency stack. Each layer addresses a different dimen-
sion of epistemic access:

� Explainable AI (XAI) provides empirical transparency: understanding model outputs
through measurable explanations.

� Grounded Generation ensures referential transparency: grounding outputs in verifiable
evidence.

� Mechanistic Interpretability delivers causal transparency: uncovering the inner compu-
tational structures that produce behavior.

This layered view echoes the architecture of AI itself, from inputs and outputs to internal
representations. It also establishes a methodological continuity: explainability quantifies what is
seen, grounded generation validates what is said, and mechanistic interpretability explains what is
done internally. Together, these levels form a coherent framework for transparent and reliable AI.

Other dimensions of trustworthy AI in finance fall outside the perimeter of this thesis. These
include fairness and non-discrimination; privacy and data protection; robustness and adversarial
resilience; model risk management and governance; and sustainability and computational efficiency.
These aspects are acknowledged where relevant, but their technical development and evaluation are
not treated as core contributions.

1.4 Research Questions and Contributions

This thesis addresses the overarching research question:
How can AI systems be designed, evaluated, and interpreted to ensure transparency and reliability
in high-stakes financial environments?

This question is decomposed into three specific research questions corresponding to each pillar
of the transparency stack:

� RQ1 (XAI): How can we quantitatively evaluate the faithfulness, stability, and usability of
explanation methods in financial prediction tasks?

� RQ2 (Grounded Generation): How can generative AI systems for financial document
analysis be grounded in verifiable sources to reduce hallucinations and improve reliability?

5
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� RQ3 (Grounded Generation): How can retrieval-augmented generation pipelines be adapted
to the structural and multimodal characteristics of financial documents?

� RQ4 (Mechanistic Interpretability): What internal mechanisms enable transformer-
based models to perform structured reasoning tasks relevant to financial data, such as table
lookup and numerical reasoning?

The main contributions of this thesis are:

� Quantitative metrics for evaluating explanation quality, including Effective Compactness and
Rank Quality Index, validated on financial use cases and presented in Chapter 3.

� An extensive benchmarking and guideline framework for selecting XAI methods in fraud
detection and credit scoring tasks, described in Chapter 3.

� A retrieval-augmented generation pipeline tailored to financial documents, supporting referen-
tial transparency and reducing hallucinations in LLM outputs, developed across Chapters 4, 5,
and 6.

� Mechanistic analyses of transformer models that provide empirical evidence of how specific
internal components support table lookup and structured reasoning, reported in Chapter 7.

� A benchmark dataset and evaluation setup for question answering over financial documents,
introduced in Chapter 6.

� A conceptual framework for transparency in financial AI, the transparency stack, integrating
Explainable AI, Grounded Generation, and Mechanistic Interpretability, articulated in this
Introduction and consolidated in Chapter 2.

1.5 Structure of the Thesis

The remainder of this work is organised as follows:

� Chapter 2 provides the theoretical and technical background for the three pillars of this
thesis, introducing foundational concepts in explainability, retrieval-augmented generation,
and mechanistic interpretability.

� Part I (Chapter 3) introduces a quantitative framework for evaluating explainability methods,
establishing metrics that operationalise faithfulness and stability across financial prediction
tasks.

� Part II (Chapters 4, 5, 6) explores Grounded Generation for financial question answering,
presenting novel architectures and benchmarks that ensure output traceability and faithfulness
to source documents.

� Part III (Chapter 7) investigates Mechanistic Interpretability in transformer models, demon-
strating how internal circuits can be identified and analysed to reveal the model’s computa-
tional mechanisms.

6



Chapter 1. Introduction 1.5. Structure of the Thesis

In summary, this thesis argues that transparency must evolve from a rhetorical demand into a scien-
tifically measurable property, and reliability must be understood as the stability of that transparency
across the full lifecycle of AI systems. By bridging empirical evaluation, grounded reasoning, and
mechanistic analysis, this work seeks to contribute to the creation of AI systems whose decisions,
and decision-making processes, can be trusted.

7



Chapter 2

Background

The evolution of Artificial Intelligence (AI) has been marked by a dual pursuit: achieving ever-
higher performance while maintaining the interpretability necessary for human understanding. In
regulated and high-stakes environments such as finance, interpretability is not optional but foun-
dational. The capacity to understand, verify, and control model behavior determines not only
institutional trust but also legal compliance and ethical accountability. This chapter provides the
theoretical and methodological background for the three pillars of this thesis: Explainable AI
(XAI), Grounded generation, and Mechanistic Interpretability; which together define a
multi-layered framework for transparent and reliable AI.

2.1 Explainable AI (XAI)

This section provides the foundational understanding of XAI necessary for appreciating the technical
contributions and experimental evaluations presented in the chapter 3 of this thesis.

2.1.1 What XAI is and why it exists

Machine Learning (ML) systems often behave as opaque “black boxes”, making their internal deci-
sion processes difficult to follow. Explainable Artificial Intelligence (XAI) augments model outputs
with human-interpretable information so that practitioners and domain experts can understand,
trust, debug, and govern ML systems, especially in high-stakes domains such as finance. More
broadly, XAI denotes the body of methods and principles that make complex models intelligible to
human stakeholders [23, 36, 84]. Its rise reflects a persistent tension between the growing accuracy
of modern ML (especially deep learning) and the opacity of their internal reasoning, often framed
as a tension between accuracy and interpretability [67]. XAI encompasses three common axes:
(i) ante-hoc versus post-hoc (intrinsically interpretable models versus explanations of trained
black boxes), (ii) local versus global (per-instance versus model-wide), and (iii) model-aware
versus model-agnostic (leveraging internals such as gradients versus treating the model purely
via queries). In practice, most explainers are post-hoc and local, while model-aware and model-
agnostic families are both well populated. Explanation forms vary considerably, notably feature
attributions, counterfactuals, and rules; methods target different data types (tabular, images,

8



Chapter 2. Background 2.1. Explainable AI (XAI)

text, and graphs) and machine learning tasks [11, 46]. Chapter 3 focuses specifically on post-hoc,
local explanations applied to trained black-box models across tabular classification, regression, and
anomaly detection tasks.

2.1.2 Explainability in Financial Applications

In the financial sector, the demand for explainability arises not only from ethical considerations
but also from a complex network of legal, regulatory, and operational requirements. Unlike many
other application domains, financial decision-making directly affects individuals’ access to credit,
insurance, and investment opportunities, thereby raising concerns of fairness, accountability, and
consumer protection. Consequently, financial institutions are expected to justify and document the
logic behind algorithmic decisions, particularly when these decisions influence rights, obligations,
or market positions [12, 124].

Regulatory Imperatives. The European Union’s General Data Protection Regulation
(GDPR) (Article 22) grants individuals the right not to be subject to decisions based solely on
automated processing when such decisions have legal or similarly significant effects. This provision
implicitly embeds an explainability requirement: affected individuals must be able to receive “mean-
ingful information about the logic involved” in automated decision-making. In practice, this entails
providing clear and intelligible explanations of the main factors influencing algorithmic outcomes,
such as credit approval or risk assessment.

The forthcoming EU AI Act extends these obligations by explicitly classifying AI systems
used in finance, including credit scoring, portfolio management, and fraud detection, as high-risk
applications. For such systems, the Act mandates requirements related to transparency, robustness,
and human oversight [27]. Specifically, Article 13 of the Act stipulates that high-risk AI systems
must be “sufficiently transparent to enable users to interpret the system’s output and use it ap-
propriately.” This legal framing transforms interpretability from a technical desideratum into a
regulatory obligation.

Financial supervisory authorities have adopted similar positions. The European Banking
Authority (EBA) emphasizes transparency and auditability as key principles in its Report on
Big Data and Advanced Analytics [26], recommending that model developers document data prove-
nance, algorithmic design, and explanation processes throughout the model lifecycle. Likewise, the
European Central Bank (ECB) highlights the importance of explainability for model validation
and stress testing in its supervisory expectations for banks using AI-driven risk models. Together,
these frameworks create a multi-level regulatory environment where explainability is central to
compliance, governance, and public accountability.

Ethical and Societal Dimensions. Beyond compliance, explainability in financial AI is grounded
in broader ethical concerns. Decisions affecting access to credit, insurance, or investment inher-
ently carry distributive consequences. Uninterpretable models risk reinforcing systemic biases in
datasets, leading to unfair or discriminatory outcomes [6]. Transparent explanations enable both
internal and external stakeholders to detect, question, and correct such biases. They also facilitate
public trust, which is essential in maintaining confidence in financial institutions and markets. From
this perspective, explainability functions as an ethical safeguard that complements traditional risk
management frameworks.
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Operational and Strategic Motivations. Explainability is also instrumental from an opera-
tional standpoint. Financial institutions operate under strict model risk management standards,
such as the Basel III framework and the Principles for the Effective Management and Supervision
of Model Risk issued by the Basel Committee on Banking Supervision (BCBS). These guidelines
require that model performance, assumptions, and limitations be continuously monitored and doc-
umented. In this context, explainable AI supports:

� Model validation, by enabling quantitative assessment of feature contributions and sensi-
tivity analysis;

� Auditability, by providing traceable evidence of decision logic for internal and external
review;

� Operational resilience, by allowing early detection of model drift, instability, or concept
shift;

� Knowledge transfer, by facilitating communication between data scientists, risk officers,
and regulators.

Hence, explainability operates not only as a compliance mechanism but also as a driver of
institutional efficiency and risk governance. By making model behavior interpretable, organizations
can better align AI-driven processes with existing financial regulation and human expertise.

Quantitative Explainability as a Compliance Enabler. Despite these imperatives, most
financial institutions still rely on heuristic or qualitative assessments of model interpretability.
Explanations are often generated ad hoc and lack standardized evaluation criteria, making them
insufficient for formal auditing. This thesis addresses this gap by introducing a set of quantitative
metrics: Effective Compactness (EC), Rank Quality Index (RQI), Stability (STB), and Time (T);
that enable objective measurement of explanation quality. By operationalizing transparency in
measurable terms, these metrics provide a methodological bridge between regulatory principles and
technical implementation.

2.1.3 Technical Overview of Explainable AI Methods

This section provides a comprehensive overview of key explainable AI (XAI) methods, organized
by explanation form. These methods are foundational in explainable AI research, enabling under-
standing of complex ML models through diverse algorithmic paradigms, and they are the methods
systematically evaluated in Chapter 3. Before detailing specific algorithms, it is useful to fix termi-
nology around explanation forms. Table 2.1 summarizes three canonical forms for tabular settings:
rule-based, attribution, and counterfactuals, with simple, concrete examples. Rules express suf-
ficient conditions that ”anchor” a prediction; attributions quantify per-feature contributions for
a single instance; counterfactuals propose minimally changed alternatives that flip the outcome.
The remainder of this section follows this taxonomy: attribution methods are presented first (e.g.,
LIME, SHAP variants, gradient-based approaches), followed by rule-based explanations (Anchors),
and then counterfactuals (MACE).
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Method (abbr.) Explanation / Example (Tabular data)

Rule-Based (RB) A set of premises that a record must satisfy to meet the rule’s consequence.

Example: r ∶ Education ≤ College⇒ Income ≤ 50k.

Attribution A vector containing one value per feature; each value indicates the fea-
ture’s importance for the classification.

Counterfactuals
(CF)

The user is provided with examples similar to the input query but with
a different class prediction.

Example: q ∶ Education < College ⇒ Income ≤ 50k; c ∶ Education ≥
Master⇒ Income ≥ 50k.

Table 2.1: Examples of explanations divided for different explanation forms.[11]

Attribution Methods

LIME [110] (Local Interpretable Model-Agnostic Explanations) locally approximates a black-box
model using an interpretable surrogate model. By generating perturbed samples near a point of
interest and fitting a weighted interpretable model, LIME captures local behavior, optimizing:

argmin
g∈G

L(f, g, πx) +Ω(g)

where:

� f is the original complex model.

� g is the interpretable model (e.g., a linear model).

� πx is the locality measure, assigning weights to perturbed samples based on their proximity
to the instance x.

� L is the loss function measuring the fidelity of g in approximating f .

� Ω(g) is a regularization term ensuring the simplicity of the interpretable model.

Advantages. LIME is model-agnostic, meaning it can be applied to any predictive model regardless
of architecture, which makes it highly versatile [110]. It provides local interpretability by producing
explanations specific to individual predictions, aiding the understanding of complex model decisions.
It is also flexible across data modalities, including tabular data, images, and text.
Limitations. Despite its strengths, LIME can be unstable, with explanations varying under dif-
ferent perturbation seeds or sampling, reducing reliability. It depends heavily on synthetic pertur-
bations that may not reflect the true data distribution, and it can be computationally expensive on
large datasets or complex models due to the many model evaluations on perturbed samples [46].

SHAP [75] (SHapley Additive exPlanations) is a unified framework for interpreting machine
learning models by computing feature attributions based on cooperative game theory. It provides
a mathematically rigorous approach to explain individual predictions by quantifying each feature’s
contribution to the difference between the current prediction and the expected model output [75].
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SHAP is grounded in Shapley values from cooperative game theory, where the “game” is the
prediction task and “players” are the input features. The core principle is to fairly distribute the
prediction among features based on their marginal contributions across all possible coalitions [75].

SHAP represents explanations as an additive feature attribution method, expressed as a linear
model:

g(z′) = ϕ0 +
M

∑
j=1

ϕjz
′
j

where:

� g is the explanation model,

� z′ = (z′1, . . . , z′M)T ∈ {0,1}M is the coalition vector (1 = feature present, 0 = feature absent),

� M is the maximum coalition size,

� ϕj ∈ R is the SHAP value (feature attribution) for feature j,

� ϕ0 represents the baseline/expected model output E[f̂(X)].

The SHAP values are computed using the classical Shapley value formula:

ϕj = ∑
S⊆F∖{j}

∣S∣!(∣F ∣ − ∣S∣ − 1)!
∣F ∣!

[fx(S ∪ {j}) − fx(S)]

where:

� F is the set of all features,

� S is a subset of features not including feature j,

� fx(S) is the expected model output given features in set S.

SHAP satisfies three fundamental properties that uniquely determine additive feature attribu-
tions [75, 86]:

1. Local Accuracy (Efficiency):

f̂(x) = g(x′) = ϕ0 +
M

∑
j=1

ϕjx
′
j

The explanation model matches the original model output when all features are present.

2. Missingness:
x′j = 0⇒ ϕj = 0

Missing features receive zero attribution.

3. Consistency: If a feature’s marginal contribution increases across all coalitions when moving
from model f to model f ′, then its SHAP value should also increase or remain the same.

Specialized algorithms for computing SHAP values include KernelSHAP, TreeSHAP, and DeepSHAP,
each tailored to different model types and computational considerations:
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KernelSHAP [75] is a model-agnostic method, meaning it can be used with any machine learning
model. It approximates SHAP values using a weighted linear regression on perturbed samples of the
input data, where features are systematically included or excluded to estimate their contribution
to the prediction. While flexible, KernelSHAP can be computationally expensive, especially for
models with many features, because it requires many model evaluations to estimate the values
accurately.

TreeSHAP [76] is a specialized algorithm for tree-based models that computes exact SHAP
values efficiently [76, 74]. Instead of evaluating all 2M possible coalitions, TreeSHAP leverages the
tree structure to compute expectations over feature subsets recursively. TreeSHAP uses dynamic
programming to efficiently compute the contribution of each feature by traversing the decision paths
in the tree ensemble, resulting in polynomial time complexity O(TLD2) where T is the number of
trees, L is the number of leaves, and D is the maximum depth of the trees.

TreeSHAP supports two variants:

� Interventional TreeSHAP (marginal): Computes Shapley values under an interventional
distribution that breaks feature dependencies, taking expectations over marginal feature val-
ues from a background dataset. This is “true to the model”: features never used by the trees
receive zero attribution (satisfies the Dummy axiom), and importance reflects the model’s
response to controlled interventions. Caveat: it may evaluate off-manifold feature combina-
tions, which can be less intuitive in highly dependent data [14]. In practice, it requires a
background dataset (or synthetic baselines) to take expectations.

� Path-dependent TreeSHAP (observational): Uses conditional expectations along tree
paths, preserving empirical correlations. This is “true to the data” and stays on-manifold,
but can assign credit to proxy/correlated features (including ones unused by the model),
potentially violating Dummy and making attributions dataset-dependent [14]. A practical
advantage is that it can operate without an external background dataset by relying on the
tree’s internal training statistics.

DeepSHAP [15] generalizes SHAP to neural networks by combining Shapley value theory with
DeepLIFT’s layerwise relevance propagation rules. It backpropagates attributions across layers
relative to a reference (baseline) input by comparing each neuron’s activation to its baseline acti-
vation, composing local contributions to approximate global Shapley values[15, 116]. In practice,
DeepSHAP uses a small background set to estimate expectations and scales efficiently on deep
architectures, avoiding the heavy sampling of model-agnostic methods like KernelSHAP.

Integrated Gradients [120] (IG) core idea is to measure how much each input feature contributes
to the model’s output by accumulating gradients along a straight path from a baseline input (such
as a black image or zero vector) to the actual input. This approach addresses the limitations of
simple gradient methods, which can be misleading due to issues like gradient saturation (where
gradients become very small and uninformative near the input). For each feature i, the integrated
gradient is defined as:

IGi(x) = (xi − x′i)
w 1

0

∂F (x′ + α(x − x′))
∂xi

dα

where x is the input to be explained, x′ is the baseline input (e.g., all zeros), F is the model
prediction function, and α is a scaling parameter[120].
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IG can be applied to any differentiable model and it satisfies desirable properties such as com-
pleteness, meaning the attributions sum up to the difference between the model’s output for the
actual input and the baseline.

Some limitations are that the results are sensitive to the choice of baseline input: an inap-
propriate baseline may yield misleading attributions. Furthermore, IG requires multiple model
evaluations for different interpolated inputs, making it computationally expensive for large models
or high-dimensional data [46].

Saliency [117] is one of the simplest and most intuitive post-hoc interpretation techniques for
neural networks, particularly in the context of deep learning models [117]. The main idea is to use
the gradient of the model’s output with respect to the input features to identify which parts of the
input are most influential in the model’s prediction.

The core idea is to use the gradient of the model’s output with respect to the input features
to identify important regions. Mathematically, given a neural network f(x) and an input x, the
saliency map S(x) for class c is defined as

S(x) = ∣∂fc(x)
∂x

∣ ,

where:

� fc(x) is the output of the model for class c;

�
∂fc(x)
∂x

is the gradient of the output with respect to the input x.

This gradient indicates how sensitive the output fc(x) is to changes in each input feature xi.
Features with higher gradient magnitudes are deemed more important for the prediction.

Saliency maps are easy to compute and understand, providing immediate insights into model
behavior. Moreover, they can be applied to any differentiable model. However, saliency maps can
be noisy and may highlight irrelevant features, especially in high-dimensional inputs. They also
suffer from gradient saturation issues, if the model’s output is saturated, the gradient values may
be close to zero, making the saliency map less informative [46].

Input×Gradient [116] is a simple feature attribution method where the importance of each input
feature is estimated by multiplying the value of the input feature by the gradient of the model’s
output with respect to that input [116]. For a model F and input x, the attribution for feature i is:

Attributioni = xi ⋅
∂F (x)
∂xi

This method highlights features that both have a large value and to which the model is sen-
sitive (as indicated by the gradient). It is computationally efficient and provides a first-order
approximation of feature importance, but can be limited by issues like gradient saturation (as other
gradient-based methods like Saliency).
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Deconvolution [137] (often called ”deconvnet” or ”deconvolutional network”) is a visualization
technique introduced in [137]. It is designed to help interpret the internal representations learned by
convolutional neural networks (CNNs). The core idea is to project feature activations from a given
layer of a trained CNN back into the input pixel space, effectively ”inverting” the operations of the
network. This is done by reversing the sequence of operations (such as convolution, pooling, and
non-linearities) to reconstruct an approximate image that highlights which parts of the input most
strongly activate a particular feature map or neuron. Although originally proposed for convolutional
architectures, the deconvnet backward rule constitutes a local modification of backpropagation at
ReLU gates and does not rely on convolutional structure; consequently, the same rule is applied in
Chapter 3 to the ReLU-MLP to obtain explanations for tabular inputs and to provide a consistent
gradient-based baseline across architectures.

Occlusion [137] systematically masks small patches of the input and observes prediction changes,
producing saliency maps highlighting influential elements. This approach is model-agnostic but can
be computationally expensive[137].

COIN [69] (Contextual Outlier Interpretation) is a model-agnostic framework proposed to provide
interpretable explanations for outliers detected by anomaly detection systems. COIN explains why
the instance was considered an outlier, examining its features and its relationship to surrounding
(normal) data points.

Operationally, for each detected outlier x∗, COIN first identifies a local context by retrieving
its nearest normal neighbors, thereby capturing the immediate data distribution against which x∗

should be compared. Within this context, it learns a simple and interpretable decision boundary,
typically a sparse linear classifier or a shallow decision tree, that separates the outlier from its
neighbors. The learned coefficients or split conditions directly reveal which features are most
abnormal for that specific instance. When the neighborhood is heterogeneous, COIN decomposes
the context into multiple subclusters and analyzes each subregion separately, producing fine-grained
explanations that respect local structure rather than imposing a single global rationale. Finally, it
assigns an outlierness score grounded in margins of separation and supports refinement with prior
domain knowledge by reweighting or constraining attributes [69].

ACE [141] (Anomaly Contribution Explainer) is a model-agnostic method to explain anomaly
scores generated by anomaly detection models. It was developed particularly for cyber-security
applications. The primary goal of ACE is to provide feature-level attributions, showing which
features contribute most to an instance being flagged as an anomaly. Concretely, ACE builds
a local linear surrogate around the queried anomalous instance. It samples small perturbations
(“neighbors”) of the anomalous instance, queries the black-box detector to obtain the corresponding
anomaly scores, and fits a weighted linear regression to mimic the local behavior of the black-box
model. The fitted coefficients are interpreted as feature contributions. To report only supporting
evidence for abnormality, ACE applies a softplus transformation to each weight, softplus(wj) =
log(1 + ewj), which suppresses negative values and retains positive contributions. Finally, these
transformed contributions are normalised to express each feature’s relative share of the overall
anomaly score for the instance.

DIFFI [13] (Depth-based Isolation Forest Feature Importance) is a model-specific interpretability
method developed to explain the predictions made by Isolation Forest (IF) models. It leverages
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the Isolation Forest (IF) structure, where trees isolate points by recursively splitting on randomly
selected features. In the global setting, DIFFI aggregates evidence across all trees and assigns
higher importance to features that repeatedly contribute to isolating anomalous points near the
root and that create strong child-node imbalances. To quantify how “isolating” a split is, DIFFI
introduces the Induced Imbalance Coefficient (IIC): a split has a high IIC when one child receives
very few samples (ideally a single instance), exactly the behaviour IF exploits to single out rare
outliers. A feature’s global score is then accumulated over its occurrences in such valuable splits,
downweighted with depth (shallow splits count more than deep ones) and normalized to correct for
IF’s random feature subsampling and differing opportunities of selection. This yields a comparable,
model-specific global ranking of attributes that most effectively separate outliers from inliers in the
forest [13].

Local-DIFFI applies the same logic to a single prediction. For a given instance, it traces the path
the instance follows in every tree and accumulates per-feature contributions for the splits encoun-
tered along those paths, giving more credit when the instance becomes isolated at a shallow depth
and when the intervening splits have high IIC in that local context. Summing over trees produces
a per-instance importance vector that explains why that particular point is deemed anomalous, in
terms of the features that most directly drove its early isolation in the ensemble [13].

Rule-based Explanations

Anchors [111] is a model-agnostic method designed to provide human-interpretable rules for
individual predictions of complex machine learning models. The core idea is to identify ”anchor”
conditions, sets of feature constraints, such that, if these conditions are met, the model’s prediction
is highly likely to remain unchanged, even if other features vary. An anchor is a rule of the form:
”If these features take these values, then the model will predict this outcome with high probability,
regardless of the values of other features.” To obtain the anchors, anchor perturbs the instance x
obtaining a set of synthetic records employed to extract anchors with precision above a user-defined
threshold. First, since the synthetic generation of the dataset may lead to a massive number of
samples anchor exploits a multi-armed bandit algorithm. Second, since the number of all possible
anchors is exponential anchor uses a bottom-up approach and a beam search [111, 11, 86].

Counterfactual Explanations

MACE [134] (Model-Agnostic Counterfactual Explanation) is a framework that generates coun-
terfactual explanations. The method aims to explain model decisions by identifying minimal feature
changes that would alter a prediction, such as “if income were above $50,000, the loan would have
been approved.”

MACE is designed to work with both differentiable and non-differentiable models (e.g., XGBoost
or random forests) and to handle categorical features effectively without assuming continuity. It
achieves this through a four-stage pipeline:

1. Counterfactual feature selection: identifies influential features and possible value changes
using k-nearest neighbor search.

2. Counterfactual feature optimization: uses a reinforcement learning (RL)-based algorithm
(REINFORCE) to generate candidate counterfactuals that optimize validity and sparsity.
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3. Counterfactual example selection: chooses diverse and proximate counterfactuals to ensure
variety and interpretability.

4. Continuous feature fine-tuning: applies a gradientless descent method to refine numerical
feature values for better proximity and realism.

The diversity of these methods illustrates the nuanced nature of interpretability, addressing
transparency needs across models, input types, and application domains.

Table 2.2: Classification of Explainable AI Methods by Key Taxonomy and Task Type

Method
Model-aware
or Agnostic Explanation Form Task Type

Anchors Agnostic Rules Classification

MACE Agnostic Counterfactuals Classification

LIME Agnostic Attribution
Classification,
Regression

KernelSHAP Agnostic Attribution
Classification,
Regression, Anomaly
detection

TreeSHAP Aware (Tree) Attribution
Classification,
Regression

DeepSHAP Aware (NN) Attribution
Classification,
Regression

Integrated Gradients Aware (NN) Attribution
Classification,
Regression

Saliency Aware (NN) Attribution Classification

Input×Gradient Aware (NN) Attribution Classification

Deconvolution Aware (NN) Attribution Classification

Occlusion Agnostic Attribution Classification

ACE Agnostic Attribution Anomaly detection

DIFFI Aware (IsoForest) Attribution Anomaly detection

COIN Agnostic Attribution Anomaly detection

Table 2.2 summarizes these methods along key taxonomy dimensions and their supported task
types.

2.1.4 Why evaluating explainability methods is essential

Despite the proliferation of XAI techniques, there is no universal agreement on what constitutes
a “good” explanation. Many works enumerate desirable properties (faithfulness, stability, simplic-
ity) [91], yet operational definitions that practitioners can compute are often missing. In practice,
engineers must choose among many explainers without quantitative guidance, risking degraded
trust, misleading narratives, or unacceptable latency. In regulated domains, explainability also in-
tersects with compliance and risk management (e.g., transparency and accountability requirements),
further motivating standardized, quantitative evaluation [118].

Existing libraries and benchmarks (often classification- or image-centric) provide valuable pieces
but typically constrain comparisons to a single task or explanation family [85]. Chapter 3 con-
tributes a unified, minimal metric set and a cross-task, cross-explanation benchmark focused on
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tabular settings central to finance, along with concrete practitioner guidelines (see the 10-step
checklist in Chapter 3).

2.1.5 Related Work

The preceding sections established that XAI methods vary widely in their explanation forms, model
assumptions, and task applicability. This diversity raises a natural question: how should these
methods be compared and selected in practice? This section reviews prior work on evaluating
explainability, focusing on approaches relevant to tabular modelling and financial applications.
The literature broadly divides into two strands: conceptual frameworks that articulate desiderata
for explanations, and practical toolkits that implement quantitative tests for selected explanation
families.

Conceptual Frameworks and Desiderata Several surveys advocate for metric-based system-
atisation of XAI. Longo et al. [72] observe that “what is missing is a set of evaluation metrics for
explainability that are generally applicable across studies, contexts, and settings”. Arrieta et al. [6]
call for “further efforts towards new proposals to evaluate the performance of XAI techniques, as
well as comparison methodologies among XAI approaches that allow contrasting them quantita-
tively under different application context, models and purposes”. Saeed et al. [112] similarly assert
that “further progress is needed towards evaluating XAI techniques’ performance and establishing
objective metrics for evaluating XAI approaches in different contexts, models, and applications”.
Hooker et al. [45] emphasise the importance of building “a framework to empirically validate the
relative merits and reliability of these [explainability] methods”.

In response, multiple studies have proposed lists of desirable explanation properties. Nauta
et al. [91] identify twelve “co-*” properties (Correctness, Completeness, Consistency, Continuity,
Contrastivity, Covariate complexity, Compactness, Composition, Confidence, Context, Coherence,
Controllability). Zhou et al. [143] outline key properties and their relation to evaluation met-
rics, while Lopes et al. [73] propose Clarity, Broadness, Simplicity, Completeness, and Soundness
as computer-centred evaluation criteria. Although these frameworks contextualise explanations
from multiple perspectives, they rarely provide operational implementations, thereby limiting their
practical utility. Other work focuses on human-centred evaluation, examining how explanation
complexity affects users’ ability to learn, understand, and trust AI systems [139].

Practical Toolkits and Benchmarks Complementing conceptual work, several open-source
frameworks operationalise XAI evaluation through quantitative metrics and standardised datasets.

OpenXAI [1] provides a framework for evaluating and benchmarking post-hoc explanation meth-
ods, offering quantitative metrics, a synthetic data generator, diverse datasets, and pre-trained
models. It standardises assessment of faithfulness, stability, and fairness but focuses primarily on
classification tasks.

XAI-Bench [70] introduces a suite of synthetic datasets and a library for benchmarking feature
attribution algorithms, emphasising parametrised data simulation to approximate real-world con-
ditions. However, XAI-Bench is limited to classification tasks and attribution-based explanations.

Quantus [43] is an actively maintained project organising metrics into six categories (Faithful-
ness, Robustness, Localisation, Complexity, Randomisation). It supports attribution-based tech-
niques but focuses predominantly on image classification.
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Gaps and Motivation for This Work The principal limitation of existing benchmarks is their
restriction to a single ML task or explanation type, preventing broader comparison among explain-
ers [60]. Furthermore, the proliferation of proposed properties may create information overload,
requiring practitioners to navigate numerous metrics without clear guidance on prioritisation.

Chapter 3 addresses these gaps by introducing a unified, minimal metric set (Effective Compact-
ness, Rank Quality Index, Stability, and Time) and a cross-task benchmark spanning classification,
regression, and anomaly detection on tabular data. This approach complements existing resources
by enabling systematic evaluation across explanation forms and task types, while providing action-
able guidance for practitioners in regulated domains such as finance.

2.2 Grounded Generation

This section introduces grounded generation as a design principle for controllable, auditable gener-
ative systems, and situates RAG as a canonical realisation within this broader class. This section
provides the foundational understanding necessary for appreciating the technical contributions and
experimental evaluations presented in Chapters 4, 5, and 6.

Large Language Models (LLMs) have demonstrated remarkable generative capabilities, but their
outputs often lack factual reliability when not directly connected to verifiable evidence. Grounded
Generation refers to the paradigm in which a language model produces text explicitly conditioned
on external, trustworthy sources, such as documents, databases, or structured knowledge, rather
than relying solely on its internal parametric memory. The term grounding thus denotes the process
of anchoring generated content in external reality, ensuring that model responses can be verified,
traced, and attributed to concrete sources.

Grounded generation can be viewed as a fundamental shift from purely probabilistic text gener-
ation toward evidence-based reasoning. In this framework, the model is not only trained to produce
fluent language but also constrained to align its statements with retrieved or provided data. This
mechanism provides a bridge between semantic understanding and epistemic responsibility, two
essential conditions for deploying LLMs in high-stakes domains such as finance.

As the next chapters will illustrate, grounded generation serves as the conceptual foundation for
Retrieval-Augmented Generation (RAG), a specific implementation that operationalizes grounding
via information retrieval systems. While grounded generation defines the principle of factually
aligned generation, RAG defines the methodological realization of that principle through retrieval,
embedding, and reasoning modules.

2.2.1 Retrieval Augmented Generation (RAG)

RAG arises at the intersection of information retrieval and conditional text generation. Large
language models exhibit strong fluency and emerging reasoning, yet they may produce confident
statements without evidential support, a behaviour often labelled hallucination [54]. In finance,
where precision, verifiability, and compliance are non-negotiable, this risk is material.

As a grounded generation method, RAG links every answer to retrievable, human-verifiable
sources. Transparency follows from traceability: the system surfaces the specific passages that
informed a response, enabling auditors to inspect evidence and reproduce outcomes. Operationally,
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RAG also decouples knowledge from parameters: updating the index or corpus refreshes model
knowledge without fine-tuning.

What RAG is and why it exists RAG enhances an LLM by conditioning on context retrieved
from an external knowledge base [63]. Given a query, a retriever selects candidate passages, and
the generator produces an answer using the query with those passages. This design improves source
transparency and accountability by exposing which documents support the output, and it mitigates
temporal staleness by allowing immediate incorporation of new material through reindexing. These
properties are well matched to regulated financial workloads that rely on extensive, frequently
updated documentation.

Core RAG Architecture

The standard RAG architecture comprises three fundamental components that work in concert
to deliver enhanced information processing capabilities: knowledge base, retrieval system, and
generation model [29, 34]:

Knowledge Base and Indexing The knowledge base serves as the external repository of in-
formation that augments the LLM’s internal knowledge. This can include structured databases,
document collections, or specialized domain-specific corpora. The knowledge base is indexed using
various embedding techniques to enable efficient semantic search and retrieval operations.

Retrieval System The retrieval component is responsible for identifying and extracting relevant
information from the knowledge base based on user queries. Modern retrieval systems employ both
dense and sparse embedding approaches to capture different aspects of semantic similarity:

� Dense Retrieval: Utilizes neural embedding models that represent text as high-dimensional
vectors, enabling semantic similarity matching even when exact keyword overlap is absent.

� Sparse Retrieval: Employs traditional information retrieval methods such as BM25 and
Term Frequency–Inverse Document Frequency (TF-IDF) that excel at exact keyword match-
ing and terminology-based searches.

� Hybrid Retrieval: Combines dense and sparse approaches using techniques like Reciprocal
Rank Fusion (RRF) to leverage the strengths of both methodologies.

Generation Model The generation component comprises an LLM that synthesises retrieved
information with the original query to produce contextually informed responses. The generator
may be implemented using various architectural approaches, including encoder-decoder models or
decoder-only architectures accessed via API endpoints. Chapter 6 experimentally investigates the
performance of instruction-tuned LLMs (e.g., gpt-4o) compared with reasoning LLMs (e.g., OpenAI
o1) within the generator component.

Base LLMs are autoregressive next-token predictors: they generate text left-to-right by esti-
mating the next token conditioned on the previous context, learned from massive corpora via the
next-token objective.
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Instruction-tuned LLMs retain this autoregressive core but, in the assistant setting, are ob-
tained by post-training a pre-trained base model with Supervised Fine-Tuning (SFT) and Reinforce-
ment Learning from Human Feedback (RLHF) on conversational data. Training and deployment
typically proceed as follows (see Figure 2.1 for SFT and RLHF):

1. Pre-training. The model is trained on vast corpora of filtered internet text (often trillions of
tokens, e.g., ∼15 trillion) to minimize next-token prediction loss. The resulting base model is
a general-purpose sequence predictor that can be viewed as a probabilistic, lossy compressor
of its training distribution (an “internet document simulator”) [102].

2. Supervised Fine-Tuning (SFT). The base model is fine-tuned on curated human–assistant
dialogues that specify desired behaviors (helpful, truthful, harmless), teaching instruction
following, tone, and format [98].

3. Reinforcement Learning from Human Feedback (RLHF). This is the step that follows
SFT. For each prompt, humans rank multiple model-generated responses from best to worst.
These preference rankings are used to train a reward model Rϕ(x, y) that scores candidate
responses. The policy is then optimized to produce high-reward outputs while remaining
close to the SFT policy (e.g., Proximal Policy Optimization (PPO) with a Kullback–Leibler
(KL) divergence penalty). RLHF is especially valuable for subjective or open-ended tasks
(e.g., creative writing, summarization, safe/helpful dialogue) where no single correct answer
exists, yielding assistants that better imitate expert human labelers and behave more inter-
actively [98].

Reasoning models (“thinking” models) extend instruction-tuned assistants with a third train-
ing stage based on Reinforcement Learning (RL). After pre-training and SFT, the policy is further
optimized on verifiable, correctness-centric tasks (e.g., mathematics, programming, formal logic),
encouraging the discovery of reliable multi-step token sequences that actually solve problems, rather
than merely imitating expert style. Empirically, this yields emergent deliberative behaviors such as
planning, hypothesis testing, backtracking, and revision, consistent with a move from fast, pattern-
matching System 1 to deliberate System 2 reasoning [64].

Representative systems include OpenAI’s o1 and o3 families and DeepSeek-R1 [122], which
exemplify RL-driven training and variable test-time compute. In aggregate, such models typically
deliver substantial gains in mathematical and logical reasoning (including multi-step proofs and
symbolic manipulation), notable improvements in code generation and verification via test-based
rewards and verifier-guided search, and better performance on planning and constraint satisfaction
where explicit search and reflection reduce brittle shortcutting.

Practically, relative to classical assistants, these models yield enhanced logical consistency and
faithfulness to verifiable objectives, stronger error detection and self-correction with improved ro-
bustness on tail cases, and a more systematic, stepwise problem-solving approach rather than
surface-level pattern matching.

In this thesis, the term “reasoning model” denotes LLMs that perform this RL stage on verifi-
able tasks and support test-time compute scaling; they are compared against SFT assistants both
conceptually (Table 2.3) and empirically in downstream evaluations.

Mathematical Formulation of RAG

Core Probabilistic Model The generation process in RAG can be formally expressed as mod-
eling the conditional probability distribution [115]:
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Figure 2.1: A diagram illustrating the three steps of our method: (1) Supervised Fine-Tuning (SFT),
(2) Reward Model (RM) training, and (3) reinforcement learning via Proximal Policy Optimisation
(PPO) on this reward model. Figure from [98].

P (y ∣ x) = ∑
d∈C

P (y ∣ x, d) ⋅ P (d ∣ x) (2.1)

where:

� x represents the input query or prompt

� d denotes a retrieved document from the corpus C

� y is the generated response

In practical implementations, this summation is approximated by retrieving the top-k most
relevant documents d1, d2, . . . , dk, yielding the approximated formulation:

P (y ∣ x) ≈
k

∑
i=1

P (y ∣ x, di) ⋅ P (di ∣ x) (2.2)

where d1, d2, . . . , dk are the top-k documents retrieved for x.
This top-k approximation is necessary because summing over the entire corpus C is compu-

tationally infeasible for large document collections; restricting to the most relevant k documents
balances efficiency and retrieval quality.
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Feature Instruction-tuned LLM
(SFT Assistant Model)

Reasoning Model (RL
Thinking Model)

Training Stage Follows pre-training; tuned with
Supervised Fine-Tuning (SFT).

Follows SFT; tuned with
Reinforcement Learning (RL).

Training Data Source Curated datasets of
conversations demonstrating
ideal expert responses.

A large collection of verifiable
practice problems (e.g., math
and code).

Training Goal Imitate human expert behavior
and adopt the persona of an
assistant.

Discover reliable token
sequences that maximize the
chance of getting the correct
final answer.

Internal Process Acts as a straightforward
statistical imitation of a human
labeler.

Exhibits emergent cognitive
strategies and “chains of
thought” by distributing
reasoning across many tokens.

Cognitive Mode (System 1 vs System 2) [64] Fast, intuitive System 1: direct
token-by-token generation;
limited deliberation;
performance driven by pattern
recognition.

Slow, deliberate System 2:
step-by-step reasoning; variable
test-time compute;
self-correction; explicit
chain-of-thought.

Output Style Provides a mimicry of a
well-written expert solution.

Often involves a visible
“thinking process” (e.g.,
re-evaluating steps, trying
different perspectives) before
generating the final answer.

Ideal Use Case General questions, creative
writing, simple knowledge
retrieval, and dialogue.

Difficult problems in math,
coding, and logical reasoning,
where they yield higher
accuracy.

Table 2.3: Comparison between a standard SFT assistant LLM and a reasoning (RL thinking)
model.

This formulation highlights that RAG systems rely on two key probabilistic components: re-
trieval and generation.

The RAG framework decomposes into two fundamental probability estimations:
Retrieval Probability: P (di ∣ x) represents the relevance score of document di given input x,

typically derived from similarity metrics or reranking mechanisms.
Generation Probability: P (y ∣ x, di) models the probability of generating output y condi-

tioned on both the input x and retrieved document di, handled by the language model.

Vector Space Mathematics The knowledge base transformation involves converting textual
content into high-dimensional vector representations through embedding functions:

edoc = fembed(document) (2.3)

equery = fembed(query) (2.4)
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Figure 2.2: A representative instance of the RAG process applied to question answering. It mainly
consists of 3 steps. 1) Indexing. Documents are split into chunks, encoded into vectors, and stored
in a vector database. 2) Retrieval. Retrieve the top-k chunks most relevant to the question based on
semantic similarity. 3) Generation. Input the original question and the retrieved chunks together
into LLM to generate the final answer. Figure from [34].

where fembed represents the embedding model that maps text to Rd space.
The retrieval mechanism relies on cosine similarity as the primary similarity metric:

sim(equery, edoc) =
equery ⋅ edoc
∥equery∥∥edoc∥

(2.5)

For normalized vectors A and B, this simplifies to the dot product:

sim(A,B) = A ⋅B =
d

∑
i=1

Ai ⋅Bi (2.6)

The cosine similarity yields values in the range [−1,1], where:

� 1 indicates semantically identical vectors

� 0 indicates no semantic relationship

� −1 indicates semantically opposite vectors

The retrieval system implements k-nearest neighbor search to identify the most relevant
documents:
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Dretrieved = arg max
d1,...,dk∈C

k

∑
i=1

sim(equery, edi) (2.7)

subject to the constraint that ∣Dretrieved∣ = k.

Advanced RAG Techniques

Contextual Chunk Enrichment Contextual chunk enrichment represents an advancement in
retrieval-augmented generation (RAG) systems designed to address the critical problem of context
loss when documents are segmented into smaller processing units. This technique fundamentally
transforms how information retrieval systems maintain semantic coherence while optimizing com-
putational efficiency [4] .

Contextual chunk enrichment refers to the process of enhancing individual document chunks
by augmenting them with additional contextual information from their surrounding text or parent
document before embedding and indexing. Unlike traditional chunking methods that create isolated
text segments, this approach ensures each chunk retains meaningful connections to its broader
documentary context.

The methodology operates on the principle that smaller units of data are enriched with addi-
tional context to improve retrieval precision while maintaining semantic integrity. This addresses a
fundamental limitation in conventional RAG systems where document fragmentation often results
in ambiguous or incomplete information retrieval.

For example, an original chunk stating ”The company’s revenue grew by 3% over the previous
quarter” would be transformed into: ”This chunk is from an SEC filing on ACME corp’s perfor-
mance in Q2 2023; the previous quarter’s revenue was $314 million. The company’s revenue grew
by 3% over the previous quarter”.

The contextualization process leverages large language models to automatically generate chunk-
specific context. A typical implementation uses prompts that instruct the model to provide concise,
chunk-specific context explaining the chunk within the overall document framework. The resulting
contextual text, usually 50-100 tokens, is prepended to the original chunk before processing.

This technique was implemented in Chapter 6 using the GPT-4.1 model (released in April 2025),
which provides a context window exceeding one million tokens (specifically, 1,047,576), thereby
allowing extremely large documents to be entered into the prompt. However, in some cases this
was not enough to contain the entire document, as some exceeded a thousand pages. To overcome
this limitation, the code was structured to allow the selection of a subset of the original document,
called source content, which includes the chunk in question and its relevant sections. The central
logic for determining which portions of the document to include as source content is based on
the is source content similar function, which evaluates whether two chunks belong to the same
conceptual section. This function analyses the heading hierarchies of the chunks, where the headings
are represented as dictionaries that associate each level with its respective title. The implemented
algorithm goes beyond a simple comparison of equality, also recognising when a set of headings
constitutes a subset of another, a common situation when chunks represent different levels of detail
within the same section of the document. The comparison begins by checking whether the difference
between the depths of the headings exceeds the max level difference threshold, which provides a
quick exclusion of clearly unrelated sections. Next, a “sharing” measure is calculated by identifying
the longest prefix of common headings between the two chunks. The intuition behind this approach
is that chunks with headings such as “Chapter 1 ¿ Section A” and “Chapter 1 ¿ Section A ¿
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Figure 2.3: Contextual Retrieval Preprocessing. Figure from [4].

Subsection 1” should be considered similar, as they belong to the same conceptual area while
representing different levels of detail. The final decision on similarity takes into account whether
the gap between the broader heading structure and the shared portion falls within the acceptable
limits set by the max level difference parameter.

The max level difference value therefore controls the maximum acceptable difference in the
heading hierarchy: the higher the parameter, the greater the difference that will be tolerated. Its
value ranges from 1 to 6; in the maximum case (6), the entire document is considered source content.

When invoking the API to generate the context of a chunk, the length of the prompt is first
checked using the OpenAI tiktoken library. If the prompt is too long compared to the GPT-
4.1 context window, the max level difference parameter is progressively reduced until a source
content is found that, once included in the prompt, ensures compliance with the maximum number
of tokens allowed by the model.

Reranking Reranking represents a critical optimization component within Retrieval-Augmented
Generation (RAG) systems, addressing fundamental limitations of initial retrieval mechanisms [106,
131]. In traditional RAG architectures, the retrieval phase employs fast, scalable methods such as
embedding-based similarity search or keyword matching to identify potentially relevant documents
from large corpora [123]. However, these initial retrieval approaches often prioritize efficiency over
precision, resulting in the selection of documents that may contain semantic noise or fail to capture
nuanced query-document relationships [106, 131].

Reranking introduces a two-stage retrieval paradigm that fundamentally transforms the RAG
pipeline architecture. The enhanced workflow proceeds as follows:

� Stage 1: Candidate Retrieval: A computationally efficient retriever (typically embedding-
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based or BM25) rapidly identifies a larger set of candidate documents (e.g., 25–100 documents)
from the knowledge base, prioritizing recall over precision [119, 123].

� Stage 2: Precision Reranking: A sophisticated reranking model evaluates the semantic
relevance of each candidate document relative to the query, producing refined relevance scores
that enable reordering and filtering to select the most contextually appropriate documents
(typically 3–5 documents) for generation [106, 131].

This architectural separation enables systems to balance computational efficiency with retrieval
quality, as the expensive deep semantic analysis is applied only to a manageable subset of pre-filtered
candidates rather than the entire corpus [34].

The primary objectives of reranking in RAG include:

� Improving retrieval precision by identifying and prioritizing the most relevant documents from
the initial candidate pool [119, 131, 106]

� Filtering out irrelevant or misleading content that could negatively impact generation qual-
ity [131, 101]

� Enhancing answer accuracy by providing the generation model with higher-quality contextual
information [131, 106, 101]

Evaluation Metrics for RAG

Retrieval Evaluation: NDCG@k The retrieval phase is typically evaluated using the Nor-
malised Discounted Cumulative Gain at k (NDCG@k) metric [53, 28], where k can vary (e.g., 1, 10,
20). Here, k is the cutoff in the ranked list: only the top-k retrieved chunks contribute to DCG@k
and NDCG@k (items ranked below k are ignored). In our scenario, for each query submitted to
the RAG pipeline, k chunks are returned. The goal is for at least one of these chunks to contain
the ground truth (when it is actually present) and for the most relevant chunks to be positioned
at the top of the returned list. In this context, NDCG@k compares the ranking returned by the
system with the ideal ranking, in which all relevant items occupy the highest positions.

Practically, k is chosen to match the number of chunks passed to the generator (top-k retrieval).
Small k emphasizes early precision and lower latency; larger k increases recall but may dilute early
ranking quality and raise context costs. Typical choices are k ∈ {1,5,10,20}; for strict extractive
QA one often reports NDCG@1, while for longer answers NDCG@10 or NDCG@20 is common. In
two-stage retrieval (retrieve M candidates, then rerank), evaluation at k assumes k ≤M .

The NDCG@k calculation is obtained by dividing the DCG@k by the IDCG@k (Ideal DCG@k),
which represents the maximum score obtainable by reordering the chunks in an ideal way for the
query in question.

NDCG@k = DCG@k

IDCG@k
(2.8)

Let’s take a closer look at the components of this formula.

� k: Indicates the number of items considered in the ranking (cutoff). If the returned list
contains more than k items, only the first k are considered, both for the actual and ideal
rankings.
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� Relevance score: Each item in the list has a relevance score that reflects how important it
is to appear at the top. In many practical cases, relevance is determined at runtime based
on the ground truth associated with the query. For example, if a chunk contains the correct
answer, it will receive a positive relevance score (e.g., 1), while irrelevant chunks will have a
score of 0. In general, NDCG also allows multiple relevance scores (e.g., 0,1,2, . . .), so it is
suitable for scenarios with different degrees of relevance.

� Cumulative Gain (CG): Cumulative gain is the sum of the relevance scores of the chunks
in the top k places of the returned list:

CG@k =
k

∑
i=1

Gi

where Gi is the relevance score of the element in position i. However, CG does not take into
account the order of the elements, so a list that contains all the relevant elements but places
them at the bottom would have the same CG as one that puts them at the top.

� Discounted Cumulative Gain (DCG): To penalise relevant results that are found in
low positions, each relevance score is divided by a logarithmic factor that increases with the
position in the ranking:

DCG@k =
k

∑
i=1

Gi

log2(i + 1)

The first element is not penalised (since log2(1 + 1) = 1), while the second is divided by
approximately 1.585, and so on. In this way, the relevant results at the top contribute more
to the total score.

It is important to note that the absolute values of DCG depend on both the number of items
evaluated and the distribution of relevance scores. As a result, DCG is not directly comparable
between rankings of different lengths or relevance distributions.

� Ideal DCG (IDCG): This represents the maximum DCG obtainable for the same query
and the same set of relevance scores, obtained by sorting all items in descending order of
relevance.

� Normalised DCG (NDCG): NDCG is therefore the ratio between the DCG actually ob-
tained and the ideal value:

NDCG@k = DCG@k

IDCG@k

The result is a value between 0 and 1, where 1 represents a perfect ranking (all relevant items
are in the highest positions) and 0 represents the absence of relevance in the first k results. In
general, the higher the NDCG, the better the quality of the ranking compared to the ground truth.
Like any metric, NDCG has advantages and disadvantages. Among its advantages are:

� Position sensitivity: NDCG values relevant results positioned at the top, making it suitable
for scenarios where the priority is to show the most important information immediately. This
distinguishes it from metrics such as Precision and Recall, which do not consider order.
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� Flexibility on relevance scores: It can handle binary or numerical relevance scores, making
it suitable for both tasks with simple answers (presence/absence) and more nuanced scenarios
with gradations of relevance.

� Normalisation: Normalisation with respect to IDCG allows for fair comparisons even be-
tween lists of different lengths or relevance distributions.

Meanwhile, the disadvantages:

� Interpretability: The use of the logarithmic factor makes the metric less intuitive than
Precision or Recall, and intermediate values are not always immediately interpretable.

Generation phase: Accuracy In Chapter 6, the generation phase consists in providing the
prompt with: (i) an initial section that explains the role of the model and its context, (ii) the query,
and (iii) the retrieved chunks from which to extract the numerical answer, if present; otherwise,
the model should return a string explicitly stating that the answer is not present in the provided
context.

The performance of the model is measured using the Accuracy metric: for each evaluated row,
a score of 1 is assigned if the ground truth equals the obtained result, or if both are null; otherwise
a score of 0 is assigned. Predictions that differ from the ground truth by an absolute margin not
exceeding 10−2 are treated as equal (for example, 10.01 and 9.99 are both considered equal to 10.00).
The overall score is the arithmetic mean across all evaluated queries:

Accuracy = 1

N

N

∑
i=1

1{ŷi ≈ yi} (2.9)

where N is the number of evaluated queries, ŷi is the predicted value, yi is the ground truth, and
1(⋅) is the indicator function. The relation ŷi ≈ yi holds when both values are exactly equal, both
are null, or ∣ŷi − yi∣ ≤ 10−2.

2.2.2 Related Work

Having established the conceptual and technical foundations of RAG systems, including their archi-
tecture, probabilistic formulation, and evaluation metrics, this subsection reviews existing datasets
and benchmarks for financial question answering that are pertinent to retrieval-augmented genera-
tion. The subsequent analysis examines resources that pair questions with document-grounded an-
swers and, where available, supporting evidence, drawn from financial disclosures. The comparison
emphasises four axes: (i) regulatory and geographic scope, (ii) document modality and structure,
(iii) unit of analysis, task formulation, and reasoning type, and (iv) licensing and openness. This
framing contextualises the dataset released with this thesis, which targets cross-institution evalua-
tion on European regulatory documents and addresses gaps identified in the existing benchmarking
landscape outlined below.

Existing Financial QA Datasets Specialised benchmarks for financial question answering (QA)
have advanced research in this domain. However, existing datasets each capture only a fragment
of the broader landscape. The benchmark proposed is designed to complement these resources
through practitioner-driven construction that reflects real financial workflows, while addressing
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gaps in regulatory coverage, document diversity, and cross-institutional analysis. The following
subsection reviews the principal financial QA datasets and situates the present contribution within
the broader benchmarking ecosystem.

FinDER[19] marks a substantial step forward in financial QA benchmarking, providing 5,703
expert-annotated queries based on real-world financial search tasks. Designed to emulate the am-
biguous and abbreviation-rich queries of finance professionals, FinDER challenges models to retrieve
relevant information from large document collections. However, its scope is limited to U.S. pub-
lic companies’ annual reports. This constraint restricts generalisation to international or multi-
regulatory banking contexts.

FinanceBench [51], comprises approximately 10,000 questions collected from filings of 40 U.S.
public companies spanning the period 2015–2023. Each question is paired with an answer and the
supporting context extracted from financial reports such as 10-K and 10-Q filings. Although com-
prehensive for single-company analysis, FinanceBench was not conceived for comparative studies
across institutions, a critical capability for retrieval-augmented generation (RAG) systems employed
in financial benchmarking and regulatory oversight. Furthermore, only a subset of 150 examples is
publicly available, constraining its accessibility for open research.

Complementing these efforts, the RAG Benchmark (Apple-10K-2022) [65] provides a fo-
cused dataset constructed from Apple’s 10-K SEC filings for 2022. It consists of 100 query–response
pairs with accompanying contextual information, serving as a targeted testbed for evaluating RAG
models on single-institution financial disclosures.

Two additional datasets, TAT-QA [144] and FinQA [17], extend the focus toward hybrid
and numerical reasoning. TAT-QA contains approximately 2,800 hybrid contexts combining semi-
structured tables and textual paragraphs, associated with roughly 16,500 financial questions. This
design enables the evaluation of models that integrate textual and tabular data in complex reason-
ing tasks. FinQA, in turn, comprises around 2,800 financial reports yielding approximately 8,000
question–answer pairs, specifically targeting numerical reasoning over both structured and unstruc-
tured texts. Together, these datasets have been pivotal in advancing research on hybrid financial
reasoning.

Building upon FinQA, ConvFinQA [18] introduces a conversational dimension to financial
QA. It consists of 3,892 dialogues encompassing 14,115 questions, drawn from 10-K and 10-Q
company reports. The dataset includes both simple conversations, generated by decomposing single
multi-hop questions, and hybrid conversations, obtained by merging multiple reasoning chains.
Each interaction was crafted by annotators with financial expertise, thereby enhancing realism and
supporting the study of multi-turn reasoning in financial contexts.

Finally, HC3 Finance [42], a specialised subset of the broader HC3 dataset, evaluates model
performance through direct comparison between human-generated answers and those produced
by ChatGPT. This resource provides insights into the relative strengths and weaknesses of large
language models when confronted with domain-specific financial questions. Table 2.4 presents a
comparison of the dataset with existing financial and reasoning-oriented benchmarks, highlighting
distinctive characteristics and contributions of each resource.

Dataset’s Contribution Existing financial QA benchmarks exhibit several limitations: they
predominantly focus on U.S. regulation, omit European banking standards such as Basel III Pillar
3 disclosures, and favour single-institution analysis rather than cross-bank comparisons, thereby
reducing utility for analysts and regulators. Many benchmarks prioritise academic concerns over
professional workflows, which diminishes ecological validity. The present benchmark addresses
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Table 2.4: Comparison of financial and reasoning-oriented datasets used in retrieval and question
answering tasks.

Dataset Description
Publication

year
Number of
elements

Open-
source

Ours
The dataset consists of 999 rows
concerning financial indicators
(2019–2023) with ground-truth values.

2026
999 lines,

209 documents
Y

FinDER

Expert-annotated dataset for
retrieval-augmented generation in
finance: query + evidence + answer
triplets drawn from real-world financial
queries with domain jargon, abbreviations,
and ambiguous search behavior.

2025 5,703 Y

RAG benchmark
(Apple-10K-2022)

Benchmark for Retrieval-Augmented
Generation in finance: 100 query–
response–context triples from
Apple’s 2022 10-K filing.

2024 100 Y

FinanceBench

Open-book financial QA benchmark:
10,231 questions about publicly
traded companies with answers
and supporting evidence.

2023 10,231
N (only 150
examples
public)

TAT-QA
Tabular And Textual QA over
hybrid contexts (text + tables)
in financial reports.

2021

16,552
questions

across 2,757
hybrid contexts

Y

FinQA

Numerical reasoning over financial
reports combining structured tables
and unstructured text with
annotated reasoning programs.

2021

8,281 QA
pairs across

2,789 financial
reports

Y

ConvFinQA

Conversational financial QA with
multi-turn dialogues requiring
numerical reasoning over
company reports.

2022

3,037 train /
421 dev /
434 test

(conversation
level)

11,104 train /
1,490 dev /
1,521 test
(turn level)

Y

HC3 Finance

Human–ChatGPT comparison corpus
in finance with paired human and
ChatGPT answers to finance-related
questions.

2023 48,644 Y

these shortcomings by incorporating 89 Pillar 3 reports and 120 annual reports from 24 European
banks, enabling systematic, multi-institutional evaluation of RAG systems on regulatory compliance
documents. Constructed in collaboration with financial practitioners, the benchmark targets ten
standardised indicators (for example, the CET1 ratio and asset-class breakdowns).
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Rather than supplanting existing resources, the benchmark complements prior work by filling a
specific methodological gap and facilitates:

� cross-institutional analyses for competitive and regulatory benchmarking;

� assessment of regulatory compliance within the European banking context;

� systematic and reproducible extraction of standardised metrics for professional workflows.

This positioning establishes the benchmark as a substantive contribution to the research ecosys-
tem for robust and comprehensive evaluation of RAG methods in financial question answering.

2.3 Mechanistic Interpretability

2.3.1 What is Mechanistic Interpretability

Definition 2.3.1 (Mechanistic Interpretability). The field of study of reverse engineering neural
networks from the learned weights down to human-interpretable algorithms. Analogous to reverse
engineering a compiled program binary back to source code [87].

Mechanistic interpretability seeks to reverse engineer trained neural networks by identifying
the internal features and circuits that implement task-relevant computations. It treats a model’s
parameters as an executable artefact that can be analysed to recover human-understandable algo-
rithms, much as one would decompile a binary program back to source-level structure [87]. The
basic units of analysis are features, that is directions or neurons encoding concepts, and circuits,
that is connected sets of components whose interactions causally produce specific behaviours. Cen-
tral phenomena include superposition, where more features are represented than dimensions, and
polysemanticity, where units load on multiple unrelated features.

This approach differs from black-box explainability, which focuses on post hoc descriptions of
outputs. Mechanistic interpretability aims at causal accounts of localised computation inside the
network, asking which attention heads, MLP neurons, or pathways are necessary and sufficient for
a behaviour. In practice, it combines descriptive probes with intervention-based tests to support
falsifiable claims about how information is represented, routed, and read out.

The motivation in finance is practical as well as scientific. Regulated deployments require
auditable evidence of how decisions arise, not only narratives about why a prediction might be
plausible. Mechanistic analyses can expose sources of bias, clarify failure modes, and support tar-
geted edits or controls to reduce model risk. Recent studies have begun extending these methods to
financial applications, exploring how circuit-level analysis and attribution can improve transparency
and compliance in large language models used by financial institutions [39, 121]. For example, Gol-
goon et al. (2024) present domain-specific methods for analysing large language models in financial
services, demonstrating empirical techniques for revealing model internals relevant to auditing and
risk assessment [39], while Tatsat & Shater (2025) critically examine the interpretability of LLMs
on financial tasks, offering frameworks and evaluation criteria for moving beyond black-box anal-
ysis [121]. This aligns with governance needs for documented, verifiable mechanisms that can be
tested and monitored over time [8].

Within the transparency stack adopted in this thesis, mechanistic interpretability provides causal
transparency that complements empirical transparency from XAI and referential transparency from
grounded generation. However, it is an emerging field: methods, tooling, and standards of evidence
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are not yet mature, results can be brittle across prompts, datasets, and models, and many claims
rely on toy tasks with uncertain external validity. The thesis therefore adopts a pragmatic objective
to begin studying this area and to contribute initial, domain-relevant evidence by: (i) defining con-
trolled tasks, metrics, and intervention protocols for component-level analysis, and (ii) conducting
empirical case studies that test transfer from simplified circuits to realistic financial artefacts. The
underlying premise is that, if mechanistic accounts scale and stabilise, they could deliver practically
useful outcomes, including auditable causal explanations, targeted model edits, and stronger model
risk controls. This chapter positions the work as a first step toward that goal, clarifying potential,
limits, and requirements for maturity, while acknowledging open challenges such as superposition,
robustness under distribution shift, and shared evaluation protocols for circuit claims.

2.3.2 Transformers as computational systems

A transformer can be viewed as a computational system that maintains a shared state, the residual
stream, while a succession of components read this state and write incremental updates to it. This
read–write perspective is central to mechanistic analysis: each layer decomposes into an attention
sublayer that routes information between positions, and an MLP sublayer that applies local feature
transformations, with both writing back to the same residual channel (see Figure 2.4). Recent mech-
anistic studies [82], demonstrate that the MLP acts as a local key-value store for factual knowledge:
it processes a subject-specific ’key’ to retrieve and inject the appropriate factual ’value’ into the
residual stream, enabling efficient and precise recall and modification of factual associations. Thus,
the MLP is not merely a nonlinear processor, but also a locus for storing and editing knowledge, as
knowledge tuples can be traced to and altered within distinct MLP modules. The final prediction
is obtained by a linear readout (the unembedding), which allows component-wise contributions to
be projected directly into vocabulary space.

The attention mechanism maps tokens to queries (Q), keys (K), and values (V ) and computes
context-dependent mixtures of value vectors. A standard scaled dot-product attention head is [127]

Attn(Q,K,V ) = softmax( QK⊺√
dattn

)V, (2.10)

where dattn is the query/key dimensionality. Multi-head attention runs several heads in parallel
and concatenates their outputs before a learned projection.

Other core components include:

� Token embeddings: learned vector representations of vocabulary items (tokens).

� Positional embeddings: inject order information, e.g., sinusoidal encodings added to em-
beddings [127].

� Add & Norm layers: residual connections and layer normalization around sublayers are used
to help with the vanishing gradient problem during training, and to make the training faster
and more stable.

� Unembedding: maps hidden states back to a distribution over tokens.

An intuitive analogy, taken from McDougall [80], is helpful. Imagine a line of people, one per token
position, each holding a token and maintaining a running note that represents the residual state.
Each person tries to guess the token held by the person in front. Attention heads correspond to
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Figure 2.4: Transformer architecture visualised as a computational system with a shared residual
stream. Figure from [25]

questions that any person may ask of everyone standing behind them: queries are the questions,
keys determine who answers, and values determine what information is passed back to the original
asker. The MLP represents the person’s local processing, in which the current note is inspected,
useful features are detected, and a further update is written (see Figure 2.5).
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Figure 2.5: Analogy for transformer computation as read and write over a shared residual stream.
Figure from [80].

Layer by layer, these edits accumulate in the residual stream. Since the final decision is a linear
readout of the note, parts of the decision can be attributed to the specific edits that produced them.
This operational picture supports the circuit-level analyses used in this thesis, including head-wise
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attribution, activation patching, and path patching within and across layers.
Building on prior work [25], we posit that each attention head can be decomposed into two

distinct circuits, as illustrated in Figure 2.6:

� The Query-Key (QK) circuit determines the routing of information, specifying where to
move information to and from. This circuit answers the question of where to look in the input
sequence. For a given attention head h, this mechanism is mathematically represented by the
matrix product:

W ⊺
E(W

h
Q)⊺Wh

KWE ,

where WE denotes the token embedding matrix, and Wh
Q and Wh

K represent the query and
key matrices, respectively.

� The Output Value (OV) circuit governs the content of the information being moved. This
circuit determines what is moved to the residual stream. For the same attention head h, this
circuit is captured by the matrix product:

WUW
h
OW

h
V WE ,

where WU is the unembedding matrix, Wh
O represents the output weights of the attention

head, and Wh
V is the value matrix.

In this formulation, the embedding and unembedding processes are encapsulated by WE and
WU , respectively, while the internal operations of the attention head are mediated by its query, key,
value, and output matrices. A detailed analysis of these circuits, specifically for transformers with
no more than two layers and without MLP sublayers, is provided in [25].

2.3.3 Circuit discovery

This subsection outlines principles and tools for discovering circuits in transformer models, with
emphasis on controlled algorithmic tasks that support causal analysis [21]. Circuit formation has
been used to account for grokking, the delayed transition from overfitting to generalisation after ex-
tended training, in small transformers trained on arithmetic, and to contextualise putative emergent
abilities in larger language models [89, 47].

The approach followed here adopts the methodology of [130], which uses algorithmic tasks
to elicit identifiable computations that carry over to applied settings. The focal task is Indirect
Object Identification (IOI) evaluated on GPT-2 Small [107], a 12-layer model with approximately
80 million parameters. Given a sentence such as “When Mary and John went to the store, John
gave a drink to . . . ”, the correct continuation is “Mary”, not “John”. In [130], a computational
subgraph comprising 26 attention heads is identified as responsible for the IOI behaviour. These
heads are grouped into seven functional categories, including “duplicate token heads” that detect
repeated names.

Synthetic IOI instances are generated from templated prompts [130, 129]; for example:

� “When [B] and [A] got a [OBJECT] at the [PLACE], [B] decided to give the [OBJECT] to
[A].”

Names are sampled from a curated list of English first names; places and objects are drawn from
hand-crafted sets of common terms. The model is evaluated on this prompted dataset, and its IOI
circuitry is analysed mechanistically.

The discovery workflow combines contrastive readouts with causal interventions [81]:
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Figure 2.6: Figure from [25].

� Contrastive logit metric. Next-token probabilities arise from applying softmax to logits.
A sensitive readout for IOI is the logit difference between the correct and contrast names, for
example, logit(Mary) − logit(John).

� Direct logit attribution. To quantify how layers and heads write into the residual stream,
one projects intermediate residuals into the unembedding and computes the logit difference
“as if” subsequent layers were absent. This attributes contribution to specific components
and is implemented in TransformerLens [88, 81].

� Activation patching. Two runs are constructed: a clean run that produces the correct
answer, and a corrupted run that does not. In denoising, an activation from the clean run re-
places the corresponding activation in the corrupted run; the improvement in the contrastive
logit indicates causal importance (see Figure 2.7). In noising, the direction is reversed (cor-
rupted into clean) to test necessity. Operationally, noising studies whether a component is
necessary to maintain performance, whereas denoising studies whether it is sufficient to restore
performance. Patching can target residual stream nodes (pre-, mid-, or post-layer), atten-
tion head outputs, MLP outputs, or decomposed head components (queries, keys, values, or
attention patterns) [81, 82].

� Path patching. Rather than patching node activations, path patching intervenes on interac-
tions between components. Treating nodes as attention heads and edges as couplings mediated
by the residual stream, it replaces the signals carried along hypothesised head-to-head routes
from source tokens to the answer position, thereby attributing behaviour to specific com-
munication chains (see Figure ??). For IOI, a common corruption removes duplicate-name
evidence by randomising the agent names, for example, “When [X] and [Y] went to the store,
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Figure 2.7: Activation patching: the clean run is captured on the left. On the right, an activation
from the corrupted run is patched in the corresponding one from the clean run. Figure from [81].

[Z] gave a drink to . . . ”, while holding other tokens fixed. Restoring only a candidate path
from the clean run tests whether that route is sufficient for correct behaviour [81].

To assess whether a discovered circuit is a reliable explanation for the model’s behaviour, [130]
proposes three criteria:

� Faithfulness: the extracted circuit achieves task performance comparable to the full model
when run with appropriate scaffolding.

� Completeness: the circuit contains all nodes the model uses to perform the task.

� Minimality: all nodes in the circuit are relevant to the task.

These criteria guide the iterative process of proposing, testing, and refining circuits from attribution
through to patching-based validation.

2.3.4 Superposition and polysemanticity

Superposition refers to the regime in which a model represents more than n distinct features using
an n-dimensional activation space. Features continue to correspond to directions, but the set of
interpretable directions is larger than the dimensionality of the space. This overcomplete set of
directions is sometimes described as an overcomplete dictionary [25]. It is not a basis in the linear
algebraic sense because it is not linearly independent. A practical intuition is that the network is
compressing many meaningful features into fewer dimensions, thereby simulating a larger model
with limited capacity.

An immediate consequence is that there does not exist a global, neuron-aligned basis in which
every salient feature corresponds to a single unit. The features-as-neurons view cannot hold exactly

38



Chapter 2. Background 2.4. Unifying Framework

when superposition is present. Interference between features then becomes context dependent: the
same neuron may contribute to different features in different inputs as the local superposition is
resolved by the surrounding computation.

Neuron polysemanticity denotes the observation that a single neuron can respond to multiple
seemingly unrelated features. Empirically, such neurons may activate on disparate clusters, for
example, visual neurons responding both to images of dice and to portraits of poets [37]. Su-
perposition implies polysemanticity because more features than neurons must share units. The
converse does not necessarily hold: a model can exhibit polysemantic neurons while still admitting
an interpretable feature basis that is rotated relative to the standard neuron basis. In such cases,
polysemanticity arises from using a non-standard, but interpretable, set of directions rather than
from capacity-driven superposition.

For analysis, these phenomena motivate methods that operate on directions and circuits rather
than on single neurons, and they encourage the search for sparser, more monosemantic represen-
tations when possible. In the present work, claims at neuron level are treated with caution, and
directional or path-wise attributions are preferred when assessing causal roles within circuits.

In my (extremely biased!) opinion, mech interp is a very exciting subfield of alignment.
Currently our models are inscrutable black boxes! If we can really understand what
models are thinking, and why they do what they do, then I feel much happier about
living in a world with human level and beyond models, and it seems far easier to align
them.

———————————————————————————– Neel Nanda, Google DeepMind [87]

2.4 Unifying Framework

In summary, this chapter has outlined the theoretical foundations underpinning this thesis. Ex-
plainable AI provides measurable interpretability at the model-output level; Grounded Generation
extends transparency to generative reasoning; and Mechanistic Interpretability anchors these per-
spectives in the causal structure of the models themselves. The following chapters build upon this
background to present novel contributions within each of these dimensions, uniting them under a
single objective: to make AI systems in the financial domain not only powerful but also compre-
hensible, verifiable, and trustworthy.
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Chapter 3

Explainability, Quantified:
Benchmarking XAI techniques

This chapter builds on the study “Explainability, Quantified: Benchmarking XAI Techniques” [103],
conducted in collaboration with Alan Perotti, Claudio Borile, Francesco Paolo Nerini, and André
Panisson, CENTAI Institute (Center for Artificial Intelligence), Turin, Italy; and Paolo Baracco,
Anti Financial Crime Digital Hub, Turin, Italy. The work was presented at the International
Conference on Explainable Artificial Intelligence (XAI), 2024, and published as a chapter in “Ex-
plainable Artificial Intelligence” (Springer Nature Switzerland, pp. 421–444). Minor adaptations
and extensions have been made to ensure coherence with the overall thesis.

This chapter addresses the first pillar of the transparency stack, namely Explainable AI, by
operationalising explanation quality through a small set of task-agnostic metrics and a large-scale
benchmark. The goal is to move explanation assessment from ad hoc, method-specific claims
to measurable criteria that support auditing, comparison, and deployment decisions in financial
settings.

The chapter formulates four requirements that explanations should satisfy in practice: faith-
fulness to the model under explanation, parsimony compatible with human scrutiny, algorithmic
reproducibility, and computational tractability. These are instantiated as Effective Compactness,
Rank Quality Index, and Stability. The metrics are designed to compare heterogeneous explanation
families, and to quantify trade-offs that practitioners face when selecting methods for production
pipelines.

A controlled experimental protocol evaluates these metrics across tabular classification, regres-
sion, and anomaly detection. The study spans widely used models, including gradient-boosted trees,
multi-layer perceptrons, isolation forests, one-class support vector machines, and autoencoders. It
covers attribution, counterfactual, and rule-based explainers, with deletion-curve-based evaluation
and repeated trials to characterise variance. The resulting grid yields a comprehensive, model- and
task-level comparison that reflects real operational constraints.

The contributions are threefold. First, a minimal, implementable metric set is proposed that
is applicable across explanation types and predictive tasks. Second, an extensive benchmark is
provided that exposes consistent trade-offs between accuracy, parsimony, stability, and latency,
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thereby informing explainer choice under regulatory and service constraints. Third, the analysis
establishes a quantitative foundation for the subsequent chapters: grounded generation extends
output transparency through evidential linkage, while mechanistic interpretability advances causal
transparency by probing internal circuits. Together, these chapters build the case for transparent
and reliable AI in finance.

The remainder of the chapter introduces the metrics, describes the benchmark design, reports
the empirical results, and discusses implications for model auditing and deployment.

3.1 Metrics for XAI

In this section, three metrics are defined that form a minimal yet complete framework for quan-
titative explanation evaluation, covering the main properties that are desirable for an effective
explanation method: adherence to the inner workings of the explained black-box, comprehensibil-
ity for the human being, and algorithmic reproducibility.

While the notion of evaluating explanation quality has been widely discussed in the XAI liter-
ature, there is no shared or standardized set of quantitative metrics applicable across explanation
types and machine learning tasks. The metrics introduced in this section combine both original
contributions and principled adaptations of existing ideas. Where relevant, connections to prior
work are explicitly discussed, and the specific novelty of each metric is clarified.

After introducing the property that each metric captures, a description of how they are tailored
to different ML tasks and for different explanation types is provided; the fourth criterion considered
in the experimental section is execution time, but due to its trivial implementation, it is not
discussed further.

Effective Compactness (EC) measures the length and complexity of the produced expla-
nations. While some explainers can generate succinct explanations involving one or two features,
others might produce explanations that involve dozens of elements. Clearly, the explanation’s com-
pactness correlates with the cognitive load required for a human to understand it. The concept of
compactness is often suggested in the literature and fairly easy to measure; for instance, by com-
puting the number of features with non-zero attributions or the number of features with modified
values in a counterfactual. However, the compactness of an explanation should be paired with its
impact on the black-box: if an explanation highlights only a few features, but altering them does
not change the model’s output, then the amount of information included in an explanation that is
able to impact the outcome of the black-box model for the ML task at hand should be measured.

Rank Quality Index (RQI) refers to the ability of the explainer to capture the internal
decision process of the black-box ML model. The commonly adopted metrics of fidelity/faithfulness
are conceptually very similar, but the literature does not offer a standard formulation of this metric.
Furthermore, some fidelity definitions are quite narrow in scope; for instance, the definition of Zhang
et al. [139] can be applied only to explainers based on surrogate models. Instead, the focus is
placed on the explanation-induced feature ranking, measuring its impact on the model’s behaviour
compared to random baselines.

Stability (STB) refers to the ability of the explainer to always reproduce the same result,
given the same model and input. It is therefore a proxy for algorithmic reproducibility: can a single
explanation be trusted, or should the explainer be queried over and over in order to average out
some fluctuations in the output? Some explainers are deterministic, while others use stochastic
sampling or approximations and therefore might produce noisy explanations.
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3.1.1 Background values and Deletion Curves

In the absence of a given ground truth for direct comparison, one reasonable way to assess the quality
of an attribution-based explanation, it can be useful, for a specific data-point and its relative local
explanation, to check if the removal of features with high scores causes a sensible change in the
output of the model, while the removal of features with low scores has almost no impact on the
model’s output. Despite the simplicity and effectiveness of this approach, the removal of features is
not possible once the ML algorithm is trained. Some explainers exploit a workaround to overcome
this limitation: instead of removing a feature, its actual value is replaced by a ‘default’ one, called
background value (or, sometimes, baseline value). SHAP [75], for instance, is based on this
concept, and a background dataset has to be explicitly provided. Background values are typically
representative values (such as medians or centroids) or obtained by sampling. It must be noted that
the specific choice of background values can have a great impact and must be chosen carefully, and
in particular it depends on the ML task at hand; different scenarios are defined below. Background
values are used in conjunction with another fundamental construct of this work: deletion curves.

The deletion curve, introduced first in [104], is defined as the curve obtained by deleting
(or perturbing) the features of the input data point, one by one according to their attribution
importance, and measuring for each new input the change in output of the predictive model. As
stated before, the concept of feature removal is implemented as a replacement with a background
value. This process is sometimes called masking.

As a simple guided example, consider a binary classification task of loan approval (yes/no)
on tabular data with four features: name, age, income, and hobby. Consider a data-point DP =
[John,38,$40.000, rugby] and a trained black-box model f , which outputs a probabilistic estimation
of the positive class, such that f(DP ) = 0.9. For this example, let a background data-point be BG =
[Mark,60,$50.000, golf], with f(BG) = 0.2. Suppose that an explanation for the verdict f(DP ) =
0.9 is the set of attributions name:0, age:0.1, income:0.4, hobby:0.05. The induced (decreasing)
order is income > age > hobby > name, and for each step, a progressively masked data-point will
be created. In each case, the black-box model f will be queried, thus creating the transition from
f(DP ) = 0.9 to f(BG) = 0.2. The progressively masked data-points are displayed in Table 3.1
and Figure 3.1. It is clear that if an explanation is able to highlight relevant features, the deletion
curve will show an immediate steep drop, since few maskings are enough to cause the model to
change output. Conversely, a sub-optimal explanation that (wrongly) highlights irrelevant features
will produce a deletion curve which starts flat and only decreases later on. It is noted that both
curves would have f(DP ) as the starting point and f(BG) as the ending point. The area under the
deletion curve (Area Under the Deletion Curve (AUDC)) can be used as a proxy for attribution-
based explanation quality: better explanations produce quickly dropping curves with small AUDC.

3.1.2 Effective Compactness (EC)

Effective Compactness EC) is introduced as a novel metric in this work. While the general concept
of compactness has been informally discussed in prior literature, typically as the number of features
involved in an explanation, EC is the first metric, to our knowledge, that explicitly couples com-
pactness with causal impact on the black-box model through interventional deletion curves. EC
measures the amount of information, included in an explanation, that is actually able to impact
the outcome of the black-box model. The nature of the amount of information depends on the
explanation type, while impacting the outcome of a black-box depends on the ML task at hand.
The EC metric satisfies the following properties:
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DP step1 step2 step3 step4=BG
name John John John John Mark
age 38 38 60 60 60
income $40K $60K $60K $60K $60K
sport rugby rugby rugby golf golf
loan? 0.9 0.4 0.4 0.25 0.2

Table 3.1: Deletion curve (tabular)

Figure 3.1: Deletion curve (visual)

1. Its minimum value is 1, as at least one interventional step on the data-point is necessary to
impact the black-box.

2. Similarly, its maximum value is the feature number K: in the worst case, not even acting on
all features changes the output of the black-box.

3. Lower values are to be preferred: an explanation with low EC is able to correctly identify the
minimum set of features that drive a ML model’s outcome.

EC for attributions

When dealing with attribution-based explanations, the implementation of EC is based on deletion
curves. In all cases, EC corresponds to the number of features that need to be masked in order to
impact the black-box.

For binary classification tasks, the two BG values are the medoids of the two classes. For
instance, in the loan example, each loan=yes data-point will be explained using the loan=no medoid
as BG, and vice versa. This guarantees that the deletion curve always crosses the decision boundary,
as its starting and final data-points have opposite labels. The EC in this case corresponds to the
number of replacements that are required in order to cross the decision boundary.

This framing can be easily extended to multi-class classification, where for each data-point the
EC score is the minimum value across all other classes. For instance, if a data-points belongs to
class Ci, for each class Cj (j ≠ i) the medoid will be selected as BGj , and the score ECj computed
as described above; the lowest ECj will be selected as EC. Intuitively, this corresponds to the
minimum number of changes which is required for the model to change its prediction about the
data-point from the current class to any other class.

For regression on tabular data, thresholds of one standard deviation above and below the pre-
dicted values are defined, and the resulting partition of the datasets is treated as a multiclass
classification. Note that the number of classes might be three (for data-points where the predicted
value is not extreme) or two (for instance, if the predicted value is high and there are no other
points with a predicted value which is a standard deviation above). This is treated as a default
value for the threshold parameter, but this can be set to a domain-dependent value if needed.

For anomaly detection tasks, EC is computed following a similar logic, with one caveat: if the
data-point is classified as anomalous, the medoid of the ’normal’ class will be used as BG, and only
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one deletion curve will be computed. Conversely, if the data-point is classified as normal, every
anomaly will be treated as the medoid-BG of itself, and for each case, a different deletion curve will
be computed; as for the multiclass scenario, the lowest value will be selected as EC.

EC for counterfactuals

For counterfactual explanations, it is verified whether the counterfactual belongs to an admissible
class. If this test succeeds, the EC is given by the number of modified features in the proposed
counterfactual; if the test fails, and the counterfactual candidate is not actually a counter-factual,
the number of features is assigned as the EC score, as a default ‘failure’ value.

EC for rules

When the explanation is provided as rules, it is checked whether the data-point satisfies all rules.
As with the counterfactual case above, if the test fails, the number of features is assigned as the
EC score. If the set of rules is valid, the number of rule antecedents is assigned as the EC value.

3.1.3 Rank Quality Index (RQI)

Rank Quality Index (RQI) builds on the general notion of fidelity or faithfulness introduced in
previous work, but proposes a task-agnostic and explainer-agnostic formulation. Unlike existing
fidelity metrics, which are often limited to surrogate-based explainers or specific model classes, RQI
introduces a comparative framework based on random baselines, making it applicable to attribu-
tions, counterfactuals, and rule-based explanations. RQI refers to the ability of the explainer to
effectively capture the inner workings of the model to be explained, when compared with random
alternatives. In all its possible implementations, the RQI metric satisfies these properties:

1. It is bounded in [0,1].

2. Higher values are preferable.

The main idea is a systematic comparison of the performance of the explanation for a considered
data-point with what would be obtained by choosing random explanations. How to compare them
and the choice of random explanations vary depending on the specific explanation type.

RQI for attributions

For attributions, the RQI implementation is based on deletion curves. The deletion curve induced
by the explanation to be evaluated is computed. Several random deletion curves are also created,
based on randomly generated feature rankings. It is recalled that a good property of deletion curves
is to have a small AUDC. A failure is considered whenever a point of a random deletion curve falls
below the ”real” deletion curve under scrutiny. The RQI is computed as the percentage of successes.
For instance, in Figure 3.2, in three cases (red dots) the random explanations produced deletion
curves that went below the main deletion curve. The RQI is 9/12 = 0.75.

A perfect deletion curve would be below any random curve, thus obtaining a maximal RQI of
1. Conversely, the worst possible explanation induces a deletion curve which is always above all
random ones and corresponds to a RQI of 0.
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Figure 3.2: Deletion curves, successes and failures.

RQI for counterfactuals

In this scenario, deletion curves are not used. The edit distance between two data-points can be
informally defined as the number of features whose values differ; let D be the edit distance between
the original data-point and the counterfactual produced as explanation.

A number of data-points belonging to another class (with respect to the original data-point) are
sampled, and data-points with an edit distance greater than D are considered successes. Conversely,
sampled data-points with smaller distances are considered failures. As for the previous case, the
RQI is computed as the success/(failure+success) ratio. The intuition here is to measure whether
the explainer is able to produce counterfactuals that are closer to the initial data-point with respect
to other existing data-points.

RQI for rules

One crucial limitation of explanations as rules is that they are inherently binary in assigning impor-
tances to features. That is, either a feature is involved in the explanation or not, and consequently
it appears that only the features appearing in the rule are important while all the others are com-
pletely irrelevant. For this reason, given the explanation provided by the explainer, the values of
the features involved in the explanation are clamped, and the values of others are substituted with
those of randomly chosen data-points. The RQI score is given by the ratio of generated data-points
that keep the same predicted label as the original data-point over all generated data-points. The
rationale behind this is that if the rule really captures the relevant features, then changing the
remaining features should have no impact in the black-box prediction.

3.1.4 Stability (STB)

Stability, as defined in this work, is an operational metric that formalizes the intuitive notion of
explanation reproducibility discussed in prior literature. While the importance of stable explana-
tions has been previously acknowledged, this thesis provides a concrete and unified quantitative
definition of stability across different explanation types, including attributions, counterfactuals,
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and rules. Given a data-point, stability is defined as the complement to one of the weighted vari-
ability around the reference values (e.g., mean) of the normalised explanations obtained by calling
the explainer multiple times for the same data-point. The stability metric satisfies the following
properties:

1. It is bounded in [0,1].

2. Higher values are preferable.

3. Deterministic explainers have a stability equal to 1.

It can be noted that the definition above still requires some clarification for terms such as “vari-
ability” and “reference”. These operational definitions depend on the input data and explanation
type.

STB for attributions

To measure stability, the same data-point (table row) is explained multiple times, yielding a scoring
matrix; for statistical relevance, the experiment is repeated across numerous data-points, resulting
in a score tensor A of dimension N × D × F , where N represents the number of trials for each
explanation, D is the number of data-points, and F denotes the dimensionality of the feature
vector. First the tensor score is normalised across data-points

Ã = Ax

max(Ax)
∈ RN×F ∀x (3.1)

Then, the main quantities are computed; that is, the mean of the absolute value and the standard
deviation of the normalised scores across trials

M = ⟨∣Ã∣⟩tr, Σ = σtr(Ã) (3.2)

The instability score for each data-point is given by the weighted mean of the standard deviations
across features

ISx =
1

F
∑
i

Mi ⋅ΣT
i (3.3)

Finally, the stability score for attributions on tabular data is given by the complement to one of
the average of ISx over all data-point:

stability = 1 − ⟨IS⟩x ∈ [0,1] (3.4)

STB for counterfactuals

While feature attributions typically involve numerical scores, counterfactual explanations are data-
points that may include categorical variables.

For numerical features, the instability is computed using the same procedure as for attributions,
while for categorical variables a notion of variability is used [2], where frequency histograms f are
first computed for each feature across trials, and the instability is given by

ISc
x = 1 − ∥f∥x , (3.5)

where the apex c refers to categorical features. At this point, the stability score for counterfactuals
on tabular data is computed as

stability = 1 − ⟨IS⟩x ∈ [0,1] (3.6)
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STB for rules

For rules on tabular data, the stability score is given by computing the complement to one of the
normalized standard deviations of the length of the provided rules.

In summary, Effective Compactness represents a novel contribution, while Rank Quality Index
and Stability provide principled generalizations and formalizations of existing evaluation concepts.
Together, these metrics form a minimal yet comprehensive framework for quantitative explanation
assessment across heterogeneous XAI methods.

3.2 Experimental Setup

In this section, an overview of the experimental setup used to evaluate the explainers is provided.
Each experiment was conducted over a specific valorisation of dataset, model, and explainer (plus
the metrics). The focus is on three ML tasks on tabular data: binary classification, regression, and
anomaly detection.

Datasets that were publicly available and provided an overall heterogeneous variety of features
and data-points were preferred. Datasets exhibiting categorical features were also favoured. As
further criteria, datasets with no missing values and at least one hundred points were chosen. The
datasets were randomly split with a seed into training (70% of the dataset) and testing (30%)
sets. During training, the training split was further divided through a random stratified split into
training and validation splits to mitigate issues due to class imbalance. Five datasets were selected
for each task:

� Classification: adult [9], credit [135], eye [113], german [44], heloc1

� Regression: abalone [90], bike [30], california [57], diabetes [24], diamonds [40]

� Anomaly Detection: AID362 [100], bank [100], chess [100], glass [35], U2R [100]

To select the models, the popularity of model types in each task and the requirements of com-
mon model-aware explainers, such as TreeSHAP and Integrated Gradients (IG), were considered,
resulting in the following models:

� Binary classification: MLP (multi-layer perceptron) and Light Gradient Boosting Machine
(LGBM)(tree-based, gradient-boosting model).

� Regression: MLP and LGBM with regression heads.

� Anomaly Detection: Isolation Forest (IF), one-class Support Vector Machine (Support Vector
Machine (SVM)) and Autoencoder (AE).

Each model was trained on all five datasets selected for the task, and the results were compared
to baseline performances. Model performance was evaluated against reference baselines reported in
prior benchmark studies and publicly available implementations, which served as reference points
to verify that the trained models achieved competitive predictive performance before the explain-
ability analysis was conducted. A summary of task performance across datasets and model types

1https://community.fico.com/s/explainable-machine-learning-challenge
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is provided in Tables 3.2, 3.3, and 3.4. The final number of models to explain was 35 (15 models
for anomaly detection, 10 models each for binary classification and regression). A hyperparam-
eter optimisation was performed for each of the models, using a k-fold cross-validation strategy
on the training data. Several explainers were applied to the trained models, and the quality of
their explanations was evaluated through the metrics. If the explainer had any parameter to be
selected, the default or suggested setting was followed, unless otherwise specified in the following.
For every dataset-model-explainer tuple, 100 points of the test set were explained, chosen at random
regardless of the model prediction. The computational time was tracked, and the EC and RQI of
each explanation were measured. Each explanation was then repeated 100 times to evaluate the
stability. Taking these multiplicative factors into account, the final complete benchmarking grid
encompassed roughly 1.6 million explanations, with four metric values measured in each case.

3.2.1 Binary classification

Datasets

The selected classification datasets cover a range of standard financial and behavioral prediction
tasks. The Adult dataset concerns income prediction from census data, while German and Credit
address credit risk and default prediction using demographic and financial attributes. The Eye
dataset focuses on eye movement classification, providing a non-financial but feature-rich benchmark
with categorical variables. HELOC models credit risk using real-world credit bureau data and is
the only dataset composed exclusively of numerical features.

Table 3.2: Datasets for binary classification. Types of features correspond to (C) categorical, (I)
integer, (R) real.

Dataset Target
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adult Census prediction 76%-24% 50,000 14 C, I 0.7117 0.6709
credit Credit card default 50%-50% 13,272 21 C, R 0.6865 0.6769
eye Eye movements 50%-50% 7,608 23 C, N 0.6412 0.6053
german Credit risk 70%-30% 1,000 20 C, I 0.6057 0.5424
heloc Credit risk 48%-52% 10,500 23 I 0.7487 0.7261

ML Models

For both models, a randomised grid-search is performed using the scikit-learn API (Application
Programming Interface (API)). For the LightGBM models, the number of leaves, maximum depth
of the trees, learning rate and loss regularisation terms are varied; while for the MLP, the number
of hidden layers, the number of hidden channels and the batch size are considered, along with the
learning rate and the weight decay regularisation. The MLPs are trained for a maximum number
of 300 epochs with an early stopping criterion if the loss does not change more than 10−4 for 10
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epochs. The models which minimise the F1-score in training are selected. The models are then
retrained with the full training data, and the F1-score is measured on a test set, as presented in
Table 3.2. No preprocessing is applied for the LightGBM models, while for the MLP a one-hot
encoding is performed for the categorical variables and a quantile normalisation for the numerical
variables.

The performances over the datasets “eye” and “credit” can be compared with the results shown
in Grinsztajn et al., 2022 [40], a benchmark of various models over tabular datasets with categorical
features, from which these datasets were selected. The “adult” and “german” datasets are instead
collected from the UCI ML Repository website,2 where baseline performances are reported. Results
on the “heloc” dataset can be compared with those obtained by the winners of the original challenge
in which the dataset was proposed.6

Overall, the accuracy of the models is comparable with all the baselines considered.
Benchmark values from these external sources are not reproduced as additional columns in the
summary tables, since doing so would unnecessarily increase their complexity and hinder readabil-
ity. Instead, they are used as external reference points to validate that the trained models attain
competitive predictive performance prior to the explainability analysis.

Explainers

KernelSHAP [75], Local Interpretable Model-agnostic Explanations (LIME) [110], Anchors [111]
and MACE [134] are applied to both MLP and LightGBM. For LightGBM, TreeSHAP [76] is also
used, while for MLP, Deconvolution [137], DeepSHAP [15], Integrated-Gradients [120], InputXGra-
dient [116], Occlusion [137], and Saliency [117] are included. This selection of explainers allows the
production of explanations in the shape of rules (Anchors), counterfactuals (MACE), and attribu-
tions (all the others); thus, several implementations of the metrics are leveraged.

In general, algorithms such as SHAP or LIME rely on sampling from the training dataset,
either to construct background datasets used in deletion curves or to fit local surrogate models.
Consequently, the proposed metrics are indirectly affected by both the size and the quality of
these sampled sets. If the sample is too small, estimates of background values and local feature
effects become noisy, which in turn produces higher-variance deletion curves and can inflate or
deflate Effective Compactness and Rank Quality Index, as well as slightly lowering Stability for
sampling-based explainers. If the sample is large but unrepresentative (for instance, due to class
imbalance or covariate shift), the background distribution no longer reflects the operational data,
and the metrics may systematically favour or penalise specific explainers in a way that reflects
sampling artefacts rather than genuine explanation quality. To mitigate these effects, stratified
sampling from the training data was adopted wherever possible, and the number and construction
of background samples were kept fixed within each experimental block so that metric comparisons
remain meaningful across explainers.

3.2.2 Regression

Datasets

The regression datasets span diverse predictive tasks and data characteristics. Abalone and Dia-
monds involve value estimation from mixed categorical and numerical features, while Bike models
demand forecasting from temporal and contextual variables. California focuses on house price

2https://archive.ics.uci.edu/
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prediction from purely numerical census features, and Diabetes predicts disease progression from
clinical measurements.

The datasets “abalone”, “bike” and “diamonds” are also taken from Grinsztajn et al., 2022 [40],
enabling direct comparison with their reported results. The “california” and “diabetes” datasets
are instead widely employed as examples due to their inclusion in the package scikit-learn: model
performance is compared with the tutorials provided by SHAP3 and Captum4, along with the per-
formances obtained by users on Kaggle. All these datasets, except for “california”, have categorical
and numerical features as well.

ML models

As in the classification case, an analogous randomised grid search was performed over the same hy-
perparameters, optimising the root mean square error (Root Mean Square Error (RMSE)) instead.
The resulting models achieved performance consistent with published baselines, and the test set R2

values are reported in Table 3.3. For the MLP models used for regression, the same preprocessing as
before was followed: a one-hot encoding for the categorical variables and a quantile normalisation
for the numerical variables.

Table 3.3: Datasets for regression. Types of features correspond to (C) categorical, (I) integer, (R)
real.

Dataset Target
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abalone Abalone age 4,177 8 C, I 0.5417 0.5541
bike Bike sharing demand 17,379 11 C, N 0.9461 0.9404
california House value 20,640 8 R 0.8437 0.8122
diabetes Disease progression 442 10 I, R 0.5285 0.4428
diamonds Diamonds price 53,940 23 C, N 0.9927 0.9907

Explainers

For this task, only attribution-based explainers are used: SHAP kernels (KernelSHAP [75], Tree-
SHAP [76], DeepSHAP [15]), LIME [110], and Integrated-Gradients [120]. The default synthetic
thresholds (one standard deviation above or below the regression output of each data-point) are
used as a surrogate of the decision boundary.

3https://shap.readthedocs.io/en/latest/example_notebooks/tabular_examples/model_agnostic/Diabetes

%20regression.html
4https://captum.ai/tutorials/House_Prices_Regression_Interpret
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3.2.3 Anomaly Detection

Datasets

The anomaly detection datasets represent heterogeneous real-world scenarios with varying anomaly
rates. AID362 and Bank involve behavioral and transactional anomalies, Chess models rare game
configurations, and U2R focuses on network intrusion detection. Glass provides a small numerical
benchmark for material classification with a comparatively higher anomaly ratio.

All of the datasets, with the exception of “glass”, are coming from ADRepository. The perfor-
mance of these datasets can be compared with the state-of-the-art performances reported in Pang et
al., 2021 [99]. The glass dataset is instead collected from UCI ML Repository and the performance
can be compared with the baseline provided on the platform and with the isolation forest used for
the experiments in Carletti et al., 2023 [13]. With the exception of “glass”, all the dataset presents
categorical features, with “bank” and “U2R” providing no numerical features.

ML models

In this case, a lighter grid search is performed for the hyperparameters of the isolation forests and
the one-class support vector machines by comparing the area under the Receiver Operating Char-
acteristic, Area Under the Curve (ROC AUC). For the isolation forests, the number of estimators
and the maximum number of samples for each tree are varied. For the one-class support vector
machine, the Radial Basis Function (RBF) kernel is selected and only the gamma factor is varied.

In the case of the autoencoders, the optimization is performed with respect to the reconstruction
loss of the training set. Couples of encoders and decoders of 4 layers each (3 in the case of the
glass and chess datasets) are used, and the bottleneck dimension, the batch size, the learning rate,
the weight decay regularization and the number of epochs are randomly varied. The isolation
forests require no preprocessing, while a scaling is performed for numerical variables and a one-
hot encoding for categorical ones in both one-class support vector machines and autoencoders.
Performance is assessed using the ROC AUC on the test sets, as reported in Table 3.4. Isolation
forests and autoencoders achieve results in line with published baselines, while one-class support
vector machines systematically underperform.

Table 3.4: Datasets for anomaly detection. Types of features correspond to (C) categorical, (I)
integer, (R) real.

Dataset Target
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AID362 Chemical inactivity 4,279 60 (1.4%) 114 C, I 0.6627 0.5365 0.6227
bank Deposit subscription 41,188 4640 (11%) 10 C 0.6063 0.6102 0.6632
chess Game result 28,056 27 (0.1%) 6 C, I 0.9435 0.5535 0.8212
glass Glass recognition 214 51 (23%) 9 R 0.9320 0.7347 0.7693
U2R Network attack 60,821 228 (0.4%) 6 C 0.9808 0.8834 0.9646
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Explainers

Since the number of anomalies is not always large enough, a set of 50 inliers and the maximum
number of available outliers in the test set, up to 50 other points, are explained for each dataset.
Specifically, 100 points were evaluated in total for bank and U2R, 74 for AID362, 65 for glass and
55 for chess.

There are not many explainers for anomaly detection, and several openly available repositories
had to be discarded due to a lack of maintenance or general malfunctions. Three task-specific
explainers were selected: ACE [141], DIFFI [13], and COIN [69]. KernelSHAP and LIME were
also included as model agnostic explainers. Both are explainers for supervised ML models, while
anomaly detection is an unsupervised task. However, a trained anomaly detector behaves like a
regressor, as it predicts a continuous-valued anomaly score, and then proceeds to classify a data-
point as anomalous if the anomaly score is over a threshold. Leveraging this, KernelSHAP and
LIME can be applied on all three anomaly detection models. The metrics are measured as if the
task is a multiclass classification, with one normal class and up to 50 anomalous classes.

3.2.4 Preprocessing and attributions

One of the most common approaches for treating categorical variables in neural networks is one-hot
encoding, which is also adopted in this study. This preprocessing is non-differentiable and causes
gradient-based explainers to lose information about the mapping from the encoded variables to
the original features. In general, for some explainers, there is no principled way to aggregate the
encoded features to obtain attributions for the original features. The most commonly used approach
of summing the attributions of the encoded features derived from a single categorical feature in the
original table is used here. This choice is coherent with the properties of DeepSHAP and Integrated
Gradients, which allow the summation of the attributions of a subset of variables to obtain their
aggregated importance.

3.3 Results

The results of the benchmark are presented in this section. Different tables are displayed for each
combination of metric and task: Tables 3.5 3.6 3.7 for effective compactness; Tables 3.8 3.9 3.10 for
rank quality index; Tables 3.11 3.12 3.13 for stability; Tables 3.14 3.15 3.16 for time.

For effective compactness and Rank Quality Index (RQI), all metric entries report the mean
and the standard deviation across the data-points explained for each dataset. For stability (STB),
the metric itself is a standard deviation across data-points and trials. For time, the average time
to produce one explanation is reported. In all tables, for each combination of model and dataset,
the best explainer(s) are highlighted in bold, and the second best explainer(s) with an underline.
It is indicated when explainers produce counterfactual (cf) or rules (r) as explanations.

COIN proved to be extremely slow, providing results in a reasonable amount of time for the
experiments only on the glass dataset (as can be noted in Table 3.16). In other cases, producing a
single explanation required up to several hours. The 100 COIN trials were therefore not performed
for the other datasets (AID362, bank, chess and U2R); as a result, standard deviation errors are
not reported, and stability could not be computed; these cases are highlighted with an asterisk
(*) in the tables. ACE, instead, often produced NaN values as explanations using the original
implementation. The decision was made to reduce the default learning rate of the method from
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0.01 to 0.0005, while the loss regularization parameter “beta” of the KL term was reduced from 50
to 1. By doing so, explanations were produced in all scenarios, with one exception: one-class SVM
for dataset bank. This special case is reported in the tables with “NE” (no-explanation).

The first observation that arises from the results is that no single explainer consistently domi-
nates across all metrics, datasets, and model types. While certain methods perform well on specific
combinations, none achieves uniformly superior scores for effective compactness, rank quality index,

Table 3.5: Effective Compactness scores for the classification task.

Model Explainer adult credit eye german heloc

lgbm Anchors (r) 3.5 ± 2.6 2.8 ± 2.0 10.3 ± 4.5 4.4 ± 3.1 3.0 ± 1.0

MACE (cf) 1.5 ± 0.8 1.8 ± 1.4 1.9 ± 1.2 1.9 ± 1.2 2.3 ± 1.4

LIME 4.5 ± 4.5 1.6 ± 1.3 2.6 ± 2.4 3.5 ± 3.2 2.5 ± 2.5

KernelSHAP 4.2 ± 3.7 1.5 ± 1.2 1.9 ± 1.4 3.0 ± 2.7 1.9 ± 1.2

TreeSHAP 5.0 ± 4.0 1.4 ± 1.1 2.0 ± 1.7 3.5 ± 3.4 2.2 ± 1.7

mlp Anchors (r) 3.4 ± 2.0 3.4 ± 2.6 3.6 ± 1.7 4.5 ± 2.3 2.6 ± 0.7

MACE (cf) 1.8 ± 1.0 2.2 ± 1.8 2.0 ± 1.7 1.9 ± 1.1 3.0 ± 1.6

LIME 3.5 ± 3.1 2.6 ± 2.3 3.8 ± 5.2 6.2 ± 6.1 2.7 ± 1.7

KernelSHAP 2.4 ± 1.4 2.2 ± 1.9 2.1 ± 1.4 2.5 ± 2.0 2.3 ± 1.3

DeepSHAP 2.3 ± 1.2 2.8 ± 3.6 2.2 ± 1.4 2.5 ± 2.4 2.4 ± 1.4

Integrated-Gradients 3.5 ± 3.2 4.5 ± 4.2 2.8 ± 3.2 2.2 ± 2.0 2.5 ± 1.5

Saliency 7.7 ± 4.0 6.9 ± 5.6 4.7 ± 4.8 5.5 ± 5.0 3.6 ± 2.5

InputXGradient 4.4 ± 3.8 4.8 ± 4.8 3.9 ± 5.4 2.1 ± 1.6 2.6 ± 1.7

Deconvolution 3.8 ± 3.2 6.6 ± 4.7 13.0 ± 7.0 9.1 ± 6.3 12.5 ± 8.2

Occlusion 3.9 ± 3.5 5.2 ± 5.4 3.2 ± 4.6 2.2 ± 2.2 2.6 ± 1.7

Table 3.6: Effective Compactness scores for the regression task.

Model Explainer abalone bike california diabetes diamonds

lgbm LIME 2.1 ± 2.3 3.5 ± 3.9 3.3 ± 2.7 3.4 ± 3.5 3.2 ± 3.1

KernelSHAP 2.1 ± 2.2 3.7 ± 4.0 3.2 ± 2.7 3.6 ± 3.4 3.0 ± 3.0

TreeSHAP 2.1 ± 2.2 3.7 ± 4.0 3.2 ± 2.7 3.6 ± 3.5 3.0 ± 3.0

mlp LIME 1.2 ± 0.9 3.9 ± 3.8 2.5 ± 2.4 3.7 ± 3.2 3.0 ± 2.6

KernelSHAP 1.2 ± 1.0 3.5 ± 3.7 2.4 ± 2.3 3.6 ± 3.4 2.8 ± 2.5

DeepSHAP 1.2 ± 0.9 3.5 ± 3.7 2.5 ± 2.4 3.5 ± 3.4 2.8 ± 2.4

Integrated-Gradients 1.3 ± 0.8 3.7 ± 3.9 2.2 ± 2.1 3.7 ± 3.4 2.8 ± 2.5

Table 3.7: Effective Compactness scores for the anomaly detection task.

Model Explainer glass AID362 bank chess U2R

if LIME 3.3 ± 2.2 31.5 ± 18.0 2.5 ± 2.9 2.5 ± 1.2 2.2 ± 1.4

KernelSHAP 3.2 ± 2.3 14.6 ± 11.2 2.5 ± 2.9 2.2 ± 1.1 1.2 ± 0.7

ACE 2.7 ± 1.1 56.0 ± 13.0 3.6 ± 1.4 4.5 ± 0.9 2.9 ± 0.8

DIFFI 2.5 ± 1.1 48.5 ± 15.5 2.7 ± 1.3 3.7 ± 1.2 2.5 ± 0.6

COIN 2.5 ± 1.2 52.4* 2.0* 5.0* 2.0*

svm LIME 2.9 ± 2.8 11.7 ± 33.1 2.8 ± 3.1 1.3 ± 1.0 4.1 ± 2.4

KernelSHAP 3.2 ± 3.4 11.7 ± 33.1 2.8 ± 3.1 1.3 ± 1.1 4.1 ± 2.4

ACE 1.7 ± 1.4 53.4 ± 48.1 NE 2.0 ± 1.3 4.7 ± 1.4

COIN 2.2 ± 1.9 11.0* 3.0* 4.0* 4.0*

ae LIME 2.7 ± 3.2 26.0 ± 19.5 2.9 ± 2.9 1.4 ± 1.1 4.1 ± 1.1

KernelSHAP 2.8 ± 3.3 13.3 ± 20.2 2.7 ± 2.8 1.3 ± 0.8 4.4 ± 0.7

ACE 2.0 ± 2.0 31.9 ± 22.4 2.9 ± 2.0 3.5 ± 1.5 3.6 ± 1.6

COIN 2.1 ± 1.6 50.2* 5.0* 4.0* 3.0*
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Table 3.8: Rank Quality Index scores for the classification task.

Model Explainer adult credit eye german heloc

lgbm Anchors (r) 0.93 ± 0.08 0.85 ± 0.12 0.90 ± 0.12 0.93 ± 0.06 0.81 ± 0.15

MACE (cf) 0.99 ± 0.04 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.01

LIME 0.80 ± 0.19 0.92 ± 0.06 0.78 ± 0.12 0.84 ± 0.09 0.90 ± 0.11

KernelSHAP 0.81 ± 0.13 0.92 ± 0.08 0.84 ± 0.12 0.88 ± 0.08 0.96 ± 0.06

TreeSHAP 0.78 ± 0.15 0.93 ± 0.07 0.85 ± 0.11 0.80 ± 0.10 0.94 ± 0.07

mlp Anchors (r) 0.92 ± 0.10 0.81 ± 0.12 0.93 ± 0.08 0.90 ± 0.04 0.80 ± 0.13

MACE (cf) 0.99 ± 0.03 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.01

LIME 0.82 ± 0.12 0.89 ± 0.07 0.87 ± 0.14 0.71 ± 0.17 0.93 ± 0.05

KernelSHAP 0.93 ± 0.07 0.88 ± 0.07 0.93 ± 0.06 0.92 ± 0.08 0.94 ± 0.04

DeepSHAP 0.92 ± 0.08 0.87 ± 0.07 0.92 ± 0.06 0.92 ± 0.09 0.94 ± 0.05

Integrated-Gradients 0.82 ± 0.19 0.78 ± 0.14 0.86 ± 0.14 0.88 ± 0.09 0.95 ± 0.05

Saliency 0.50 ± 0.17 0.63 ± 0.20 0.67 ± 0.17 0.64 ± 0.17 0.82 ± 0.15

InputXGradient 0.75 ± 0.19 0.75 ± 0.12 0.85 ± 0.16 0.86 ± 0.09 0.93 ± 0.06

Deconvolution 0.73 ± 0.18 0.72 ± 0.16 0.39 ± 0.20 0.56 ± 0.19 0.50 ± 0.27

Occlusion 0.76 ± 0.19 0.76 ± 0.12 0.87 ± 0.14 0.87 ± 0.09 0.92 ± 0.05

Table 3.9: Rank Quality Index scores for the regression task.

Model Explainer abalone bike california diabetes diamonds

lgbm LIME 0.96 ± 0.08 0.90 ± 0.16 0.96 ± 0.07 0.98 ± 0.03 0.97 ± 0.05

KernelSHAP 0.94 ± 0.08 0.92 ± 0.11 0.96 ± 0.06 0.97 ± 0.04 0.97 ± 0.07

TreeSHAP 0.94 ± 0.08 0.92 ± 0.11 0.96 ± 0.06 0.98 ± 0.03 0.97 ± 0.07

mlp LIME 0.94 ± 0.07 0.85 ± 0.16 0.91 ± 0.11 0.88 ± 0.14 0.95 ± 0.07

KernelSHAP 0.95 ± 0.07 0.89 ± 0.13 0.92 ± 0.09 0.97 ± 0.04 0.97 ± 0.04

DeepSHAP 0.95 ± 0.06 0.93 ± 0.09 0.91 ± 0.10 0.96 ± 0.05 0.97 ± 0.04

Integrated-Gradients 0.92 ± 0.08 0.90 ± 0.12 0.88 ± 0.13 0.90 ± 0.13 0.94 ± 0.10

Table 3.10: Rank Quality Index scores for the anomaly detection task.

Model Explainer glass AID362 bank chess U2R

if LIME 0.72 ± 0.33 0.98 ± 0.11 0.87 ± 0.29 0.93 ± 0.12 0.90 ± 0.11

KernelSHAP 0.74 ± 0.35 0.98 ± 0.11 0.87 ± 0.30 0.95 ± 0.12 0.97 ± 0.09

ACE 0.80 ± 0.15 0.57 ± 0.18 0.76 ± 0.15 0.64 ± 0.18 0.88 ± 0.13

DIFFI 0.85 ± 0.11 0.68 ± 0.20 0.83 ± 0.11 0.83 ± 0.11 0.95 ± 0.05

COIN 0.89 ± 0.12 0.74* 0.83* 0.46* 0.97*

svm LIME 0.71 ± 0.34 0.95 ± 0.14 0.85 ± 0.32 0.95 ± 0.19 0.62 ± 0.31

KernelSHAP 0.71 ± 0.41 0.95 ± 0.14 0.85 ± 0.32 0.94 ± 0.20 0.63 ± 0.30

ACE 0.81 ± 0.14 0.80 ± 0.22 NE 0.89 ± 0.18 0.61 ± 0.25

COIN 0.80 ± 0.19 0.99* 0.83* 0.88* 0.81*

ae LIME 0.74 ± 0.32 0.88 ± 0.18 0.80 ± 0.31 0.86 ± 0.14 0.65 ± 0.23

KernelSHAP 0.75 ± 0.37 0.95 ± 0.18 0.81 ± 0.34 0.96 ± 0.06 0.62 ± 0.16

ACE 0.74 ± 0.14 0.84 ± 0.14 0.79 ± 0.21 0.76 ± 0.13 0.62 ± 0.23

COIN 0.71 ± 0.12 0.76* 0.92* 0.73* 0.80*

stability, and execution time simultaneously. For instance, SHAP-based methods tend to excel in
stability and faithfulness but may incur higher computational costs, whereas gradient-based ex-
plainers offer speed advantages but often underperform on rank quality. This variability supports
the claim that explainers should be selected based on the specific requirements of the task at hand
(e.g., favouring effective compactness at the expense of time, or prioritising stability for regulatory
compliance). The only notable exception is MACE, which very often outperforms all the other
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Table 3.11: Stability scores for the classification task.

Model Explainer adult credit eye german heloc

lgbm Anchors (r) 0.891 0.983 0.910 0.893 0.944
MACE (cf) 0.968 0.973 0.968 0.945 0.991
LIME 0.995 0.987 0.960 0.983 0.988
KernelSHAP 0.985 0.994 0.991 0.992 0.994
TreeSHAP 0.988 0.994 0.991 0.993 0.993

mlp Anchors (r) 0.891 0.965 0.953 0.896 0.952
MACE (cf) 0.958 0.973 0.976 0.927 0.982
LIME 0.997 0.988 0.992 0.990 0.986
KernelSHAP 0.985 0.993 0.993 0.991 0.993
DeepSHAP 0.985 0.993 0.993 0.990 0.991
Integrated-Gradients 1.0 1.0 1.0 1.0 1.0
Saliency 1.0 1.0 1.0 1.0 1.0
InputXGradient 1.0 1.0 1.0 1.0 1.0
Deconvolution 1.0 1.0 1.0 1.0 1.0
Occlusion 1.0 1.0 1.0 1.0 1.0

Table 3.12: Stability scores for the regression task.

Model Explainer abalone bike california diabetes diamonds

lgbm LIME 0.981 0.983 0.980 0.987 0.987
KernelSHAP 0.984 0.989 0.986 0.984 0.989
TreeSHAP 0.984 0.989 0.986 0.990 0.989

mlp LIME 0.977 0.981 0.981 0.996 0.983
KernelSHAP 0.982 0.990 0.985 0.984 0.984
DeepSHAP 0.981 0.988 0.983 0.982 0.985
Integrated-Gradients 1.0 1.0 1.0 1.0 1.0

Table 3.13: Stability scores for the anomaly detection task.

Model Explainer glass AID362 bank chess U2R

if LIME 0.985 0.974 0.988 0.957 0.957
KernelSHAP 0.982 0.993 0.974 0.976 0.988
ACE 0.964 0.994 0.96 0.947 0.968
DIFFI 1.0 1.0 1.0 1.0 1.0
COIN 0.995 * * * *

svm LIME 0.951 0.991 0.988 0.985 0.980
KernelSHAP 0.975 0.999 0.980 0.976 0.984
ACE 0.960 0.993 NE 0.987 0.988
COIN 0.990 * * * *

ae LIME 0.990 0.972 0.983 0.969 0.981
KernelSHAP 0.980 0.993 0.974 0.970 0.977
ACE 0.960 0.992 0.954 0.943 0.960
COIN 0.993 * * * *

classification explainers both in effective compactness and rank quality index. It lacks however in
stability and time, as it is often slower and more affected by stochasticity than the attributions
methods.

LIME and SHAP both perform well and, except for the classification task, are also very often
comparable. In fact, for classification, SHAP tend to provide better results in all the metrics. This
is especially true when accounting for its model-aware implementations: for example, KernelSHAP
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Table 3.14: Average execution time (in seconds) for the classification task.

Model Explainer adult credit eye german heloc

lgbm Anchors (r) 3.8201 9.3388 21.1223 3.6820 10.2143
MACE (cf) 0.1998 0.4982 0.5157 0.3681 0.5595
LIME 0.0112 0.0148 0.0179 0.0133 0.0217
KernelSHAP 0.8346 0.7873 1.3785 0.7840 1.2840
TreeSHAP 0.0032 0.0020 0.0140 0.0012 0.0076

mlp Anchors (r) 22.5568 26.1702 17.7036 7.7750 21.6247
MACE (cf) 1.2197 1.1235 1.2713 0.6018 1.2504
LIME 0.2364 0.0517 0.0251 0.0186 0.0324
KernelSHAP 55.5335 8.8678 1.8452 1.3800 1.5163
DeepSHAP 0.1250 0.0190 0.0081 0.0026 0.0057
Integrated-Gradients 0.0261 0.0033 0.0008 0.0007 0.0007
Saliency 0.0006 0.0002 0.0001 0.0001 0.0001
InputXGradient 0.0006 0.0002 0.0001 0.0001 0.0001
Deconvolution 0.0007 0.0002 0.0001 0.0001 0.0001
Occlusion 0.0245 0.0008 0.0003 0.0003 0.0003

Table 3.15: Average execution time (in seconds) for the regression task.

Model Explainer abalone bike california diabetes diamonds

lgbm LIME 0.0080 0.0111 0.0114 0.0099 0.0118
KernelSHAP 0.1579 1.3664 0.1824 0.4810 0.4089
TreeSHAP 0.0024 0.0092 0.0060 0.0016 0.0166

mlp LIME 0.0154 0.0131 0.0033 0.0257 0.3026
KernelSHAP 0.1421 1.2096 0.7558 2.0956 14.4160
DeepSHAP 0.0051 0.0042 0.0146 0.0127 0.1333
Integrated-Gradients 0.0011 0.0008 0.0033 0.0018 0.0323

Table 3.16: Average execution time (in seconds) for the anomaly detection task.

Model Explainer glass AID362 bank chess U2R

if LIME 0.4676 0.6545 0.4546 0.7465 0.4116
KernelSHAP 4.3165 88.4451 10.7356 1.8215 0.2653
ACE 0.3786 0.3056 0.1860 0.4686 0.4764
DIFFI 0.0633 0.1794 1.3023 5.7222 0.0928
COIN 4.2136 65.7728* 5517.0394* 2479.7800* 18873.1220*

svm LIME 0.0120 0.0194 0.3588 0.0573 0.0344
KernelSHAP 0.2841 1.3515 32.4892 0.1525 0.0200
ACE 0.2785 0.1034 NE 0.8294 49.1368
COIN 8.0503 68.8571* 5406.9440* 2659.0604* 15503.0285*

ae LIME 0.0346 0.1176 0.0466 0.0503 0.0503
KernelSHAP 0.8784 56.5848 2.8444 0.0994 0.0399
ACE 392.9724 0.2699 0.1159 0.1502 0.1243
COIN 6.4690 68.3407* 5335.9604* 2439.5188* 18740.9937*

is usually slower than LIME in providing explanations, but DeepSHAP and TreeSHAP provide
similar performances with reduced time requirements.

Indeed, the variants of SHAP tend to perform similarly. In the regression task, TreeSHAP
and KernelSHAP provide the same explanations. This is also due to the “interventional” default
setting of TreeSHAP, which makes its behaviour closer to the original implementation of SHAP. The
main, important difference between the two in this case is that the model-aware implementation is
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significantly faster in providing explanations.
In general, model-aware and model-agnostic explainers are not so different in the quality of their

explanations. Saliency and Deconvolution are often underperforming compared to other methods,
but they were not originally conceived for tabular datasets. This is also true for the other model-
aware explainers for neural networks, but they provide overall reasonable performances, although
rarely better than other explainers. They are also especially valuable for providing stable and
significantly faster explanations, since, except DeepSHAP, they do not rely on any randomization.
Model-agnostic are often easier to include in a ML pipeline, since they can access a ML model’s
API and not its code; since this additional requirement of model-aware explainers is not balanced
by highly-scoring explanation, model-agnostic explainers seems to be at an advantage.

The time required for producing an explanation, often overlooked in benchmarking approaches,
can vary significantly, up to entirely different orders of magnitude, across different dataset-model-
explainer combinations. This constitutes a crucial point in the explainer selection process, as a
slow explainer could congest online services and render an explainable pipeline unusable from a
user interaction perspective.

3.4 Discussion

This chapter has established a quantitative framework for evaluating explanation quality in ma-
chine learning models, addressing the empirical transparency required for trustworthy financial AI.
By introducing a minimal set of metrics—Effective Compactness, Rank Quality Index, and Sta-
bility—and applying them across a diverse benchmark of models and tasks, the work transforms
explainability from an aspirational property into a measurable standard. The results demonstrate
that explanation quality is inherently multidimensional, with trade-offs between faithfulness, parsi-
mony, reproducibility, and computational cost that must be balanced according to operational and
regulatory constraints.

Within the broader thesis narrative, these findings form the empirical foundation of the trans-
parency stack outlined in the introduction. The metrics and benchmarking approach provide practi-
tioners and auditors with tools to assess and compare explainers in a principled manner, supporting
the deployment of interpretable AI in high-stakes financial environments.

The adoption of standardised evaluation metrics is crucial in advancing the field of XAI, espe-
cially in light of the newly approved European AI ACT 5. It is recommended that the assessment
of newly proposed explainers against established benchmarking frameworks and metrics becomes a
common practice.

A pragmatic recommendation is to integrate the XAI component into the ML development
lifecycle from an early stage. The following guidelines offer a structured approach for practitioners:

1. Define the problem scope. Specify the ML task (classification, regression, or anomaly
detection) and input data type (tabular, image, or text). If the model architecture is prede-
termined, note this constraint. Identify whether local or global explanations are required and
whether particular explanation types (attributions, counterfactuals, or rules) are mandated
by stakeholders or regulations.

2. Survey available explainers. Consult benchmark results (such as those presented in this
chapter) to identify candidate explainers compatible with the task and model class. Prioritise

5https://digital-strategy.ec.europa.eu/en/policies/regulatory-framework-ai
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methods that satisfy operational constraints: for instance, latency-sensitive applications may
exclude slow sampling-based explainers, whereas audit requirements may favour high-stability
methods.

3. Finalise model and explainer selection. If the model was not fixed in step 1, select an
architecture that admits high-scoring explainers. Where multiple explainers are viable, retain
at least two to enable cross-validation of explanations during development.

4. Review technical requirements. Examine installation dependencies, input format ex-
pectations (e.g., handling of categorical variables, one-hot encoding conventions), and API
compatibility. Address known pitfalls early: for example, some explainers require models to
expose specific methods or to be wrapped in particular classes.

5. Configure a unified environment. Establish a Python environment that satisfies the de-
pendencies of both the ML model and the selected explainer(s). Version conflicts between XAI
libraries and deep learning frameworks are common and should be resolved before training.

6. Train the model. Develop and train the ML model in accordance with the constraints iden-
tified in step 4. Ensure that any preprocessing (e.g., scaling, encoding) is applied consistently
during both training and explanation generation.

7. Generate explanations. Produce explanations for a representative sample of data points,
including both correctly and incorrectly predicted instances, as well as edge cases relevant to
the domain.

8. Evaluate explanation quality. Apply the proposed metrics (Effective Compactness, Rank
Quality Index, Stability) to the generated explanations. Compare scores against benchmark
values to verify that the explainer performs as expected on the specific dataset and model.

9. Use explanations for debugging. Treat explanation quality as a diagnostic signal. Investi-
gate discrepancies between benchmark and observed scores, or systematic differences between
explanations for correct versus misclassified predictions, to identify potential issues in the
model or data pipeline.

10. Integrate explanations into production. Once validated, produce explanations alongside
ML predictions as standard practice. Document the explainer configuration and metric scores
for auditability and regulatory compliance.

Finally, work is underway to extend the metrics to other data types: images, text, and graphs.
While also in this case most explainers produce attribution scores, the challenge is to extend the
metrics to encompass peculiar explanation types, such as subgraphs and walks for graphs, and
prototypes for images.

This empirical layer is complemented in subsequent chapters by referential transparency, where
the focus shifts from explanation of predictions to the traceability of generated outputs. Chapter 4
builds on this foundation by developing grounded generation methods for annotating and retrieving
evidence from visually rich financial documents, thereby linking model outputs to verifiable sources
and advancing the transparency stack towards comprehensive, auditable AI reasoning.
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Chapter 4

Keyword-based Annotation of
Visually-Rich Document Content
for Trend and Risk Analysis using
Large Language Models

This chapter builds on the study ”Keyword-based Annotation of Visually-Rich Document Content
for Trend and Risk Analysis Using Large Language Models” [33], conducted in collaboration with
Giuseppe Gallipoli, Simone Papicchio, Lorenzo Vaiani, Luca Cagliero, Politecnico di Torino, Turin,
Italy; and Daniele Borghi, Intesa Sanpaolo Innovation Center, Turin, Italy. The work was presented
at the Joint Workshop of the 7th Financial Technology and Natural Language Processing (FinNLP),
the 5th Knowledge Discovery from Unstructured Data in Financial Services (KDF), and the 4th
Workshop on Economics and Natural Language Processing (ECONLP), Turin, Italy, May 2024, and
published in the Proceedings. Minor adaptations and extensions have been introduced for coherence
within this thesis.

This chapter develops the second pillar of the transparency stack, namely grounded generation,
in the context of visually rich financial documents. The objective is to transform heterogeneous
pages of text, tables, and images into structured, auditable annotations that make subsequent
retrieval and analysis traceable. In the thesis narrative, this work supplies the referential layer that
links model outputs to verifiable evidence, preparing the ground for retrieval-augmented pipelines
introduced later in Part II.

Methodologically, the chapter presents a practical pipeline for keyword-based annotation under
real operational constraints. Given a facet of interest, it generates candidate keywords and short
descriptions, segments documents into textual paragraphs, tables, and images, and produces textual
equivalents where direct extraction is unreliable. Elements and keyword descriptions are embedded
for semantic comparison, and keywords are assigned by unsupervised similarity, with optional large
language model prompting for re-ranking. Care is taken to handle layout variability and duplication,
and to preserve provenance so that each annotation remains inspectable.

The empirical study evaluates the pipeline on bilingual, in-domain collections curated with Intesa
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Sanpaolo and Intesa Sanpaolo Innovation Center. Annotation quality is assessed with information
retrieval metrics, and description quality is assessed both automatically and through human expert
judgement. The analysis compares open-source and proprietary model families in zero-shot and
few-shot settings. Proprietary embeddings yield the strongest semantic matching; open-source
models are competitive for keyword generation; GPT-4 produces higher quality descriptions. These
findings inform design choices for reliable, traceable annotation in production workflows.

Within the broader thesis, the annotated corpora and the lessons from this study support
the construction of Retrieval-Augmented Generation systems that meet referential transparency
requirements. The next chapters build on this foundation by strengthening evidence attribution,
retrieval, and summarisation, and by evaluating answer faithfulness on financial question answering
tasks.

4.1 Background and motivation

Understanding and exploring the content of visually-rich documents, such as Portable Document
Format (PDF) files and scanned documents, is of primary importance for trend and risk analysts
in the banking and finance sectors. As these documents exhibit variable layouts and content,
comprising text, images, and tables, their thorough interpretation requires advanced multimodal
learning capabilities.

This study aims to enhance the research and analysis capabilities of a primary Italian financial
institution, with a focus on emerging trends within national and international contexts. Strength-
ening these functions is crucial for the bank’s strategic positioning and for delivering value-added
services to customers. Partial automation of the research process enables the inclusion of a broader
range of data sources that were previously untapped due to operational constraints. Given the
relentless flow of information in today’s environment, this constitutes a strategic step towards ex-
panded informational access and a stronger ability to adapt proactively to market evolution.

A financial document annotator is introduced for bank analysts, relying on multimodal Large
Language Models (LLMs). Given a topic of interest (hereafter denoted by facet), a list of facet-
related keywords is generated, together with the corresponding textual descriptions and high-
dimensional vector representations. In parallel, multimodal document content is partitioned into
textual paragraphs, images, and tabular elements, and processed to obtain embeddings of their
textual equivalents. The annotation process is then treated as a keyword retrieval task over doc-
ument elements, driven by textual semantic similarity. An extensive empirical analysis, supported
by a bilingual testing collection and expert validation of keyword descriptions, provides an in-depth
performance comparison between the open-source Meta AI Llama2 and the proprietary OpenAI
GPT-4 models.

4.2 Problem statement

Given a set of multi-page financial documents D and a set of facets F describing the topics of
interest, the objectives are threefold:

1. Keyword generation and description. Generate for each facet fi ∈ F a set of keywords
kj ∈ Ki related to fi. Next, annotate each keyword kj with a free-text description descr(kj)
summarising its general meaning.
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④③

②

LLM

k1 :  descr(k1)
k2 :  descr(k2)

... 
kj :  descr(kj)

①

 e1  →  k2
 e2  →  k3

 ...
   el   →  kj   

Figure 4.1: The figure illustrates the main steps of the proposed method: (1) keyword and de-
scription generation; (2) document preprocessing; (3) document element and keyword description
encoding; and (4) keyword-based content annotation. In step (3), blue and red dots represent the
embedding representations of document elements and keyword descriptions, respectively.

2. Captioning of non-textual document elements. Produce textual descriptions of multi-
media document elements el ∈ Em, where an arbitrary element el in a document dm ∈ D can
be either an image, a table, or a textual paragraph.

3. Keyword-based content annotation. For each element el, retrieve the keywords kj that
are most relevant to el.

The goal is to compare the performance of LLMs, in zero-shot or few-shot learning, to address
all the above-mentioned tasks. Hereafter, Llama2 [125] (Large Language Model Meta AI (Llama))
or its Italian version Camoscio [114]) is considered as the representative open-source model and
GPT-4 [94] (Generative Pretrained Transformer (GPT)) as the representative proprietary model.

4.3 Proposed approach

The main steps of the method are described below. A sketch of the proposed pipeline is displayed
in Figure 4.1.

4.3.1 Generation of keywords and keyword descriptions

Given a user-provided facet name fi, the LLM is used to automatically generate a set of related
keywords kj as well as the corresponding free-text descriptions descr(kj).

The following settings are explored:

� Zero-Shot learning – Cold Start Setting: The LLM is prompted with the facet name only. It is
assumed that neither facet-relevant keywords nor examples of textual descriptions is available.

� Few-Shot learning – Cold Start Setting: The LLM is prompted with the facet name and h
examples chosen randomly from keywords and their corresponding descriptions, previously
provided by the domain expert. In this case, some examples of keyword descriptions are
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available, but no facet-related keyword is necessarily known, since the selected examples are
not required to be related to the input facet.

� Few-shot learning – Additional Keyword Recommendation: The LLM is prompted with the
facet name and h examples of facet-related keywords and their corresponding descriptions.
In this case, the examples are not chosen randomly but shortlisted by a human expert (e.g.,
by validating a previous output).

In few-shot learning settings, the input examples are chosen so that they do not overlap with the
keyword currently being prompted.

The output of this step is then used in the keyword-based content annotation stage.

4.3.2 Document pre-processing

To process the input PDF documents, three main element types are extracted: (i) textual para-
graphs (e.g., titles, sections, subsections), (ii) visual items (e.g., images, sketches of architec-
tures/processes/pipelines, iconography, graphical examples), and (iii) tables.

Textual paragraphs and tables are extracted from PDF documents using the proprietary Doc-
ument Intelligence service provided by the Azure AI platform [5]. For visual and textual content
extraction, the following challenges arise:

� Slide extraction: Some input documents consist of slide presentations, which are unsuitable
for text and image extraction using standard content extraction tools. To address this issue,
textual explanations of slide content are generated opportunistically using the Multimodal
Large Language Model GPT-4 Vision [94]. Specifically, an ad hoc Convolutional Neural
Network (CNN) is trained to automatically detect the presence of presentation slides on a
PDF document page. If a page is classified as a slide, the input is processed directly by the
Multimodal LLM.

� Paragraph length: Some extracted textual elements contain few words, likely due to misalign-
ment of PDF content. To mitigate this, textual elements consisting of fewer than four words
are discarded.

� Redundant table content: The textual content within table cells sometimes appears incorrectly
twice, in separate tabular and textual elements. During table extraction, potential overlaps
between the table bounding box and text positions are detected early. Duplicated text is then
disregarded whenever it is not deemed relevant.

� Irrelevant images: The image detector module also recognises irrelevant visual items such as
banners or graphical separators. Boundary regions of each document page (e.g., the bottom of
the page) are defined, and all images placed in those regions are ignored, as they are unlikely
to convey informative content. To prune irrelevant content, the following filters are applied
to all visual elements: (1) Minimum image size: visual elements containing fewer than 150
pixels are dropped; (2) Minimum height-width ratio: visual elements whose absolute ratio is
above 500
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4.3.3 Keyword-based content annotation

For each document element el within each multi-page financial document dm ∈ D, the keywords kj
most relevant to el are retrieved. Specifically, a ranked list k1el,dm

, ..., kKel,dm
of the top-K keywords

assigned to el is returned. Note that the assigned keywords may refer to any facet, and the retrieved
list can be empty.

The retrieval of keywords for text-only content is conducted in an unsupervised fashion using
various textual similarity approaches, including both syntax-oriented and semantic-oriented meth-
ods. For each document element el, the K keywords whose textual descriptions are most similar to
el are assigned according to the following measures:

� Syntactic similarities: (1) ROUGE-1/2/L F1-Score [66] measures syntactic overlap in
terms of common unigrams, bigrams, or longest matching subsequence; (2) the Levenshtein,
Jaro, and Jaro-Winkler edit distances measure the number of character-level operations
needed to transform one piece of text into another.

� Semantic similarity: SentenceBERT [109] and proprietary embeddings, used to compare
document elements and keyword descriptions via cosine similarity.

Additionally, GPT-4 is prompted with both the document element to be labelled and all possible
keywords, requesting the assignment of the K most pertinent ones.

For simplicity, Figure 4.1 displays document elements and keyword descriptions as embedding
representations in a latent space. However, the syntactic similarity and prompting approaches
described above are also considered.

4.4 Experimental evaluation

Experiments were run on a machine equipped with a single NVIDIA® RTX A6000 48GB GPU.
Standard Python libraries were used to compute syntactic similarity measures, whereas semantic
similarity employed the SentenceBERT paraphrase-MiniLM-L6-v2model and text-embedding-ada-002
as the proprietary OpenAI model. Llama2-Chat 7B with 16-bit quantisation was employed. GPT-4
(gpt-4-0613), GPT-4 Vision (gpt-4-1106-vision-preview), and text-embedding-ada-002 were
accessed through the OpenAI API.

Dataset. Business Units provided the following two in-domain datasets: (1) Information and
Communication Technology (ICT) Risk Analysis, consisting of 11 documents and annotated
with 2 facets and 25 keywords. It contains 991 textual elements, 13 images, and 15 tables. (2)Trend
Analysis, consisting of 4 documents, annotated with 1 facet and 12 keywords, and including 69
images. Most images are presentation slides, which were handled by the LLM to obtain textual
reformulations. Additional facets and keywords, along with their corresponding descriptions (92
overall), were also available, although not used for element annotation.

Evaluation Metrics. The efficacy of element annotation was evaluated using the following in-
formation retrieval metrics [78]:

� Precision at K (P@K): percentage of returned keywords that occur in the expected keyword
list.
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� Recall at K (R@K): percentage of expected keywords that occur in the returned keyword
list.

� Mean Reciprocal Rank (MRR): mean of the multiplicative inverse of the rank of the first
correctly assigned keyword.

where K is the number of keywords retrieved that are considered. The rank order is based on the
similarity score used to retrieve the keywords.

Keyword and description generation were assessed by comparing the produced and expected out-
comes using established sequence-to-sequence metrics, i.e., ROUGE-1/2/L (R1/2/L) F1 score [66]
for syntactic similarity and BERTScore (BS) F1 score [140] for semantic similarity.

Prompt description. The prompts for keyword and description generation were defined through
a small number of iterative trials with domain experts. The design objective was to obtain concise,
domain-relevant outputs with a stable structure that could be parsed automatically. For both
models, the prompts explicitly specified the task (keyword generation or description), the target
domain, the output language, and the desired output format (plain lists or short paragraphs), while
keeping instructions as short as possible to reduce prompt sensitivity.

For keyword generation, we adopted a minimal, imperative style that foregrounds the facet
name and the number of requested keywords:

Keyword generation: The [K] most relevant keywords for the [FACET] domain are:

where [K] and [FACET] are replaced with the desired number of keywords and the facet name of
interest, respectively. In the few shot settings, this template is preceded by a short block of in-
put–output examples of the form Facet: [FACET EXAMPLE]; Keywords: [KEYWORD 1], [KEY-
WORD 2], ..., selected from expert-provided annotations. Examples are chosen to avoid overlap
with the facet currently being evaluated, to limit lexical priming and data leakage.

For description generation, the prompt was designed to elicit short, self-contained explanations
that resemble glossary entries:

Description generation: Explain in a few lines the word between the quotation marks: “[KEY-
WORD]”

where [KEYWORD] is replaced with the keyword for which to generate a description. In the
few shot setting, one to three examples of the form “[KEYWORD EXAMPLE]”: [DESCRIP-
TION EXAMPLE] are prepended to the prompt. For Italian experiments, the same templates
were used with literal translations and explicit specification of the Italian language in the instruc-
tion. For all models, generation parameters were kept fixed across runs (temperature, maximum
length, and nucleus sampling) to reduce stochastic variability and to make quantitative comparisons
reproducible.

4.4.1 Results on content annotation

Textual semantic similarity based on contextual embeddings and LLM prompting achieved very
promising results (MMR above 0.7) and outperformed both syntactic measures and edit distances
(see Table 4.1). System precision decreased as the number K of retrieved keywords increased,
whereas recall exhibited the opposite trend (see Figure 4.2). Similarity based on OpenAI embed-
dings performed best; for K = 3, P@K > 40% and R@K > 50% on both ICT Risk and Trend.
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Similarity measure ICT Risk Analysis Trend Analysis
R1 0.458 0.300
R2 0.367 0.279
RL 0.472 0.258
Levenshtein 0.347 0.247
Jaro 0.483 0.249
Jaro-Winkler 0.483 0.249
SentenceBERT 0.658 0.430
embedding-ada-002 0.779 0.610
GPT-4 0.729 0.500

Table 4.1: Mean Reciprocal Ranks.

K = unspecified K = 3 K = 5 K = 10 K = 20
GPT-4 Llama2 GPT-4 Llama2 GPT-4 Llama2 GPT-4 Llama2 GPT-4 Llama2

RL 0.051 0.066 0.070 0.062 0.058 0.062 0.057 0.065 0.058 0.060
BS 0.860 0.859 0.862 0.864 0.861 0.863 0.865 0.860 0.861 0.857
P@K 0.771 1.000 1.000 1.000 1.000 1.000 0.867 0.944 0.833 0.894
R@K 0.447 0.296 0.133 0.133 0.221 0.221 0.375 0.420 0.721 0.783

Table 4: Evaluation of keyword generation for varying K. ICT Risk Analysis dataset. English
language.

4.4.2 Results on keyword and description generation

Tables 2 and 4 summarise system performance on keyword description and keyword generation
tasks, respectively. Due to space constraints, only outcomes on a single dataset, i.e., ICT Risk, are
reported for both languages.

� Proprietary vs. open-source LLM : The proprietary model GPT-4 outperformed open-source
models (Llama2/Camoscio) on keyword description generation for both tested languages (e.g.,
+33% ROUGE-1 on Italian documents). Conversely, open-source LLMs were highly compet-
itive on keyword generation, likely because training examples of smaller models are more
focused on specific domains, such as finance. This trend is confirmed by the results on Italian
documents (not shown here due to space constraints).

� Italian vs. English: Both LLMs performed better on English than on Italian text. The gap
in performance was more evident for the open-source LLMs, e.g., ROUGE-1 for description
generation 0.31 Italian vs. 0.39 English.

� In-context learning : Prompting LLMs with few training examples (from 3 to 5) was beneficial
for both keyword generation and description generation. Few-shot learning proved more
beneficial for open-source LLMs because of their lower pre-trained model complexity.
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Figure 4.2: Precision@K and Recall@K values of different similarity measures on the ICT Risk
Analysis (left) and Trend Analysis (right) datasets. English language.

4.4.3 Human evaluation

Each generated description, for both Italian and English languages, was annotated by five domain
experts using a 5-point Likert scale based on five criteria [49]: (1) Usefulness (effectiveness in con-
veying key information); (2) Coherence (logical and semantic coherence); (3) Non-Redundancy
(conciseness); (4) Grammaticality (linguistic correctness); and (5) Overall Quality (holistic
evaluation of the generated description).

Results (see Table 3) were satisfactory and aligned with the quantitative outcomes (see Sec-
tion 4.4.2). The perceived quality of Italian-written descriptions was lower than that of English
ones, likely due to more limited model capabilities on languages other than English.

4.4.4 Qualitative examples

To illustrate the proposed approach, examples of outputs of the different steps are provided below.
Considering the ICT Risk Analysis dataset, one of the keywords associated with the cyber risk

facet is third-party risk.

Reference description: It refers to the potential risks or threats to an organization arising from
relationships with third parties, such as suppliers, business partners, or external contractors. These
risks [...]

Generated description: It is the risk that arises from the use of third-party vendors, suppliers, or
partners that provide goods or services to an organization. Third-party risk can include a wide range
of [...]

Document element: The image presents [...] in the context of retail banking leaders. [...] security
providers aim to protect company, payment, card, and consumer data [...] the importance of various
data privacy and security measures and where they stand in terms of industry focus and market
trends.

Target keywords: third-party risk, regulation
Assigned keywords: third-party risk, regulation, compliance
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Italian English
Camoscio GPT-4 Llama2 GPT-4

R1 0.310 0.413 0.394 0.437
R2 0.082 0.169 0.131 0.150
RL 0.208 0.279 0.254 0.284
BS 0.719 0.773 0.760 0.902

Table 2: Evaluation of keyword description generation performance. ICT Risk Analysis dataset.

Italian English

Usefulness 4.38±1.60 4.33±1.78
Coherence 4.52±0.93 4.62±1.15
Non-Redundancy 4.38±1.12 4.52±1.11
Grammaticality 4.60±0.73 4.81±1.20
Overall Quality 4.33±1.37 4.34±1.66

Table 3: Human evaluation of keyword descriptions. ICT Risk Analysis dataset.

4.4.5 Qualitative examples

To illustrate the behaviour of the proposed pipeline, this subsection reports qualitative examples
covering both successful and less successful cases of annotation.

Considering the ICT Risk Analysis dataset, one of the keywords associated with the cyber risk
facet is third-party risk.

Reference description: It refers to the potential risks or threats to an organization arising from
relationships with third parties, such as suppliers, business partners, or external contractors. These
risks [...]

Generated description: It is the risk that arises from the use of third-party vendors, suppliers, or
partners that provide goods or services to an organization. Third-party risk can include a wide range
of [...]

Document element: The image presents [...] in the context of retail banking leaders. [...] security
providers aim to protect company, payment, card, and consumer data [...] the importance of various
data privacy and security measures and where they stand in terms of industry focus and market
trends.

Target keywords: third-party risk, regulation
Assigned keywords: third-party risk, regulation, compliance

In this example the generated description is close in content and style to the expert-written
one, and the annotation step correctly recovers both target keywords. The additional keyword
compliance reflects a broader regulatory framing of the same passage. Domain experts regarded
this as acceptable enrichment rather than a genuine error, since governance and compliance aspects
are discussed explicitly in the surrounding text.

The pipeline produces informative, domain-appropriate annotations in many practical situa-
tions, while still exhibiting characteristic failure modes linked to facet ambiguity, overlapping key-
word definitions, and language coverage.
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4.5 Discussion

The empirical evaluation of the automatic pipeline for annotating visually-rich financial documents
yields several practical insights: (1) Semantic similarity : proprietary embeddings outperform open-
source solutions for both Italian and English text; (2) Keyword generation: open-source LLMs
perform as good as or even better than GPT-4 in zero-shot and few-shot learning settings on the
tested documents, likely due to a higher in-domain specialization; (3) Description generation: GPT-
4 performs best, while open-source LLMs perform reasonably well. Human feedback is in line with
quantitative results based on established performance metrics.

Possible directions for future research include integrating the proposed method within a Retrieval
Augmented Generation system and exploring zero-shot document classification by leveraging addi-
tional keywords that were not used for annotation. Another avenue is to evaluate the capabilities
of other multimodal LLMs (e.g., LLaVA [68]) for generating textual descriptions of multimedia
document elements.

� Text-only processing. This study focuses on textual content, whether originally textual
or converted from visual formats. Visual and tabular content is not embedded directly. Ex-
tending the approach to handle native visual and tabular inputs would enable the adoption
of state-of-the-art multimodal learning techniques.

� Limited robustness to document layout variety. Document structures vary substan-
tially within and across domains, which may introduce inconsistencies in pre-processing and
content extraction. Such variability can lead to suboptimal results in the subsequent anno-
tation phase. The pre-processing and extraction pipeline will be refined as new document
layout understanding models become available.

� Limited scope of Multimodal LLM reasoning. When text cannot be reliably extracted,
in particular from presentation slides, GPT-4 Vision is used to generate textual explanations.
The generated text may omit useful content or introduce inaccuracies; however, manual in-
spection suggests that the resulting explanations are adequate for the present purposes. A
more systematic assessment of multimodal LLM capabilities on visually rich, domain-specific
content is planned.

This chapter established the referential layer of the transparency stack for visually rich finan-
cial documents. It presented a keyword-based annotation pipeline that converts heterogeneous
pages into traceable links between document elements and facet-specific keywords, with provenance
preserved for audit. In the thesis narrative, these annotations realise grounded generation, since
outputs can be tied to verifiable evidence within the source documents.

The annotated corpora, together with the element-level provenance signals, provide the founda-
tion for Retrieval Augmented Generation pipelines developed in the next chapter. Chapter 5 builds
directly on this groundwork to study answer synthesis over retrieved passages, comparing classical
RAG with explicit summarisation strategies, and aligning referential transparency with concise,
well-attributed answers.
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Chapter 5

Retrieval Augmented Generation
of Summarized Answers on
Visually-Rich Documents for
Trend and Risk Analysis

This chapter builds on the study ”Retrieval Augmented Generation of Summarized Answers on
Visually-Rich Documents for Trend and Risk Analysis” [32], conducted in collaboration with Giuseppe
Gallipoli, Luca Cagliero, Alessandro Mosca, Politecnico di Torino, Turin, Italy; and Daniele Borghi,
Intesa Sanpaolo Innovation Center, Turin, Italy. The work was presented and discussed at the 9th
International Workshop on Data Analytics solutions for Real-LIfe APplications (DARLI-AP), co-
located with the EDBT/ICDT 2025 Joint Conference, Barcelona, Spain, 2025, and published in
CEUR Workshop Proceedings, Vol-3946. Minor adaptations and extensions have been introduced
for coherence within this thesis.

This chapter advances the second pillar of the transparency stack, grounded generation, by
studying Retrieval Augmented Generation on visually rich documents with an explicit focus on
answer synthesis. Financial Trend and Risk Analysis relies on documents that mix text, tables,
and figures; answers drawn from such sources are often verbose and repetitive, which undermines
usability and obscures attribution. Building on the evidence-centred annotation workflow in Chap-
ter 4, the present work examines how to produce concise answers while preserving traceability to
the retrieved passages.

The contribution is a comparative evaluation of three strategies for producing synthesised an-
swers from retrieved evidence: classical RAG without explicit compression, direct summarisation of
the retrieved passages, and a cascade that summarises the answer produced by classical RAG. The
pipeline segments and describes multimodal elements to enable retrieval over textual equivalents,
then applies alternative summarisation modules, including large language models and traditional
sequence-to-sequence systems. Evaluation combines automatic metrics that capture lexical overlap,
semantic alignment, and keyword fidelity with a human assessment of grammaticality, usefulness,
coherence, and non-redundancy.
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The results indicate that direct summarisation of retrieved passages yields the most concise
and well-attributed answers, with proprietary large language models outperforming open-source
models and traditional summarisers. Cascading a summariser on top of a classical RAG answer
is consistently detrimental; compressing the retrieved evidence is more effective than compressing
an already generated response. These findings refine the design space for grounded generation in
financial settings, linking referential transparency to practical answer quality.

Within the thesis narrative, this chapter connects the evidential groundwork of Chapter 4 with
subsequent analysis of retrieval and answer faithfulness. The insights reported here inform prompt
design, module choice, and evaluation protocols for RAG pipelines that must balance concision,
fidelity to sources, and operational constraints.

5.1 Background and motivation

Visually-Rich Documents (VRDs) are types of documents that are commonly used in the banking
sector to perform Trend and Risk Analysis (TRA). They consist of visual and textual elements
such as charts, diagrams, textual paragraphs, and tables. Multimodal elements collectively refer to
semantic entities whose identification, comprehension, and elaboration are crucial to solve advanced
reasoning tasks such as Visual Question Answering [132], Entity Linking [16], and Key Information
Extraction [22].

In the banking sector, analysts of TRA units often need to query financial VRDs to gain insights
into the latest advancements in economic and technological fields. To support this time-consuming
activity, the use of Large Language Models has become increasingly appealing [61]. Specifically,
Retrieval Augmented Generation (RAG) systems combine the effectiveness of Information Retrieval
modules, which extract passages relevant to the analyst-generated question, with the generative
capabilities of LLMs [29]. Existing RAG applications to financial documents mainly focus on
textual reports [136, 142], with limited research devoted to multimodal sources [33, 133], which are,
however, of major interest for TRA banking units. Although RAG answers produced by LLMs are
expected to be relevant to the input question, their conciseness and non-redundancy are usually
not guaranteed by design. However, especially when dealing with financial VRDs, the multimodal
content and its textual reformulations are often characterized by a fairly high level of verbosity,
making the generated answers not sufficiently focused.

As a response to this issue, a RAG system was designed and implemented, and then tested on
financial VRDs provided by the separate TRA units of a primary banking institution. Subsequently,
given the textual passages shortlisted by the multimodal retrieval step, the level of synthesis of
the RAG outputs produced by three alternative strategies is compared: (S1) Classical RAG:
The LLM is prompted with the content of the retrieved passages without explicitly enforcing any
summarization constraints; (S2) Summarization: The retrieved passages are summarized by an
ad hoc summarization module; (S3) Cascade of RAG and Summarization: The output of S1
is summarized by an ad hoc summarization module.

The summarization performance achieved by the above-mentioned strategies S1–S3 is compared
against a human-generated ground truth to address the following research questions:

(Q1) Are LLMs effective in summarizing TRA document passages?

(Q2) To what extent are RAG outputs less similar than summarizers’ outputs to ground truth
summaries?
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(Q3) Is it beneficial to apply text summarization on top of the Classical RAG answers?

5.2 Problem statement

Given a set of Visually-Rich Documents D related to Trend, Innovation, and Risk Analysis in the
banking sector and a textual question t ∈ T on D, the RAG system returns the answers to each
question t by performing the following steps: (1) Document chunking and encoding : it recognizes
and splits the visual and textual elements in the documents’ content, generates alternative textual
descriptions of the visual elements, and encodes the text corresponding to each element separately;
(2) Passage retrieval : it encodes the question t and retrieves the top-k passages P t from D that
are most relevant to t; (3) LLM prompting : it prompts the LLM with both the question t and the
retrieved passages P t. Note that Classical RAG prompts are designed for Question Answering and
do not include any explicit summarization step.

The analysis focuses on the level of synthesis of the RAG output RAGP
t . Specifically, given

an input question t ∈ T , the corresponding passages P t and the (human-generated) ground truth
summary GT t

P of P t are compared with the following outputs:

1. Classical RAG: The final output of the RAG, denoted by RAGP
t ;

2. Summarizer: The output of an external summarizer that takes as input P t, denoted by St
P ;

3. Cascade of RAG+Summarizer: The output of an external summarizer that takes as input
the RAG output RAGP

t , denoted by S-RAGP
t .

The diagram in Figure 5.1 illustrates the scenario under analysis, where similarities between
retrieved passages and outputs are depicted using blue dashed lines, and similarities between outputs
and ground truth summaries are depicted using red dashed lines. The summarizer module is not
necessarily integrated into the RAG system, as various summarization approaches and models are
explored, including abstractive summarization (using both LLMs and non-LLM models) and hybrid
strategies combining extractive and abstractive methods.

5.3 Settings of RAG and Summarizers

The RAG system is implemented using the LangChain framework.
Document chunking and encoding The VRD elements are detected using the proprietary

Document Intelligence service provided by the Azure AI platform [83], and alternative textual
descriptions of visual contents are generated using the Multimodal LLM GPT-4o [95]. To encode
the VRD elements, the OpenAI text-embedding-ada-002 embedding model is used.

Passage retrieval Passages are retrieved via textual semantic similarity. Specifically, the tex-
tual content associated with the k elements in D whose embeddings maximize the cosine similarity
with the t’s encoding is retrieved.

LLM prompting The proprietary LLM GPT-4o is considered, and the following prompt is
used:

You are a virtual assistant that can do Q&A. Try to answer without using bullet points.
Given the following context, write a text that highlights the topics discussed in the
question. If any of the context elements are not useful, ignore them. If you don’t know
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Figure 5.1: Sketch of our research scenario. Given a RAG system and an external summarizer, the
similarities between the outputs of the RAG system and the summarizer are analysed with both
the retrieved passages (shown as blue dashed lines) and the ground truth summaries (shown as red
dashed lines).

the answer, just say you don’t know, don’t try to invent an answer, but say that the
documents you have can’t satisfy the request.
[context]
[question]

where [context] and [question] are the retrieved passages and the current question, respec-
tively.

External summarizers Experiments are conducted with traditional Transformer-based mod-
els, i.e., LED [10], which is suited to long documents, PEGASUS [138], BART [62], and T5 [108],
three open-source LLMs, i.e., Llama3-Instruct 8B [71], Zephyr 7B [126], and Mistral-Instruct 7B [55]
and one proprietary LLM, i.e., GPT-4o [95]. For LLM-based summarization, the following prompt
is used:

Summarize the following text.
Focus on the topic of [keyword]: [to summarize]

where [keyword] is replaced with the question expressed as a keyword and [to summarize] with
the corresponding retrieved passages to summarize. Two hybrid strategies combining extractive
summarization using graph-based (TextRank, LexRank) or clustering (K-Means) methods with an
LLM-based generative step are also tested.

5.4 Strategies for similarity computation

The pairwise textual similarities between passages, LLM answers, and summaries are evaluated
using the following strategies:
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Syntactic similarity The ROUGE-1/2/L (R1/2/L) F1-score is computed [66], indicating
the unit overlap between the generated text and the ground truth in terms of unigrams, bigrams
or longest common subsequence.

Semantic similarity The BERTScore (BS) F1-score is employed [140], leveraging BERT to
compare the contextualised embeddings of the generated text and the ground truth. BS is used
as a soft indicator of semantic relatedness rather than exact meaning preservation: distributional
embeddings may assign relatively high scores to sentences that differ in polarity or contain antonyms
(for example, “risk increased” vs. “risk decreased”), because they capture contextual similarity
more readily than logical opposition. For this reason, BS is always interpreted jointly with ROUGE,
keyword F1, and human judgements when assessing the quality and factual consistency of generated
summaries.

Keyword-based similarity KeyBERT [41] is adopted to extract keywords from both the
generated text and the ground truth, and then the corresponding F1-score is computed.

LLM-based similarity GPT-4o is prompted with the generated texts and the ground truth
summary, asking it to identify which model’s answer is better.

5.5 Experimental results

Open-source models are accessed via the Hugging Face Transformers library, and the proprietary
GPT-4o (gpt-4o-2024-05-13) model [95] is accessed using the OpenAI API. Experiments were con-
ducted on a machine equipped with an Intel® CoreTM i9-10980XE CPU, 1 × NVIDIA® RTX
A6000 48GB GPU, and 128 GB of RAM, running Ubuntu 22.04 LTS.

Datasets Three proprietary collections of English VRDs were analysed, provided by the
following TRA units of a leading banking institution: (1) ICT Risk: 10 documents related to
cyber risk, Distributed Ledger Technology, and AI in the ICT Risk area, containing 2800 textual
elements and 45 visual ones; (2) Innovation: 3 documents related to embedded finance/insurance,
digital players, and Digital Wealth Management, containing 82 textual elements and 32 visual ones;
(3) Trend: 5 documents related to specific technologies and technological fields such as hydrogen
economy, mainly containing visual elements (232).

TRA units’ experts were asked to generate questions corresponding to distinct keywords (72 for
ICT Risk, 19 for Innovation, and 11 for Trend). For each question, ground truth summaries were
manually annotated by at least 3 units’ experts.

Human evaluation of generated summaries To address Q1, a human validation of the
passage summaries generated by the best-performing open-source LLM, according to the automatic
evaluation metrics, and GPT-4o was conducted. TRA units’ experts evaluated each output as
Very Bad, Bad, Moderate, Good, or Very good, according to the following facets: Grammaticality,
Usefulness, Coherence, Non-Redundancy, and Overall Quality [50]. Across the three datasets (72
ICT Risk, 19 Innovation, and 11 Trend questions), each system produced one summary per ques-
tion, resulting in 102 summaries evaluated for each system. Multiple experts contributed ratings.
In line with common practice in NLP, the 5-point Likert responses are treated as approximately
interval-scaled and summarised using mean and standard deviation in Table 5.1; these values are
used descriptively to compare systems, and we additionally inspected the full distribution of rat-
ings (not reported here) to confirm that the observed ordering is robust. The results reported in
Table5.1 highlight GPT-4o’s superior summarization capabilities and, conversely, the limitations
of open-source summarizers on TRA-related VRDs. Notably, GPT-4o demonstrates significant im-

73



Chapter 5. Summarized RAG for Trend and Risk Analysis 5.5. Experimental results

Table 5.1: Human evaluation of summaries generated by the best-performing open-source LLM and
GPT-4o. Bold denotes the best score for each metric.

ICT Risk Analysis Innovation Analysis Trend Analysis

Llama3-Instruct GPT-4o Zephyr GPT-4o Zephyr GPT-4o

Grammaticality 4.08±1.21 4.44±0.67 4.35±0.53 4.53±0.45 4.06±0.91 4.23±0.75
Usefulness 3.23±1.64 3.40±1.34 3.20±1.72 3.40±1.79 2.99±1.65 3.76±1.56
Coherence 3.55±1.19 3.75±1.34 3.70±0.71 3.87±1.10 3.66±1.14 4.01±1.21
Non-Redundancy 3.00±2.58 4.15±1.35 3.78±0.76 3.91±1.13 3.44±1.74 3.90±1.20
Overall Quality 3.02±1.64 3.59±1.38 3.17±1.55 3.36±1.78 2.96±1.71 3.56±1.62

provements in both Non-Redundancy (e.g., 3.00 vs. 4.15 in ICT Risk Analysis) and Overall Quality
(e.g., 2.96 vs. 3.56 in Trend Analysis) criteria.

Comparison between RAG and summarizers’ outputs with respect to ground truth
summaries To address Q2, the similarities between the ground truth summaries and the outputs
are evaluated for: (1) the classical RAG (see line Output of Classical RAG in Table5.2), and (2)
the best configurations for each dataset of the different summarizers employed (see lines GPT-
4o, Llama3-Instruct, Zephyr, LED large, BART large, and hybrid strategies in Table5.2). The
results indicate that GPT-4o outperforms Classical RAG in terms of coherence with the ground
truth summaries, whereas all the other summarizers, including the open-source LLMs and hybrid
approaches, generally perform on par with or even worse than Classical RAG.

Effect of cascading RAG and Summarizer To address Q3, the line Output of Cascade
RAG+Summarizer in Table5.2 reports the summarization performance of the approach based on
applying summarization on top of the RAG output. In this case, GPT-4o is consistently used
as the best-performing model for summarization. The comparison with Classical RAG indicates
that cascading is never beneficial, even when employing the most effective summarizer, consistently
resulting in performance degradation. These findings suggest that, since RAG answers are not
specifically designed for the summarization task, concise answers condensing the relevant retrieved
information can be produced more effectively by applying an explicit summarization step directly
to the retrieved passages. Notably, summarizing the RAG output generated in the previous step
fails to achieve the same quality as a direct summarization step, leading to even lower performance.

LLM-based similarity An A/B test is carried out using GPT-as-an-expert to compare Clas-
sical RAG against summarizers’ outputs (see the left-hand side bars of the plots in Figure5.2) and
Cascade RAG+Summarizer against summarizers’ outputs (see the right-hand side bars). GPT-
4o, the best-performing open-source LLM for each dataset, and the best-performing traditional
Transformer-based model (non-LLM) for each dataset are considered as summarizers in the com-
parison. The results align with the automatic evaluation: GPT-4o as a summarizer outperforms
both Classical RAG and Cascade RAG+Summarizer (>80% vs. <20%), open-source LLMs per-
form comparably with them (both around 50%), whereas non-LLM summarizers demonstrate worse
performance (<20% vs. >80%).

Comparison between RAG and summarizers’ outputs with respect to retrieved
passages Instead of evaluating the similarities between the generated outputs and the ground
truth summaries (see Table5.2), in this analysis the retrieved passages are considered as references.
Specifically, Table5.3 reports the results of the comparisons between the retrieved passages and
the outputs of (1) the classical RAG (see line Output of Classical RAG in Table5.2), (2) the
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Table 5.2: Similarity results between RAG and summarizers’ outputs with the ground truth sum-
maries. Bold denotes the best score for each metric. ∗ and � denote results for which p < 0.05 with
respect to the outputs of Classical and Cascade RAG+Summarizer.

dataset model R1 R2 RL BS keyword F1 ∆ token

ICT Risk

Analysis

GPT-4o 31.2∗� 12.2∗� 18.1∗� 85.2∗� 10.0∗ 501�

Llama3-Instruct 29.5� 9.4 16.9� 83.0∗ 7.4 160∗�

LED large 22.1∗ 11.1 15.7 81.2∗� 12.0∗� 492�

TextRank + Llama3-Instruct 29.9� 9.1 17.2� 82.8∗ 8.4� 170�

K-Means + GPT-4o 23.8∗ 9.0 13.4∗ 85.0∗ 7.1 629∗�

Output of Classical RAG 29.1 9.0 16.2 84.4 7.1 504

Output of Cascade RAG+Summarizer 24.6 7.4 13.9 84.2 5.6 573

Innovation

Analysis

GPT-4o 33.6∗� 14.4� 21.2 86.0∗� 10.5� -67

Zephyr 29.7 9.9 17.0� 84.4 15.0� 68

BART large 26.5∗ 18.7� 23.7� 81.5 17.5 175

LexRank + Mistral-Instruct 32.4� 14.5� 15.4∗ 85.0 20.0∗� 65

TextRank + GPT-4o 28.1 7.8 16.2∗ 85.4 7.5 124

Output of Classical RAG 31.2 13.7 22.4 84.8 10.0 -34

Output of Cascade RAG+Summarizer 26.5 5.4 14.9 83.9 5.0 39

Trend

Analysis

GPT-4o 42.8∗� 20.6∗� 25.1∗� 87.0∗� 18.5∗� 245�

Zephyr 31.5� 13.1� 18.3� 85.8� 18.1∗� 538

LED large 31.0� 16.8∗� 20.4� 85.5 12.7 559

LexRank + Llama3-Instruct 36.3� 16.7 20.1� 85.8 15.7∗ -98∗�

TextRank + GPT-4o 26.7∗ 10.7 15.9 86.0� 14.4 621∗�

Output of Classical RAG 31.4 9.0 16.3 85.1 13.8 515

Output of Cascade RAG+Summarizer 24.3 6.4 12.9 84.3 10.0 609

cascade of RAG and summarizer (see line Output of Cascade RAG+Summarizer), and (3) the
best configurations for each dataset of the different summarizers tested (see lines GPT-4o, Llama3-
Instruct, Zephyr, LED large, BART large, and hybrid strategies).

In most cases, GPT-4o outperforms other approaches, including open-source LLMs, traditional
Transformer-based models, and hybrid strategies, achieving significantly higher performance com-
pared to both Classical and Cascade RAG+Summarizer outputs. Consistent with the previous
analysis, applying an additional summarization step on top of the RAG output proves detrimental,
leading to lower scores across all metrics. The results align with those obtained using ground truth
summaries as references. A key aspect is that higher similarity with respect to the retrieved pas-
sages indicates better attribution of the generated text to the source passages, which is particularly
relevant in TRA domains, where maintaining a high level of accountability to the document sources
is critical. In conclusion, the results indicate that GPT-4o, when used as a summarizer directly
applied to the retrieved passages, excels at generating summaries that align well with both the
ground truth summaries and the source documents. In contrast, the other summarizers, and in
particular the two types of RAG outputs considered, demonstrate lower performance.
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Figure 5.2: A/B tests using GPT-as-an-expert between (1) Left-hand side bars: Classical RAG out-
put RAGP

t (A) vs. summary output St
P (B); (2) Right-hand side bars: Cascade RAG+Summarizer

output S-RAGP
t (A) vs. summary output St

P (B).

5.6 Discussion

The analysis examined methods for summarising passages retrieved by a RAG system indexing
financial VRDs for Trend and Risk Analysis in the banking sector. In absolute terms, the ROUGE,
BERTScore, and keyword F1 values reported in Tables 5.2 and 5.3, as well as the mean human
ratings in Table 5.1, may appear moderate rather than high. This behaviour is consistent with the
difficulty of the task, where short abstractive summaries must condense information from long, mul-
timodal, domain-specific documents; even human-written references exhibit limited lexical overlap
with system outputs, and experts apply a stringent rubric that penalises residual redundancy and
missing nuance. For this reason, the discussion focuses on relative differences between systems un-
der a fixed evaluation protocol, which still reveal consistent gains for GPT-4o over Classical RAG
and the other summarisers across datasets and metrics. In interpreting the results, BERTScore
is treated as complementary to ROUGE and keyword F1, since embedding-based similarity can
overestimate the closeness of summaries that differ in sentiment or contain antonymic formula-
tions; factual coherence is therefore ultimately validated through the human evaluation protocol.
Using proprietary LLMs as summarisers improves the level of synthesis of classical RAG outputs,
whereas open-source LLMs and traditional summarisers do not yield substantial performance gains
given the complexity of multimodal, domain-specific sources. Applying summarisers directly to
the retrieved passages is more effective than cascading RAGs with an additional summarisation
step. Possible directions for future research include generating summarised answers using RAG
systems with different characteristics, evaluating them on established benchmarks, and exploring
sequence-to-sequence models specialised for languages other than English [59]. Another avenue is
the development of explanation methods that highlight the weaknesses of RAG outputs.

The following limitations of this work are acknowledged:
Open-source LLMs Due to computational constraints, only the 8B-parameter version of

Llama3-Instruct was tested. As a future extension, a broader suite of open-source LLMs with
varying levels of complexity will be evaluated. Despite their smaller number of parameters, the
open-source LLMs considered show fairly good performance, in some cases comparable to that of
larger, proprietary models.

Model fine-tuning Currently, neither the LLMs nor the traditional Transformer-based model

76



Chapter 5. Summarized RAG for Trend and Risk Analysis 5.6. Discussion

Table 5.3: Similarity results between RAG and summarizers’ outputs with the retrieved passages.
Bold denotes the best score for each metric. ∗ and � denote results for which p < 0.05 with respect
to the outputs of Classical and Cascade RAG+Summarizer.

dataset model R1 R2 RL BS keyword F1 ∆ token

ICT Risk

Analysis

GPT-4o 45.5∗� 27.2∗� 35.4∗� 88.7∗� 36.6∗� 433�

Llama3-Instruct 37.6 22.4 22.8 84.5 21.1 50�

LED large 33.2 28.5∗� 20.7� 83.4 32.6∗� 473�

TextRank + Llama3-Instruct 36.8 24.1� 22.9 84.6� 23.1 187�

K-Means + GPT-4o 36.1� 21.6� 23.8 84.8� 29.3∗� 593�

Output of Classical RAG 33.5 17.8 23.9 86.5 20.8 494

Output of Cascade RAG+Summarizer 28.2 12.9 19.5 85.9 17.9 557

Innovation

Analysis

GPT-4o 41.8∗� 21.8∗� 32.7∗� 87.9∗� 31.0∗� 228

Zephyr 37.6� 22.6� 27.9∗� 86.1∗� 25.8∗� 230

BART large 39.6� 34.8∗� 37.2∗� 88.3∗� 42.7∗� 338∗�

LexRank + Mistral-Instruct 35.8� 19.3� 20.0 86.7 26.8∗� 224

TextRank + GPT-4o 39.9� 19.7 30.0 87.9∗ 32.5∗� 304

Output of Classical RAG 31.4 13.6 21.2 85.2 14.5 210

Output of Cascade RAG+Summarizer 27.1 8.7 17.1 84.9 15.7 256

Trend

Analysis

GPT-4o 42.5∗� 28.9∗� 32.7∗� 89.2∗� 36.7∗� 2133∗�

Zephyr 27.7� 21.4� 22.6� 85.8� 25.9∗� 2416

LED large 26.3� 26.1� 18.5� 85.7 27.1� 2407

LexRank + Llama3-Instruct 40.2∗� 21.9� 29.6� 86.4 24.7� 1764∗�

TextRank + GPT-4o 24.6� 11.7 22.1 86.6 27.0 2043�

Output of Classical RAG 24.5 11.8 15.7 85.8 16.5 2394

Output of Cascade RAG+Summarizer 18.7 8.2 11.9 85.0 12.8 2471

versions employed are specialised on domain-specific data. A selection of models will be fine-tuned
to generate more domain-aware summaries.

RAG architecture For visual elements, the retrieval module currently relies on semantic
similarity between textual descriptions of multimodal elements generated using GPT-4o. Future
work will explore the use of different multimodal LLMs that also capture layout information (e.g.,
LayoutLLM [77]) and will test them in combination with various document retrieval strategies.

This chapter operationalised grounded generation for visually rich financial documents, with a
focus on answer synthesis within Retrieval Augmented Generation. Within the transparency stack,
the results strengthen the second pillar by showing how traceable evidence can be transformed
into usable answers without eroding attribution. The evaluation protocol, combining automatic
metrics with expert judgement, demonstrates how concision, coherence, and source alignment can
be assessed under realistic operational constraints.

Chapter 6 extends this line of work from synthesised answers to end-to-end financial question
answering on regulatory reports. It introduces a benchmark of numeric indicators, a multi-stage
RAG architecture with contextual enrichment, advanced embeddings, and optional reranking, and a
separation of retrieval and generation evaluation using NDCG and accuracy conditioned on ground-
truth presence. The transition from passage-level synthesis to audited numeric answers consolidates
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grounded generation under deployment constraints, preparing the ground for subsequent analysis
of internal mechanisms.
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Chapter 6

Enhancing Financial Question
Answering Through
Retrieval-Augmented Generation:
A Novel Benchmark Dataset and
Multi-Stage RAG Architecture

This chapter consolidates the second pillar of the transparency stack, grounded generation, by in-
troducing a financial question answering benchmark and a multi-stage Retrieval-Augmented Gen-
eration architecture tailored to regulatory reports. Aligned with the thesis narrative, the objective
is to strengthen referential transparency under operational constraints, and to quantify reliabil-
ity through systematic evaluation. Building on the annotation and retrieval insights developed in
Chapters 4 and 5, the focus here is end-to-end performance on numeric indicators that are central
to risk and capital analysis.

The chapter presents a benchmark of 999 questions across 24 banks and five years, paired with a
corpus of annual and Pillar 3 reports. The pipeline integrates hierarchical chunking with contextual
enrichment, domain-strong dense embeddings, optional reranking, and controlled generation with
both a general-purpose model and a reasoning-oriented model. Evaluation separates retrieval and
generation, using NDCG@k for ranking quality and accuracy conditioned on ground-truth presence
in the retrieved context for answer quality. Latency and cost are recorded to reflect deployment
trade-offs.

Empirically, contextual enrichment combined with advanced embeddings yields substantial gains
in retrieval quality, while reranking provides mixed benefits when initial retrieval is already strong.
For generation, a reasoning-optimised model markedly improves numeric answer accuracy, although
at higher computational cost. These results provide design guidance for financial RAG systems that
must balance precision, traceability, and efficiency, and they complete the grounded generation layer
that supports the subsequent investigation of internal mechanisms in Chapter 7.
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6.1 Background and motivation

The extraction of key indicators such as capital ratios (e.g., CET1), liquidity reserves, or asset and
liability classifications requires substantial time, specialist skills, and cognitive effort from analysts
and auditors. This process is particularly difficult to scale in large-scale comparative contexts,
highlighting the need for automated analysis solutions.

Recent advances in Large Language Models (LLMs) have demonstrated remarkable capabilities
across various natural language processing tasks. However, LLMs face significant limitations when
applied to specialized financial domains, including the phenomenon of hallucinations—generating
plausible but factually incorrect responses—and knowledge cutoffs that prevent access to recent
financial data. To address these limitations, Retrieval-Augmented Generation (RAG) frameworks
have emerged as a promising solution, In the financial sector, institutions such as banks are required
to periodically publish detailed documents illustrating their financial position, capital levels, risk
exposure, and liquidity availability. These documents include financial reports prepared following
international accounting standards (International Financial Reporting Standards (IFRS) [48] or
Generally Accepted Accounting Principles (GAAP) [31]) and Pillar 3 reports prepared following
Basel Committee standards [7]. While essential for transparency and regulatory oversight, these
reports present significant analysis challenges due to their considerable length (often exceeding
hundreds of pages) and complex technical and legal structure.

This work addresses the critical need for effective financial question answering systems and
makes the following contributions:

1. A novel benchmark dataset is introduced, containing 999 questions related to key financial
indicators across 24 major international banks, spanning 2019–2023.

2. A comprehensive RAG architecture specifically optimized for financial document analysis is
presented, incorporating contextual chunk enrichment, hybrid retrieval strategies, and ad-
vanced reranking techniques.

3. An extensive experimental evaluation compares multiple retrieval approaches, embedding
models, and generation strategies, establishing new performance baselines for financial ques-
tion answering.

4. Significant performance improvements resulting from domain-specific optimizations are re-
ported, with retrieval accuracy increasing by 38.8% and generation accuracy by 34.4%.

Our research seeks to answer the overarching question:

Can the performance of Retrieval-Augmented Generation (RAG) systems for financial
question answering be improved through (i) enhanced retrieval techniques, specifically
changing the embedding model, applying chunk enrichment, and incorporating rerank-
ing, and (ii) improved generation techniques, specifically employing a reasoning-capable
model?
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6.2 Dataset

6.2.1 Dataset Structure

Our benchmark dataset was compiled by the Market and Counterparty Risk IMA Methodologies
group at Intesa Sanpaolo Milan, based on data collected annually for benchmarking operations and
comparative bank analysis. The dataset contains 999 rows representing financial questions across
10 key financial indicators.

The dataset structure includes the following components:

� Data: The name of the indicator of interest (10 data values). The financial indicators covered
include: Common Equity Tier 1 (CET1) capital, Day One Profit, Total Additional Valuation
Adjustments (AVA), Total Assets, Total Fair Value Level 1, 2, and 3 Assets, Total Fair Value
Level 1, 2, and 3 Liabilities.

� Year: The year to which the data refers, ranging from 2019 to 2023 (inclusive) (5 years).

� Bank: The bank to which the data refers (24 major international banks).

� Doc Type: indicates the type of document in which the data appears. It can be a Report or
a Pillar 3 document.

� Query: The queries submitted to the model. These follow a standardised format:

“What is the consolidated <Data> value in millions for <Bank> for the year
<Year>?”

� Value: column, which serves as ground truth and is a decimal number in millions. All ground
truths are “simple” values, i.e., they are not derived from a combination of other values.

� Numerical: column indicates whether the value is present in clear numerical form. For
example, sometimes there are indicators whose value is zero (21 cases). These can be indicated
in natural language or expressed in tables with dashes (−). The reason this table was added
is to better manage the retrieval phase.

� In table: column indicates whether the value appears in a table (Y), is present in the
document but not in a table (N).

� Source Document Year: column specifies the publication year of the document from which
the data was extracted. Financial reports commonly include comparative data, presenting
figures for the current reporting period alongside those from one or more previous years.
Consequently, the value for a specific financial indicator and year (e.g., 2022) might be sourced
from a document published in a subsequent year (e.g., the 2023 annual report). This means
the Source Document Year does not necessarily match the Year of the data point, a
characteristic that reflects real-world financial analysis practices and introduces a temporal
challenge for retrieval systems.
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Data Year Bank
Doc
Type

Query Value Numerical
In

table

Source
Document

Year

Total
Assets

2023
Banco
BPM

Report

What is the
Total Assets

value in million
for Banco BPM
for the year

2023?

202131.973 Y Y 2023

Table 6.1: Example of a row in the dataset

Total number
of documents

209
Total number
of chunks

150437

Mean number
of chunks

720
Max number
of chunks

2345

Mean number
of words/chunk

276
Max number
of words/chunk

19625

Mean number
of words/document

198515
Max number
of words/document

556505

Table 6.2: Detailed statistics of the dataset.

6.2.2 Dataset Statistics

Table 6.2 reports the corpus statistics: 209 documents segmented into 150,437 chunks, averaging
720 chunks per document with a maximum of 2,345. Each chunk contains on average 276 words
(maximum 19,625), while documents average 198,515 words with a maximum of 556,505.

6.2.3 Document Corpus

The dataset includes 209 financial documents:

� 120 Annual Financial Reports

� 89 Pillar 3 Reports

These documents span five years (2019-2023) and cover 24 major international banks including
both European institutions (Intesa Sanpaolo, UniCredit, BNP Paribas, Deutsche Bank, HSBC) and
American banks (JPMorgan Chase, Bank of America, Citigroup, Wells Fargo).

6.2.4 Dataset Characteristics

The dataset is characterized by several inherent challenges that mirror real-world financial analysis.
These include the structural complexity of financial documents, which often span hundreds of pages
with intricate hierarchies; the prevalence of technical jargon and domain-specific abbreviations; the
necessity for precise numerical reasoning to extract and interpret quantitative data, including unit
conversion to match the ground truth required in millions; and the diverse presentation formats,
with information appearing in tables, embedded within text, or occasionally absent.
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6.3 Experimental Setup

6.3.1 RAG Architecture

Retrieval-Augmented Generation (RAG) is an architectural paradigm designed to enhance the
accuracy and reliability of Large Language Models (LLMs) by grounding their responses in external
knowledge bases. Instead of relying solely on its internal, pre-trained knowledge, a RAG system first
retrieves relevant information from a specified corpus of documents and then uses this information
to generate a more informed and contextually accurate answer. Our RAG architecture can be
deconstructed into a multi-stage pipeline: document ingestion and preprocessing, chunk indexing,
retrieval, reranking and generation.

Document Ingestion and Preprocessing

PDF documents were processed using Microsoft Azure Document Intelligence [5] to extract text
in Markdown format. A modified version of LangChain’s MarkdownHeaderTextSplitter was devel-
oped to segment documents according to hierarchical headings, maximising granularity to improve
retrieval accuracy. The preprocessing pipeline comprises OCR-based text extraction with layout
preservation, Markdown conversion that maintains document structure, hierarchical chunking based
on heading levels, page-range tracking for each chunk, and preservation of metadata (bank name,
year, document type).

Chunk Indexing

The processed chunks are transformed into numerical representations (embeddings) and stored in
a specialized vector database for efficient searching. Two leading dense embedding models were
evaluated to assess their impact on retrieval performance within the financial domain. All chunks
were indexed in a Qdrant [105] vector store. The selected models were:

� OpenAI text-embedding-3-large (baseline) [96]: A powerful, general-purpose model
with 3072 dimensions. It serves as baseline due to its strong performance on broad benchmarks
like MTEB - Massive Text Embedding Benchmark (64.6%) [97]and its widespread adoption
in production RAG systems.

� VoyageAI voyage-3-large [128]: A state-of-the-art model specifically optimized for re-
trieval tasks. It has demonstrated superior performance over other models, including a 9.74%
higher NDCG@10 than text-embedding-3-large across diverse datasets [128].

Contextual Chunk Enrichment

Traditional RAG systems split documents into small chunks for retrieval and semantic search. How-
ever, this splitting often discards important context, making individual chunks hard to understand
and leading to weaker retrieval results.

To address this issue, the Contextual Retrieval technique inspired by Anthropic [4] is applied.
For each chunk, a concise, synthetic contextual summary (typically 50-100 tokens) is automatically
generated using GPT-4.1, which has a 1 million token context window. This summary describes
how the chunk fits within the overall document, so that even small document fragments retain
sufficient background information to be accurately retrieved and interpreted. The context is then
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prepended to the original chunk before embedding or indexing, thereby supplying retrieval models
with rich, domain-aware representations.

The enrichment process uses document structure and heading hierarchies to identify the ap-
propriate context for each chunk, even in very large files that exceed the model’s context window.
By dynamically adjusting parameters (such as the allowed difference in heading levels), the pro-
cess ensures that each chunk’s context remains accurate while respecting computational and token
limits.

Reranking

Initial retrieval, based on semantic search, is optimized for speed over a large corpus but may return
chunks that are only broadly relevant. Reranking introduces a second, more precise filtering stage
to refine these initial results. It employs a more powerful but computationally intensive model,
which re-evaluates the top-k relevant chunks by jointly considering the query and each chunk’s
content. This deep semantic analysis provides a more accurate relevance score than the initial
vector similarity search.

The model used in this work is Cohere rerank-3.5 [20], a cross-encoder trained on large-scale
data including web search, question-answering, and multilingual corpora. The reranking process
initially retrieves 100 chunks, then narrows down to the top-k through relevance scoring.

Generation Models

In the final phase, the top-ranked, context-rich chunks are combined with the original user query
and passed as context to a generator LLM. The LLM then synthesizes this information to produce
the final answer.

We evaluate two large language models for this phase:

� GPT-4o: A highly capable, general-purpose multimodal model used as a baseline. It features
a 128,000-token context window and is known for its strong performance across a wide range
of tasks.

� GPT-o1-high: A model specifically optimized for complex reasoning tasks. It provides a
200,000-token context window and is configured to use its maximum reasoning effort, pri-
oritizing accuracy over response latency. This model is selected to test the hypothesis that
enhanced reasoning capabilities improve performance on numerical extraction and interpre-
tation tasks.

6.3.2 Evaluation Metrics

Retrieval Phase

Retrieval quality is evaluated using the Normalised Discounted Cumulative Gain at k (NDCG@k)
metric [53, 28], which assesses the quality of a ranked list by prioritising relevant items in top
positions. Tests were conducted for k values of 1, 10, and 20. NDCG@k is defined as:

NDCG@k = DCG@k

IDCG@k
(6.1)
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where DCG@k (Discounted Cumulative Gain (DCG)) is calculated as:

DCG@k =
k

∑
i=1

Gi

log2(i + 1)
(6.2)

Here, Gi is the relevance score of the chunk at rank i, and IDCG@k is the DCG of an ideal ranking.
Because the dataset does not explicitly label “golden chunks,” the relevance scoreGi is computed

dynamically for each retrieved chunk. A dedicated function searches the chunk text for the numerical
ground truth value, accounting for various formatting permutations (e.g., different decimal and
thousand separators). The relevance score Gi equals the number of occurrences of the ground truth
value within the chunk; chunks not containing the value receive a score of 0. Queries for which the
ground truth is not a numerical value are excluded from this evaluation.

The result is a value between 0 and 1, where 1 represents a perfect ranking (all relevant items
are in the highest positions) and 0 represents the absence of relevance in the first k results. In
general, the higher the NDCG, the better the quality of the ranking compared to the ground truth.

Generation Phase

To separate generator performance from retrieval errors, generation accuracy is evaluated only on
queries for which the ground-truth value appears within the top-k retrieved chunks. Performance
is measured using accuracy, defined as the proportion of correct answers. An answer is deemed
correct if the generated value equals the ground-truth value, if both values are null, or if the
absolute difference between the numerical values does not exceed 0.01. The accuracy is calculated
as:

Accuracy = 1

N

N

∑
i=1

I(ŷi ≈ yi) (6.3)

where N is the number of evaluated queries, ŷi is the predicted value, yi is the ground truth, and
I(⋅) is the indicator function that is 1 if the condition is met and 0 otherwise.

6.4 Results

The experimental evaluation is structured in two phases: retrieval and generation. Various config-
urations are assessed to identify the optimal components for a financial RAG pipeline.

6.4.1 Retrieval Performance

Table 6.3 summarizes the performance of different embedding and retrieval strategies. All values
were calculated from a total of 978 queries (999 total minus 21 where the ground truth is not
numerical).

The key findings from the retrieval evaluation are:

� Contextual Enrichment and Advanced Embeddings: The combination of contextual
chunk enrichment and the VoyageAI embedding model yields a dramatic performance increase.
This configuration achieved a peak NDCG@10 of 0.710, a 38.8% absolute improvement over
the 0.322 NDCG@10 of the OpenAI baseline. This configuration also had the fastest average
retrieval time.
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Table 6.3: Retrieval results (NDCG@k) for different scenarios. The numbers in parentheses indicate
the count of queries for which the ground truth was found in the top-k retrieved chunks. Bold values
indicate the best performance for each k.

Scenario NDCG@1 NDCG@10 NDCG@20
Avg.

Time (s)

OpenAI embeddings (baseline) 0.163 (159) 0.322 (524) 0.347 (649) 1.94
OpenAI embeddings + headings 0.166 (162) 0.315 (508) 0.346 (651) 1.44
OpenAI contextualized embeddings 0.248 (242) 0.459 (723) 0.478 (830) 1.79
OpenAI contextualized + reranking 0.332 (324) 0.494 (698) 0.511 (795) 4.30
VoyageAI contextualized embeddings 0.510 (498) 0.710 (929) 0.705 (956) 1.33
VoyageAI contextualized + reranking 0.342 (334) 0.498 (700) 0.512 (791) 3.38

� Reranking Effects: Reranking produced mixed results. It improved the performance of the
OpenAI contextualized embeddings scenario by an average of 5.1% across k values. However,
it degraded the performance of the superior VoyageAI configuration by an average of 19.1%,
suggesting that reranking may be detrimental when the initial retrieval quality is already
high.

� Impact of k: Increasing k from 10 to 20 for the best-performing scenario (VoyageAI contex-
tualized) slightly decreased the NDCG score (from 0.710 to 0.705) but increased the number
of queries with a retrieved ground truth from 929 to 956 (out of 978). This highlights a
trade-off between ranking quality and overall recall.

� Structural vs. Semantic Enrichment: Using document headings for enrichment provided
negligible benefit over the baseline, indicating that rich semantic context is more critical for
retrieval than structural metadata alone.

6.4.2 Generation Performance

Generation performance was evaluated using accuracy, defined as the proportion of generated an-
swers matching the ground truth. To isolate generator capability, only queries for which the ground
truth appeared in the retrieved context were considered. Reranking scenarios were therefore ex-
cluded from this phase based on the retrieval results.

Table 6.4 presents the accuracy for the GPT-4o (baseline) and GPT-o1-high (reasoning-optimized)
models across different retrieval scenarios and k values.

The main insights from the generation phase are:

� Reasoning Model Superiority: The reasoning-optimized GPT-o1-high model consistently
and significantly outperformed the GPT-4o baseline across all scenarios. The weighted average
accuracy for GPT-o1-high was 79.0%, compared to 44.6% for GPT-4o, representing a 34.4%
absolute improvement.

� Optimal Context Size (k): For generation, providing a smaller, more focused context (k=1)
often yielded the highest accuracy, particularly for the top-performing GPT-o1-high model.
This suggests that including more, potentially noisy, chunks can degrade the generator’s
ability to pinpoint the correct answer, even if the ground truth is present.
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Table 6.4: Generation accuracy for different models and retrieval scenarios. The number in paren-
theses indicates the count of queries evaluated.

Scenario Model k=1 k=10 k=20

OpenAI embeddings (baseline)
4o 0.306 (180) 0.402 (545) 0.399 (670)
o1-high 0.544 (180) 0.747 (545) 0.755 (670)

OpenAI embeddings +
headings, prompt + headings

4o 0.399 (183) 0.454 (529) 0.406 (672)
o1-high 0.623 (183) 0.798 (529) 0.808 (672)

OpenAI contextualized embeddings
4o 0.490 (263) 0.504 (744) 0.497 (851)
o1-high 0.722 (263) 0.823 (744) 0.812 (851)

VoyageAI contextualized embeddings
4o 0.455 (519) 0.467 (950) 0.436 (977)
o1-high 0.852 (519) 0.822 (950) 0.811 (977)

� Performance vs. Latency: While GPT-o1-high delivered superior accuracy, its average
generation time was approximately 20 times longer than GPT-4o (35.0s vs. 1.8s). This
highlights a critical trade-off between accuracy and response latency for practical applications.

6.4.3 Error analysis

A qualitative inspection of a stratified sample of failure cases was conducted to characterise typical
error patterns in both retrieval and generation. On the retrieval side, most errors arose in settings
where the ground-truth value appeared in dense tables alongside several related quantities, some-
times expressed with different units or scaling factors. In these cases, semantically similar chunks
referring to the same indicator but a different bank, year, or consolidation perimeter were occasion-
ally ranked above the truly relevant chunk, especially for the baseline embedding configurations.
Additional retrieval failures were observed when the value was expressed in natural language or
through symbols (for example, dashes indicating zero) rather than as an explicit numeral, which
reduced the effectiveness of the value-matching procedure used for relevance scoring. For genera-
tion, GPT-4o errors typically involved selecting a figure from the correct table but the wrong cell,
often taking the value from an adjacent column or row instead of the target one, confusing current
and comparative years, or misinterpreting units when tables mixed millions with other scales. In a
smaller number of cases, the model produced plausible but unsupported values when the relevant
chunk had not been retrieved. GPT-o1-high substantially reduced these errors, particularly unit
and year confusions and adjacent-cell misselections, but did not eliminate them completely, and
occasional mistakes still occurred when tables contained multiple candidate values or when for-
matting made numerical parsing difficult. These observations support the quantitative findings by
indicating that residual errors are concentrated in structurally complex cases, and they suggest that
further gains are likely to come from table-aware retrieval and parsing and from a more detailed
analysis of table lookup mechanisms, which is taken up in the following chapter.
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6.5 Discussion

This chapter presents a comprehensive evaluation of RAG systems for financial question answering,
introduces a novel benchmark dataset, and demonstrates significant performance improvements
resulting from the applied optimizations. The key contributions are:

1. A novel benchmark dataset with 999 expert-validated questions across 10 financial indicators
and 24 major banks, providing a rigorous testbed for financial QA systems.

2. Substantial performance improvements through contextual chunk enrichment and advanced
embedding models, with retrieval accuracy increasing by 38.8% (NDCG@10: 32.2% to 71.0%).

3. Demonstration of reasoning model superiority, with GPT-o1-high achieving 34.4% higher
generation accuracy compared to GPT-4o (79.0% vs 44.6%).

4. Comprehensive evaluation of multiple RAG configurations, revealing that domain-specific
optimizations significantly outperform generic approaches.

The findings highlight several important insights for financial RAG system development. Con-
textual enrichment of document chunks is more valuable than structural enhancements, indicat-
ing that semantic understanding supersedes syntactic organisation. Advanced embedding models
adapted to the financial domain yield substantial improvements over general-purpose alternatives.
Reasoning-optimised language models demonstrate superior performance on tasks requiring precise
numerical extraction and interpretation, which are common in financial analysis.

Several limitations affect the current approach:

� Computational Cost: Contextual enrichment requires processing entire documents with
large language models, introducing significant computational overhead that may be prohibitive
for smaller organisations.

� Reranking Inconsistency: Although reranking typically improves retrieval performance,
the results exhibit mixed outcomes, indicating that the interaction between initial retrieval
quality and reranking effectiveness warrants further investigation.

� Reproducibility Concerns: The stochastic behaviour of reasoning models, particularly
GPT-o1-high, may affect the reproducibility of outcomes, which is critical for financial appli-
cations that require audit trails.

Several directions emerge for future research:

� Efficiency Optimization: Developing more efficient contextual enrichment methods, poten-
tially using smaller specialized models for context generation or selective enrichment based
on chunk importance.

� Refined Preprocessing: Enhancing document preprocessing by using cost-effective models
to pre-filter chunks, selecting only those containing tables or relevant financial data to improve
the efficiency of subsequent pipeline stages.

� Alternative Reranking Strategies: Exploring alternative reranking methods, such as
using more economical proprietary models or fine-tuning open-weight models, to address the
inconsistent performance and high cost of current rerankers.
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� Advanced Generation Models: Experimenting with newer and more advanced language
models in the generation phase to evaluate potential improvements in accuracy and reasoning
capabilities.

Our work establishes a foundation for advanced financial document analysis systems, demon-
strating that thoughtful application of RAG techniques can significantly improve the accuracy and
efficiency of financial question answering. As financial institutions increasingly adopt AI-driven
analysis tools, these findings provide crucial guidance for developing robust, reliable, and scalable
solutions.

From Financial RAG to Mechanistic Interpretability The development and evaluation
of the Retrieval Augmented Generation pipeline addressed the practical problem of extracting
verifiable quantitative information from large regulatory documents. By combining contextual
chunk enrichment with dense-sparse hybrid indexing and reranking, then pairing retrieval with
reasoning oriented large language models, the system produced consistent gains in retrieval precision
and answer accuracy on numerical risk indicators, including capital adequacy and liquidity ratios.

Despite these improvements, limitations were observed in the generative stage, including occa-
sional hallucinations, numerical inconsistencies, and a lack of transparency in the internal decision
process. These behaviours raised a central research question, namely how transformer models in-
ternally retrieve and manipulate structured information that is typical of financial documents, such
as tables.

Within the transparency stack, the RAG architecture examined here instantiates the grounded
generation layer. It establishes referential transparency by grounding model outputs in retrievable
document passages, thereby enabling citation and verification. However, the generative component
remains opaque at the computational level. The reasoning processes that select, combine, and
transform retrieved information into numerical answers are not directly observable, which limits
the interpretability required for high-stakes financial applications.

This observation motivated a shift towards a mechanistic interpretability perspective. A prelim-
inary study was therefore conducted on table lookup tasks, which provide a simplified yet represen-
tative abstraction of structured data reasoning in financial QA. The study applied logit attribution,
activation patching, and path patching on smaller language models to identify the attention heads
and multi layer perceptrons that locate and propagate tabular information. This bridge from ap-
plied RAG to circuit level analysis sets the stage for the next chapter, where the internal mechanisms
underlying table lookup are examined in detail. That investigation aims to populate the computa-
tional transparency layer of the stack, thereby complementing the referential transparency achieved
through retrieval with insight into the algorithmic primitives that underlie structured reasoning.
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Mechanistic Interpretability
Analysis of Table Lookup

This chapter develops the third pillar of the transparency stack, mechanistic interpretability, by
analysing how transformer language models implement table lookup under controlled conditions
that mirror financial question answering. In the thesis narrative, the focus shifts from referential
transparency in grounded generation to causal transparency, that is, from verifying answers against
evidence to explaining the internal computations that produce those answers. The preceding chapter
demonstrated that a Retrieval Augmented Generation pipeline can extract risk measures from large
scale regulatory documents with improved precision and answer accuracy. Residual hallucinations,
inconsistencies in numerical reasoning, and opaque internal decision processes motivate a closer
examination of the mechanisms that support structured retrieval and the mapping from queries to
numeric values.

Methodologically, the analysis follows standard practice in mechanistic interpretability: begin
with a simplified, concrete task, then seek generalisation once mechanisms are identified. Table
lookup is adopted as a minimal two dimensional addressing problem that requires binding a column
header to a row identifier and propagating the corresponding cell value to the output. Prompts
enforce single token headers, row identifiers, and values in a compact Markdown table to stabilise
attribution and isolate the computation of interest. The study employs a small open source model
to enable exhaustive probing. Direct logit attribution and the logit lens indicate when the correct
direction emerges in the residual stream. Activation patching, with matched clean and corrupted
prompts along both the column and row axes and a logit difference metric at the answer position,
tests the sufficiency of specific components.

The objective is to identify computational pathways, at the level of attention heads and multi
layer perceptrons, that support key subroutines, including locating the relevant row and column,
composing keys, and propagating the correct value to the output. The contribution is a circuit
level account of how a transformer can encode and retrieve tabular associations, linking the applied
insights from financial RAG with an explanatory description of the underlying mechanisms. The
study is framed as exploratory, oriented toward circuit discovery rather than definitive claims.
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7.1 Exploratory analysis

Following [130], a strategy of constructing simple, controlled algorithmic tasks that elicit the com-
putation of interest is adopted. These tasks allow the isolation, probing, and causal validation of
mechanisms for table lookup, without confounds from broader linguistic context. The steps pre-
sented in [81] for the IOI task are adapted and tailored to understanding financial language models
tasks involving table lookup.

7.1.1 Prompt design

The prompt is designed to isolate the table lookup mechanism under controlled conditions while
remaining close to financial question answering. A compact Markdown table with a 3×3 value grid
(plus an identifier column) minimises sequence length, which makes attribution methods stable
and reduces confounds from long-range dependencies. Markdown is also widely represented in pre-
training corpora, and its pipe-separated structure provides consistent boundary tokens that help
diagnose positional and structural cues.

PROMPT FORMAT:

Look at the table below and answer the question.

| Bank | IRC | ECL | ROE |

|:-------|------:|------:|------:|

| Red | 4 | 7 | 8 |

| Blue | 5 | 9 | 3 |

| Gold | 6 | 1 | 2 |

Question: What is the {} for Bank {}?

Answer:

Single-token constraints for headers, row identifiers, and values are essential for mechanistic
analysis. They remove subword composition effects that otherwise blur token-level attributions,
and they ensure that attention, QK, and OV decompositions can be interpreted at the granularity
at which the model actually computes. Choosing financial acronyms (IRC, ECL, ROE) preserves
domain semantics relevant to the application, yet remains single-token under Gemma-2b-it. Using
simple row identifiers that are single tokens achieves the same goal on the row axis.

The values are restricted to digits 1–9, with no duplicates anywhere in the table. Digits are single
tokens, they avoid subword ambiguity, and excluding zero mitigates tokenisation and behavioural
idiosyncrasies often seen with 0. Uniqueness is critical for clean versus corrupted comparisons:
when generating counterfactuals by changing only the queried row or column, the correct answer
necessarily differs, so activation patching metrics are well defined and not attenuated by accidental
equality.

The question template explicitly names a column and a bank, which forces the model to bind a
column header to a row identifier, then read the corresponding cell. The explicit Answer cue stan-
dardises the decoding context, reducing output variability and enabling consistent logit-difference
measurements at the answer position. This structure supports direct logit attribution, residual
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stream lensing, and per-component patching because the task reduces to selecting a single target
token given two disambiguating keys.

Finally, the chosen configuration is the minimal non-trivial setting that requires two-dimensional
addressing while remaining short enough for exhaustive causal probing. It also scales: varying
table size, format (Markdown versus HTML), semantics of headers, and the presence or absence
of duplicates provides a controlled suite of shifts to probe whether the model relies on positional
heuristics, surface formatting, or genuine row–column composition. This progression enables both
performance characterisation and identification of stable computational pathways across prompt
variants.

7.1.2 Model

This study adopts google/gemma-2b-it as the primary subject of analysis. Among models sup-
ported in TransformerLens, it is the model that, while keeping parameter count and internal
dimensions tractable for exhaustive attribution and patching, consistently solves the constrained
table-lookup prompt. Under identical prompting and decoding, alternative baselines were also
evaluated; gpt2-small, gpt2-xl, and EleutherAI/gpt-neo-2.7B failed to answer correctly (0%
accuracy), whereas google/gemma-2b-it achieved 100% accuracy.

Compared with the GPT-2 Small configuration used in [81], Gemma introduces architectural
features that complicate a mechanistic interpretability workflow. In particular, Root Mean Square
Normalisation (RMSNorm), Rotary Positional Embeddings (RoPE), and Multi-Query Attention
(MQA) or Grouped-Query Attention (GQA) each introduce pitfalls for activation patching, QK/OV
decomposition, and head-wise interventions. The next subsection details these implications and the
mitigations adopted.

Architectural considerations and mitigations

The adoption of Gemma-2b-it introduces three principal architectural features that complicate
standard mechanistic interpretability workflows. Each requires explicit mitigation to ensure reliable
attribution and causal analysis.

First, RMSNorm replaces layer normalization. Unlike LayerNorm, which centres activations to
zero mean, RMSNorm only rescales by root-mean-square. This asymmetry means that patching
intermediate activations can alter scale in unintended ways, potentially inflating or suppressing logit
differences independent of the causal intervention. To mitigate this, the fold ln=True flag is used
during model loading, which absorbs normalization weights into surrounding linear layers. This
transformation preserves model outputs whilst simplifying the residual stream geometry, rendering
activation patching more reliable.

Second, Gemma employs rotary positional embeddings (RoPE) rather than the additive posi-
tional encodings used in GPT-2. RoPE encodes position through rotation matrices applied to query
and key vectors, making them position-dependent in a multiplicative sense. Consequently, patching
Q or K vectors between prompts or positions risks breaking the geometric assumptions underlying
attention patterns. The standard flag refactor factored attn matrices=True, which orthogo-
nalizes query and key projections, cannot be safely applied with RoPE. Instead, interventions on
attention patterns and values are preferred over direct manipulation of Q and K, since attention
patterns are position-agnostic once computed.

Third, Gemma uses multi-query attention (MQA), wherein multiple query heads share a sin-
gle set of key and value heads. This architectural choice reduces parameters and computation but
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introduces a dependency: patching value vectors affects all query heads simultaneously, and decom-
posing the circuit at the level of individual heads becomes ambiguous. To address this, the analysis
focuses on head-wise output patching rather than per-head value patching where MQA complicates
interpretation. When value-level analysis is necessary, results are interpreted with explicit acknowl-
edgement of this shared structure. Additionally, the get act patch attn head all pos every

function, which performs activation patching with head decomposition, was modified to properly
handle MQA architectures, ensuring that patching operations on shared key and value heads are
correctly attributed across query heads.

The model is loaded via TransformerLens using from pretrained no processing() to pre-
serve the native architecture. The fold ln=True flag is applied at load time. These choices balance
mechanistic tractability against architectural fidelity, enabling reliable causal intervention whilst
respecting the model’s actual design.

7.1.3 Metric

Next, model performance is quantified using the logit-difference at the answer position. Let z denote
the logits over the vocabulary, and let c and i index the correct and contrast tokens, respectively.
The metric is

LD = zc − zi.

Although the model is trained to optimise cross-entropy (log probabilities), softmax is shift-invariant,
so the normalising constant cancels in differences:

log p(c) − log p(i) = (zc − log∑
w

ezw) − (zi − log∑
w

ezw) = zc − zi = LD.

Hence log-probability difference equals logit difference. Positive values indicate a preference for
the correct token, negative values indicate a preference for the contrast token, and zero indicates
neutrality. Unless stated otherwise, results are averaged over prompts and evaluated at the first
answer token.

The prompts investigated are illustrated in Table 7.1, together with the corresponding logit
differences; the incorrect answer is defined as the value in the adjacent column to the right within
the same row of the table.

This choice reflects empirical observations on analogous prompts with larger tables, where the
model frequently returns the value from the neighbouring cell rather than the correct entry, typically
the cell in the next column to the right. Defining the contrast in this way targets the dominant
failure mode, and yields a sensitive, interpretable logit-difference signal.
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Table 7.1: Logit differences. Note: To maintain compactness, the prompts following the first row
use the placeholder TABLE in place of the full table content, which remains unchanged from the first
row.

Prompt Correct Incorrect Logit Difference

Look at the table below and answer the question.

Bank IRC ECL ROE

Red 4 7 8
Blue 5 9 3
Gold 6 1 2

Question: What is the IRC for Bank Red?
Answer:

4 7 11.127

Look at the table below and answer the question.

TABLE

Question: What is the ECL for Bank Red?
Answer:

7 8 12.862

Look at the table below and answer the question.

TABLE

Question: What is the IRC for Bank Blue?
Answer:

5 9 7.173

Look at the table below and answer the question.

TABLE

Question: What is the ECL for Bank Blue?
Answer:

9 3 11.165

Look at the table below and answer the question.

TABLE

Question: What is the IRC for Bank Gold?
Answer:

6 1 6.858

Look at the table below and answer the question.

TABLE

Question: What is the ECL for Bank Gold?
Answer:

1 2 8.407

7.1.4 Logit lens

The logit lens [92] projects intermediate residual stream representations at each layer into vocabu-
lary space via the unembedding, thereby enabling tracking of when, and where, the correct answer
emerges in the computational process. It is used here to quantify how each transformer block, and
its constituent attention heads, contributes to the logit difference in the residual stream, by decom-
posing the accumulated signal into layer-wise and head-wise terms, and identifying components that
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enhance or inhibit the correct-answer direction. Figure 7.1 reports the layer-wise decomposition
across depth.

For layer n, n-pre denotes the residual at the start of the layer, whereas n-mid denotes the
residual immediately after the attention sublayer. The vertical separation between n-pre and n-
mid measures the attention contribution; the step from n-mid to (n+1)-pre measures the MLP
contribution. The sign of the logit difference indicates preference at that point:

� LogitDiff(ℓ) > 0: layer ℓ favours the correct answer,

� LogitDiff(ℓ) < 0: layer ℓ favours the incorrect answer,

� LogitDiff(ℓ) = 0: layer ℓ is neutral.

It is observed that the model contributes negligibly to the task before layer 14. The dominant
improvement is produced by the attention sublayer of layer 14, and the cumulative signal degrades
slightly after layer 16.

This pattern indicates that layer 14 contains the primary mechanism writing the correct direction
into the residual stream, which motivates targeted analysis of the respective roles of the attention
and MLP sublayers and the specific attention heads that drive the behaviour.

Figure 7.1: Calculated logit difference for the decomposed accumulated residual stream after each
layer. n-pre denotes the residual stream at the start of layer n, while n-mid denotes the residual
stream after the attention part of layer n.

The logit difference between adjacent residual streams is examined to attribute marginal con-
tributions by sublayer (Figure 7.2). The largest positive steps arise from the attention sublayers of
layers 14 and 15, in line with the cumulative analysis above. In contrast to the IOI task [130], where
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attention dominates, the MLP sublayers make consequential contributions in this setting. Notably,
MLP 14 and MLP 16 reduce the logit difference, indicating inhibitory effects on the correct-answer
direction.

Figure 7.2: Break down of logit differences from each layer between adjacent residual streams.

Next, the output of each attention layer is decomposed into the sum of its constituent heads,
permitting head-wise attribution of the logit difference (Figure 7.3). Using the notation l.h to
denote head h in layer l, with zero-based indexing, heads 14.0, 14.4, and 15.1 exhibit the largest
positive contributions, indicating that these components play a central role in the table lookup
mechanism.

7.1.5 Activation Patching

One of the limitations of the direct logit attribution is that it only looks at the very end of the
circuit which affects the logits directly [81, 130]. To obtain a more refined understanding, in what
follows, we utilise the activation patching technique [82]. In doing so, we design matched pairs of
clean and corrupted prompts. The prompt format remains exactly as depicted above. Each clean
prompt is a table-lookup question that specifies a column and a bank; its corresponding corrupted
prompt alters only the queried column to the adjacent column to the right within the same row,
holding all other context fixed. We construct six clean prompts, spanning the first two columns
(IRC and ECL) across the three banks, and six corresponding corrupted prompts.

In the clean run, the model assigns higher logits to the correct answer, producing a positive logit
difference; in the corrupted run, it favours the contrast answer, producing a negative logit difference.
Overall the average clean logit diff is 9.599 and the average corrupted logit diff is -6.026. Activation
patching then executes the model on the corrupted prompts and replaces a selected intermediate

96



Chapter 7. Mechanistic Interpretability Analysis of Table Lookup 7.1. Exploratory analysis

Figure 7.3: Attention heads heat map per layer illustrating logit difference from each head.

97



Chapter 7. Mechanistic Interpretability Analysis of Table Lookup 7.1. Exploratory analysis

activation with its counterpart from the clean run. This denoising intervention (causal tracing)
assesses whether that component is sufficient to reinstate clean run behaviour, measured by a shift
of the logit difference towards the correct token. Figure 7.4 depicts the results for residual stream
patching at the start of each layer. The full prompt spans 91 token positions, but the figure reports
a zoom on the final tokens of the prompt, because scores for earlier tokens are consistently zero
across layers. A score closer to 0 means the performance is closer to the one obtained on the
corrupted input, while a score closer to 1 means that the performance is closer to that of the clean
input. We are trying to look for activations that are sufficient to recover the correct response. The
patching map indicates: (i) computation is highly localised to the IRC and END positions, with near
zero scores elsewhere; (ii) information needed to distinguish the correct cell from the adjacent right
hand cell is first stored at IRC and then transferred to END by layers 12 to 14, without detours; (iii)
patching the residual stream at the correct position nearly exactly recovers clean run performance;
(iv) the model is effectively finished after layer 14, and later layers provide only slight positive
refinements.

Figure 7.4: Residual stream patching at the onset of each layer across token positions, averaged
over six prompts. The y-axis represents the layer number (0 to 17), and the x-axis represents token
positions. Note: for reference, tokens and their indices from the first prompt are labelled on the
x-axis. In a slight abuse of notation, the plotted differences are averaged over all prompts, while
the labels are taken from the first prompt only.

Beyond patching the residual stream at the start of each layer, activation patching can be
applied immediately after the attention sublayer and after the MLP sublayer. This approach
provides a more granular view of the contributions made by each component. Figure 7.5 presents
the results of these interventions. The analysis reveals that several attention layers exert significant
influence, with early layers primarily affecting the IRC token and later layers impacting the END
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token. In contrast, the majority of MLP layers contribute minimally, with the exception of MLP 0,
which exhibits a pronounced effect. This pattern suggests that the attention mechanism is chiefly
responsible for transferring information required for table lookup. At the same time, the results
indicate a qualitative difference from the IOI setting, where attention layers account for almost
all effective computation [81, 130]. In the present task, a subset of mid to late MLP sublayers
measurably alters the logit difference, including both supportive and inhibitory effects observed in
the layer-wise analysis. This supports the interpretation that table lookup is not solved purely by
routing information via attention. Some processing within MLPs appears necessary, plausibly to
compose row and column cues, and to check that the retrieved cell value is plausible given the
prompt context.

Figure 7.5: Activation patching results for attention and MLP sublayers across layers and token
positions, averaged over six prompts. The figure illustrates the relative contribution of each sublayer
to restoring clean run behaviour when patched, highlighting the localisation of computation in
attention layers and the limited role of most MLPs.

Next, we can further refine our analysis (see Figure 7.6) by patching in on individual attention
heads for all layers and tokens. We see that the heads 14.0, and 14.4, from later layers, and the
heads 8.6, 10.7, and 12.3, from earlier layers, have very large positive scores.

7.1.6 Validation of early heads

Early-layer attention heads frequently implement distribution-agnostic sequence operations that
later layers reuse for task-specific routing. In the present setting, we probe such heads on duplicated
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Figure 7.6: Activation patching results for individual attention heads across layers and token po-
sitions, averaged over six prompts. The heatmap highlights heads with substantial positive or
negative contributions to restoring clean run behaviour, indicating their respective roles in the ta-
ble lookup mechanism.
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random-token sequences to characterise previous-token, induction, and duplicate-token behaviours.
Head 8.6, which appeared as important in both activation-patching analyses above, exhibits the
canonical duplicate-token signature: attention from each position in the second copy concentrates
on the matching position in the first copy, yielding a near-unity score at offset n. This supports
the interpretation that 8.6 functions as a copying mechanism that propagates information across
repeated identifiers, a capability that can be recruited when moving table entries to the answer
position.

There are three kinds of heads which appear early in the circuit, and these can be validated
by inspecting their attention patterns on simple prompt ad hoc: duplicated random sequences of
tokens (e.g [A,B,C,A,B,C]).

In this setting, previous-token heads attend to the immediately preceding position; induction
heads, in duplicated sequences, connect the second occurrence of a token to the token that followed
its first occurrence; duplicate-token heads link a repeated token to its earlier copy.

We can validate them all at the same time, using sequences of n random tokens followed by
those same n random tokens repeated. This works as follows:

� Previous-token heads: measure attention with an offset of one (one below the diagonal).

� Induction heads: measure attention with an offset of n − 1 (the second instance of a token
attends to the token after its first instance).

� Duplicate-token heads: measure attention with an offset of n (a token attends to its previous
instance).

In all three cases, if heads score has a high value on these metrics, it is strong evidence that
they are working as this type of head.

Note, it is a leaky abstraction to say things like ”head X is an induction head”, since we are
only observing it on a certain distribution. For instance, it is not clear what the role of induction
heads and duplicate-token heads is when there are no duplicates (they could in theory do something
completely different). In this analysis, head 8.6 consistently exhibits the behaviour of a duplicate-
token head (Figure 7.7). When probed on the duplicated random-token sequence, its attention
pattern aligns with the canonical signature: each position in the second half of the sequence attends
strongly to the corresponding position in the first half, effectively copying information from earlier
occurrences. Crucially, this behaviour is not confined to the synthetic validation setting. In the
table lookup task, head 8.6 also demonstrates a similar copying mechanism, facilitating the transfer
of relevant cell values from their original positions in the table to the answer position. This dual
role across both controlled and task-relevant prompts supports the interpretation that head 8.6
implements a general-purpose copying circuit, which the model recruits for structured retrieval in
table-based question answering.

7.1.7 Activation patching with row-corrupted prompts

To further probe the mechanisms underlying table lookup, activation patching is extended to a
complementary corruption scheme. Instead of altering the queried column, the corrupted prompt
now modifies the queried row, selecting the bank immediately below the original target while keeping
the column fixed. This approach tests whether the model’s internal circuit generalises across both
axes of the table and whether the same components are responsible for binding row and column
cues.
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Figure 7.7: Attention-pattern validation for early heads (previous-token, induction, and duplicate-
token) on duplicated random sequences.

Matched pairs of clean and row-corrupted prompts are constructed analogously to the column-
corrupted setting. For each clean prompt, the corresponding corrupted prompt replaces the bank
identifier in the question with the next bank in the table. The answer cell thus shifts vertically, and
the correct and contrast tokens are defined accordingly. Analysing the attention pattern at the final
token of the prompt reveals that attention is primarily directed to the row identifiers and the column
headers. This behaviour, illustrated in Figure 7.8, appears to suggest that head 12.3 may contribute
to binding the row and column identifiers to the target cell value during retrieval. Similarly, head

Figure 7.8: Attention pattern for head 12.3, illustrating its role in propagating information during
the table lookup task. The figure highlights the specific tokens attended to by this head at the final
token of the prompt.

11.0 demonstrates increased importance in the row-corrupted analysis, further highlighting its role
in the table lookup mechanism. In contrast, head 8.6, which was prominent in the column-corrupted
ranking, appears slightly lower in the ranking for row-corrupted prompts, suggesting a reduced but
still significant contribution.

The localisation of computation to the answer and queried bank positions persists, and the same
circuit elements are largely recruited to propagate information along the row axis. These findings
support the interpretation that the model implements a generalised table lookup mechanism, capa-
ble of binding both row and column identifiers to the correct cell value. The observed differences in
head-wise contributions across the two corruption schemes provide additional nuance to the causal
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attribution of these components to the underlying circuit.

7.1.8 Activation patching for decomposed attention head

To refine localisation, attention heads were decomposed into the two functional subcircuits conven-
tionally associated with attention: the QK circuit, which determines where information is routed,
and the OV circuit, which determines what information is communicated. The causal contribution
of each component was assessed by activation patching applied to individual subcomponents of a
head (see Figure 7.10).

� Output. Patching the head output substitutes the final vector written to the residual stream.
This probes the combined effect of where the head attends and what it writes.

� Queries. Patching query vectors tests how a token requests information, that is, whether
the head’s interrogative representation is critical for retrieval.

� Keys. Patching key vectors examines how a token advertises its content, that is, whether the
representation that makes a token findable drives the head’s contribution.

� Values. Patching value vectors assesses the causal role of the content moved by the head,
independent of the attention pattern.

� Pattern. Patching the attention weights isolates the effect of where the head looks, while
preserving the corrupted run’s values.

Each patching mode was applied independently. The resulting interventions provide comple-
mentary evidence about whether a head contributes via its attention pattern, via the content it
transports, or via the query/key representations that enable matching.

The decomposition yields three findings: (i) heads in layers 14 and 15 contribute primarily via
their attention patterns; (ii) heads in layer 12 exert their influence also with their value vectors;
and (iii) in later layers, value patching has a larger effect than key or query patching, indicating
contributions from the OV pathway at these depths.

7.2 Discussion

This chapter reported an exploratory mechanistic analysis of table lookup in transformer lan-
guage models in pursuit of causal transparency. Following established practice in mechanistic
interpretability, the investigation began with a simplified, concrete task before attempting to gen-
eralise. A compact Markdown table with single-token headers, row identifiers, and values elicited
two-dimensional addressing while keeping attribution stable. Using google/gemma-2b-it, with
explicit mitigations for RMSNorm, RoPE, and multi-query attention, the analysis combined logit
lensing, direct logit attribution, and activation patching. The results located the principal compu-
tation in mid to late layers, with attention sublayers in layers 14 and 15 providing the dominant
positive contributions. Head-wise analyses highlighted heads 14.0, 14.4, and 15.1, with early heads
such as 8.6, 10.7, and 12.3 supporting routing and copying. Residual, attention, and MLP patching
showed highly localised computation at the queried header and answer positions, and indicated that
a subset of MLPs exerts both supportive and inhibitory effects. Row-corrupted prompts corrobo-
rated the binding of both row and column cues, and validation on duplicated sequences confirmed
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Figure 7.9: Activation patching results for individual attention heads across layers and token po-
sitions, averaged over row-corrupted prompts. The heatmap highlights heads with substantial
positive contributions to restoring clean run behaviour, demonstrating the generalisation of the
table lookup circuit across both row and column axes.
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Figure 7.10: Activation patching results for decomposed attention head components (output, query,
key, value, and pattern). The figure illustrates the differential impact of patching each component
on restoring clean run behaviour. Note that for value and key, the same value is shared across all
heads of the layer due to Gemma-2b-it use of multi-query attention (MQA).

head 8.6 as a duplicate-token copying mechanism. Taken together, these findings provide a prelim-
inary circuit-level account of how the model performs table lookup under controlled conditions.

Future directions The next stage will deepen causal claims and test generality:

� Apply path patching to trace end-to-end routes from query tokens to the answer position,
isolating pathways that carry the correct signal.

� After identifying a candidate circuit, perform targeted ablation to evaluate whether it is
faithful (performs as well as the full model), complete (contains all nodes used for the task),
and minimal (excludes nodes irrelevant to the task).

� Replicate the analysis on an alternative open-source model to assess portability of the mech-
anism across architectures.

� Vary and extend the table setting to probe reliance on positional heuristics versus genuine
row–column composition, including table size, format (Markdown versus HTML), and header
semantics.

These steps will move the analysis from exploratory evidence toward a rigorous, causally validated
account of the table-lookup circuit.

Connection to the thesis narrative Within the overall thesis, the mechanistic analysis devel-
oped here abstracts the numeric question answering and table-based retrieval settings studied in
Chapters 4–6. The controlled table-lookup task distils the error modes observed in the RAG experi-
ments on regulatory reports, such as near-column confusions in financial tables, into a form that can
be probed at circuit level. Conversely, the constraints of those applied studies, including the need
for accountable numeric answers and explicit evidence traces, shape the choice of prompts, metrics,
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and models in this chapter. Mechanistic findings therefore feed back into the design of grounded
financial RAG systems, indicating which internal components are responsible for structured lookup
and which may be targets for future constraint or monitoring.

Summary This chapter completed the transparency stack by advancing from referential to causal
transparency. Under controlled conditions that mirror financial question answering, the analysis
identified circuit components that support two-dimensional addressing in table lookup, linking at-
tention heads and multilayer perceptrons to the subroutines of locating, composing, and propagating
the correct value. Together with the evidence-centred annotation and Retrieval-Augmented Gener-
ation pipelines developed earlier, these findings connect outputs, evidence, and mechanisms within
a single methodological continuum.

The results remain exploratory, yet they provide an operational route from grounded behaviour
to internal computation, which is necessary for accountable systems in finance. They also clarify
where mechanistic insight can inform design, evaluation, and governance, for example by guiding
targeted ablations, constraint mechanisms, or diagnostics for numeric reasoning.

Chapter 8 synthesises the contributions across the three pillars, articulates their implications
for trustworthy financial AI, and outlines a research agenda for scalable mechanistic analysis and
interpretable retrieval-augmented generation under deployment constraints.
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Conclusions

Transparent and reliable AI for finance requires more than accurate outputs. It requires systems
whose behaviour can be understood, whose claims can be traced to evidence, and whose internal
computations can be examined. This thesis advanced a unified programme to meet this requirement,
articulated as a transparency stack with three complementary layers: Explainable AI for empirical
transparency, Grounded Generation for referential transparency, and Mechanistic Interpretability
for causal transparency. Read together, these layers define a methodological continuum that links
what models output, on what evidence they rely, and how they internally produce their decisions.

A unified vision: the transparency stack The transparency stack is both an organising prin-
ciple and a practical framework. It treats transparency as a property that spans outputs, evidence,
and mechanisms, rather than a single post hoc explanation. The first layer, Explainable AI (XAI),
quantifies explanation quality for predictive models. The second layer, Grounded Generation, con-
strains language models with retrieval and provenance, ensuring that answers are auditable against
source documents. The third layer, Mechanistic Interpretability, examines internal components and
pathways, aiming to relate behaviours to identifiable circuits. The result is a coherent approach in
which interpretability, verification, and causal analysis reinforce one another.

Contributions within a single programme The contributions of the thesis were designed to
interlock.

First, a quantitative framework for explainability transformed interpretability into a measur-
able attribute. Metrics such as Effective Compactness, Rank Quality Index, and Stability were
defined and evaluated across classification, regression, and anomaly detection. These measures
make explanation faithfulness and reproducibility auditable, providing a defensible basis for model
risk management and regulatory assurance.

Second, the thesis extended transparency to generative settings. It introduced an evidence-
centred workflow for visually rich financial documents, including keyword-based annotation and
provenance-preserving descriptions for text, tables, and figures. Building on this substrate, it de-
veloped and evaluated Retrieval-Augmented Generation pipelines that assess answer synthesis, and
record citations. The work released a financial QA benchmark and demonstrated that contex-
tual enrichment and domain-strong embeddings improve retrieval quality, while reasoning-oriented
generators increase accuracy for numeric extraction under explicit latency and cost constraints.
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Third, the thesis initiated a mechanistic account of structured reasoning in language mod-
els. Under controlled table lookup tasks that mirror financial question answering, it applied Logit
Lens, Direct Logit Attribution, and Activation Patching to identify components necessary for two-
dimensional addressing. The analysis linked attention heads and multilayer perceptrons to sub-
routines such as locating rows and columns, composing keys, and propagating the correct value
to the output. Although exploratory, these results establish an operational route from grounded
behaviour to internal computation.

Synthesis: linking outputs, evidence, and mechanisms Considered jointly, the three layers
deliver complementary assurances. XAI quantifies whether explanations faithfully reflect model
behaviour. Grounded Generation ensures that answers are tied to verifiable passages, improving
factual reliability and auditability on complex, multimodal documents. Mechanistic Interpretability
begins to show how those behaviours arise from internal structure, supporting principled diagnostics
and targeted interventions. The combined effect is a scientific standard for transparency that
spans user-facing explanations, document-level provenance, and circuit-level analysis. This standard
aligns with the preface’s argument that trust in financial AI depends on intelligibility, traceability,
and stability under realistic constraints.

Limitations and a research agenda The work also delineates clear boundaries that motivate
a forward agenda consistent with the stack. Other dimensions of trustworthy AI in finance fall
outside the perimeter of this thesis. These include fairness and non-discrimination; privacy and
data protection; robustness and adversarial resilience; model risk management and governance; and
sustainability and computational efficiency. These aspects are acknowledged where relevant, but
their technical development and evaluation are not treated as core contributions.

� Scalable mechanistic analysis. Extend circuit discovery and validation to larger, multimodal,
and reasoning models through modular instrumentation, hierarchical abstractions, and stan-
dardised protocols for patching and ablation, while maintaining interpretive resolution.

� Interpretable Retrieval-Augmented Generation. Trace how retrieved passages influence inter-
mediate representations during generation, linking retrieval events to internal computations,
and closing the gap between referential and causal transparency.

� Governance for agentic workflows. Translate mechanistic insights into constraints, monitors,
and interventions suitable for planning, memory, and tool use in financial agents, aligning
with institutional risk management.

� Human–AI interpretability interfaces. Integrate quantitative metrics and mechanistic find-
ings into practitioner-facing reporting, so that transparency becomes actionable for auditors,
compliance teams, and model validators.

� Cross-cutting trustworthiness dimensions. Integrate fairness assessment, privacy-preserving
techniques, robustness and adversarial evaluation, model risk governance controls, and sus-
tainability and computational efficiency metrics into the transparency stack, with protocols
to quantify trade-offs with accuracy, latency, and transparency.
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Chapter 8. Conclusions

Closing perspective The thesis set out to reconcile performance with transparency in financial
AI. By operationalising explainability metrics, delivering auditable grounded generation on visually
rich documents, and initiating a causal account of a core reasoning task, it advances a unified vision
in which the three layers of the transparency stack function together. The resulting methodology
enables stakeholders to assess what models communicate, verify what they claim against evidence,
and probe how they compute. This coherence is the central contribution: a pathway toward AI
systems that are not only accurate and efficient, but also comprehensible, verifiable, and governable
in the financial domain.
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[123] Thakur, N., Reimers, N., Sani, A., Rücklé, A., Srivastava, A., Gurevych, I.: Beir: A het-
erogeneous benchmark for zero-shot evaluation of information retrieval models. In: Proceed-
ings of the 2021 Conference on Neural Information Processing Systems (NeurIPS) (2021),
https://arxiv.org/pdf/2104.08663.pdf

[124] Tjoa, E., Guan, C.: A survey on explainable artificial intelligence (xai): Toward medical,
financial and industrial applications. IEEE Transactions on Neural Networks and Learning
Systems 32(11), 4793–4813 (2021)

[125] Touvron, H., et al.: Llama 2: Open foundation and fine-tuned chat models. CoRR
abs/2307.09288 (2023). https://doi.org/10.48550/ARXIV.2307.09288, https://doi.org/
10.48550/arXiv.2307.09288

[126] Tunstall, L., Beeching, E.E., Lambert, N., Rajani, N., Rasul, K., Belkada, Y., Huang, S.,
Werra, L.V., Fourrier, C., Habib, N., Sarrazin, N., Sanseviero, O., Rush, A.M., Wolf, T.:
Zephyr: Direct distillation of LM alignment. In: First Conference on Language Modeling
(2024), https://openreview.net/forum?id=aKkAwZB6JV

[127] Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A.N., Kaiser, L.u.,
Polosukhin, I.: Attention is all you need. In: Guyon, I., Luxburg, U.V., Bengio, S., Wallach,
H., Fergus, R., Vishwanathan, S., Garnett, R. (eds.) Advances in Neural Information Pro-
cessing Systems. vol. 30. Curran Associates, Inc. (2017), https://proceedings.neurips.cc
/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf

[128] VoyageAI: voyage-3-large: the new state-of-the-art general-purpose embedding model (2025),
https://blog.voyageai.com/2025/01/07/voyage-3-large/

[129] Wang, K.R., Variengien, A., Conmy, A., Shlegeris, B., Steinhardt, J.: Redwood research easy-
transformer. https://github.com/redwoodresearch/Easy-Transformer (2022), gitHub
repository

[130] Wang, K.R., Variengien, A., Conmy, A., Shlegeris, B., Steinhardt, J.: Interpretability in the
wild: a circuit for indirect object identification in GPT-2 small. In: The Eleventh International
Conference on Learning Representations (2023), https://openreview.net/forum?id=NpsV
SN6o4ul

[131] Wang, Z., Liang, Z., Shao, Z., Ma, Y., Dai, H., Chen, B., Mao, L., Lei, C., Ding, Y., Li, H.:
Infogain-rag: Boosting retrieval-augmented generation via document information gain-based
reranking and filtering. ArXiv abs/2509.12765 (2025), https://api.semanticscholar.or
g/CorpusID:281325755

[132] Xu, Y., Li, M., Cui, L., Huang, S., Wei, F., Zhou, M.: Layoutlm: Pre-training
of text and layout for document image understanding. In: Proceedings of the 26th
ACM SIGKDD International Conference on Knowledge Discovery & Data Mining. p.
1192–1200. KDD ’20, Association for Computing Machinery, New York, NY, USA (2020).
https://doi.org/10.1145/3394486.3403172, https://doi.org/10.1145/3394486.3403172

128

https://arxiv.org/abs/2501.12948
https://arxiv.org/pdf/2104.08663.pdf
https://doi.org/10.48550/arXiv.2307.09288
https://doi.org/10.48550/arXiv.2307.09288
https://openreview.net/forum?id=aKkAwZB6JV
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://blog.voyageai.com/2025/01/07/voyage-3-large/
https://github.com/redwoodresearch/Easy-Transformer
https://openreview.net/forum?id=NpsVSN6o4ul
https://openreview.net/forum?id=NpsVSN6o4ul
https://api.semanticscholar.org/CorpusID:281325755
https://api.semanticscholar.org/CorpusID:281325755
https://doi.org/10.1145/3394486.3403172


Bibliography Bibliography

[133] Xue, S., Chen, T., Zhou, F., Dai, Q., Chu, Z., Mei, H.: Famma: A benchmark for financial
domain multilingual multimodal question answering (2024), https://arxiv.org/abs/2410
.04526

[134] Yang, W., Li, J., Xiong, C., Hoi, S.C.H.: Mace: An efficient model-agnostic framework for
counterfactual explanation (2022)

[135] Yeh, I.C., hui Lien, C.: The comparisons of data mining techniques for the predictive accuracy
of probability of default of credit card clients. Expert Systems with Applications 36(2, Part
1), 2473–2480 (2009)

[136] Yepes, A.J., You, Y., Milczek, J., Laverde, S., Li, R.: Financial report chunking for effective
retrieval augmented generation (2024), https://arxiv.org/abs/2402.05131

[137] Zeiler, M.D., Fergus, R.: Visualizing and understanding convolutional networks. In: Fleet,
D., Pajdla, T., Schiele, B., Tuytelaars, T. (eds.) Computer Vision – ECCV 2014. pp. 818–833.
Springer International Publishing, Cham (2014)

[138] Zhang, J., Zhao, Y., Saleh, M., Liu, P.: PEGASUS: Pre-training with extracted gap-sentences
for abstractive summarization. In: III, H.D., Singh, A. (eds.) Proceedings of the 37th Interna-
tional Conference on Machine Learning. Proceedings of Machine Learning Research, vol. 119,
pp. 11328–11339. PMLR (13–18 Jul 2020), https://proceedings.mlr.press/v119/zhang
20ae.html

[139] Zhang, Q., Hall, M., Johansen, M., Galetic, V., Grange, J., Quintana-Amate, S., Nottle,
A., Jones, D.M., Morgan, P.L.: Towards an integrated evaluation framework for xai: An
experimental study. Procedia Computer Science 207, 3884–3893 (2022), knowledge-Based
and Intelligent Information & Engineering Systems: Proceedings of the 26th International
Conference KES2022

[140] Zhang, T., Kishore, V., Wu, F., Weinberger, K.Q., Artzi, Y.: BERTScore: Evaluating text
generation with BERT. In: 8th International Conference on Learning Representations, ICLR
2020, Addis Ababa, Ethiopia, April 26-30, 2020. OpenReview.net (2020), https://openre
view.net/forum?id=SkeHuCVFDr

[141] Zhang, X., Marwah, M., Lee, I.t., Arlitt, M., Goldwasser, D.: Ace – an anomaly contribution
explainer for cyber-security applications. In: 2019 IEEE International Conference on Big Data
(Big Data). pp. 1991–2000 (2019)

[142] Zhao, Y., Singh, P., Bhathena, H., Ramos, B., Joshi, A., Gadiyaram, S., Sharma, S.: Opti-
mizing LLM based retrieval augmented generation pipelines in the financial domain. In: Yang,
Y., Davani, A., Sil, A., Kumar, A. (eds.) Proceedings of the 2024 Conference of the North
American Chapter of the Association for Computational Linguistics: Human Language Tech-
nologies (Volume 6: Industry Track). pp. 279–294. Association for Computational Linguis-
tics, Mexico City, Mexico (Jun 2024). https://doi.org/10.18653/v1/2024.naacl-industry.23,
https://aclanthology.org/2024.naacl-industry.23/

[143] Zhou, J., Gandomi, A.H., Chen, F., Holzinger, A.: Evaluating the quality of machine learning
explanations: A survey on methods and metrics. Electronics 10(5), 593 (2021)

129

https://arxiv.org/abs/2410.04526
https://arxiv.org/abs/2410.04526
https://arxiv.org/abs/2402.05131
https://proceedings.mlr.press/v119/zhang20ae.html
https://proceedings.mlr.press/v119/zhang20ae.html
https://openreview.net/forum?id=SkeHuCVFDr
https://openreview.net/forum?id=SkeHuCVFDr
https://aclanthology.org/2024.naacl-industry.23/


Bibliography Bibliography

[144] Zhu, F., Lei, W., Huang, Y., Wang, C., Zhang, S., Lv, J., Feng, F., Chua, T.S.: TAT-QA:
A question answering benchmark on a hybrid of tabular and textual content in finance. In:
Zong, C., Xia, F., Li, W., Navigli, R. (eds.) Proceedings of the 59th Annual Meeting of the
Association for Computational Linguistics and the 11th International Joint Conference on
Natural Language Processing (Volume 1: Long Papers). pp. 3277–3287. Association for Com-
putational Linguistics, Online (Aug 2021). https://doi.org/10.18653/v1/2021.acl-long.254,
https://aclanthology.org/2021.acl-long.254/

130

https://aclanthology.org/2021.acl-long.254/

	Introduction
	The Transparency and Reliability Problem in Financial AI
	The Three Pillars of Transparent and Reliable AI
	Explainable AI (XAI): Quantifying Explainability
	Grounded Generation: Verifiable AI Outputs
	Mechanistic Interpretability: Understanding the Model’s Inner Workings

	The Transparency Stack
	Research Questions and Contributions
	Structure of the Thesis

	Background
	Explainable AI (XAI)
	What XAI is and why it exists
	Explainability in Financial Applications
	Technical Overview of Explainable AI Methods
	Why evaluating explainability methods is essential
	Related Work

	Grounded Generation
	Retrieval Augmented Generation (RAG)
	Related Work

	Mechanistic Interpretability
	What is Mechanistic Interpretability
	Transformers as computational systems
	Circuit discovery
	Superposition and polysemanticity

	Unifying Framework

	Explainability, Quantified: Benchmarking XAI techniques
	Metrics for XAI
	Background values and Deletion Curves
	Effective Compactness (EC)
	Rank Quality Index (RQI)
	Stability (STB)

	Experimental Setup
	Binary classification
	Regression
	Anomaly Detection
	Preprocessing and attributions

	Results
	Discussion

	Keyword-based Annotation for Trend and Risk Analysis
	Background and motivation
	Problem statement
	Proposed approach
	Generation of keywords and keyword descriptions
	Document pre-processing
	Keyword-based content annotation

	Experimental evaluation
	Results on content annotation
	Results on keyword and description generation
	Human evaluation
	Qualitative examples
	Qualitative examples

	Discussion

	Summarized RAG for Trend and Risk Analysis
	Background and motivation
	Problem statement
	Settings of RAG and Summarizers
	Strategies for similarity computation
	Experimental results
	Discussion

	Enhancing Financial QA via RAG
	Background and motivation
	Dataset
	Dataset Structure
	Dataset Statistics
	Document Corpus
	Dataset Characteristics

	Experimental Setup
	RAG Architecture
	Evaluation Metrics

	Results
	Retrieval Performance
	Generation Performance
	Error analysis

	Discussion

	Mechanistic Interpretability Analysis of Table Lookup
	Exploratory analysis
	Prompt design
	Model
	Metric
	Logit lens
	Activation Patching
	Validation of early heads
	Activation patching with row-corrupted prompts
	Activation patching for decomposed attention head

	Discussion

	Conclusions
	Acknowledgements
	Bibliography

