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Abstract

Abstract

The rapid growth of multimodal data has underscored the necessity for robust methods to verify
semantic alignment between images and their associated textual descriptions. This problem,
termed multimodal consistency verification, asks whether a given image and text pair are
semantically compatible or contradictory. Unlike conventional image–text retrieval, which ranks
many candidates for a query, consistency verification is a pairwise decision on a single pair.
While large-scale vision-language models demonstrate strong performance in retrieval and zero-
shot tasks, explicit consistency verification, particularly with integrated explainability, remains
underexplored.

We present an explainable dual-encoder vision-language architecture that utilizes a Vision
Transformer (ViT) and Bidirectional Encoder Representations from Transformers (BERT) to
encode images and multi-caption documents, respectively. These representations are projected
into a shared embedding space and aligned via a symmetric InfoNCE contrastive objective.
We quantify consistency using cosine similarity, employing a decision threshold to distinguish
between consistent and inconsistent pairs. The model incorporates visual attention maps from
the ViT and token importance scores from the BERT encoder that provide qualitative evidence
for its classification decisions.

For evaluation, a proxy benchmark dataset was constructed from the Flickr30K dataset by
aggregating the five captions associated with each image into a single multi-caption document
and generating consistent, randomly mismatched, and Facebook AI Similarity Search (FAISS)
retrieved hard-negative pairs. The inconsistent pairs were generated algorithmically rather
than through extensive human annotation of semantic contradiction type. The model was
tested across balanced, imbalanced, and hard-negative scenarios and compared with Contrastive
Language–Image Pre-training (CLIP) as a baseline in all scenarios. To isolate the contributions
of the transformer-based encoders, the Vision Transformer was replaced by Residual Network-
50 (ResNet-50) to evaluate the impact of using a convolutional rather than an attention-based
image encoder, whereas BERT was replaced by Term Frequency–Inverse Document Frequency
(TF-IDF) representations to assess the value of contextual language modelling against a non-
contextual text baseline.

The results show that the proposed model excels at identifying random image and textual
mismatches on this proxy benchmark, achieving an ROC-AUC between 0.989 and 0.999, and
maintains strong ranking quality under an imbalanced 90/10 class distribution (ROC-AUC
0.9894). However, performance declines substantially when faced with hard negatives (ROC-
AUC approximately 0.70), indicating that semantically similar mismatches remain a challenge
for dual-encoder architectures. The ablation results confirmed that both the transformer-based
vision and language encoders are important for performance relative to the convolutional and
TF-IDF alternatives. Qualitative analysis showed that attention maps and token rankings
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highlight influential image regions and tokens; these visualisations were not evaluated with
quantitative faithfulness tests and are not claimed as causal explanations. The study is there-
fore limited to a public multi-caption photograph benchmark with algorithmically constructed
negatives, and the findings should not be generalised to domains whose images, documents, or
contradiction types differ from this setting.

Keywords: multimodal consistency verification; vision-language models; contrastive learning;
Vision Transformer; BERT; InfoNCE; explainable AI; attention maps; token importance; hard
negatives; proxy benchmark dataset
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Chapter 1

Introduction

1.1 Background

As the volume of multimodal data continues to grow, there is a pressing need for intelligent
systems that can bridge the gap between visual and textual information with human-level
understanding [1, 2, 3, 4]. In many practical settings, an image and its accompanying textual
description are expected to convey a consistent meaning. However, when errors or deliberate
manipulations break this consistency, the reliability of the entire record is compromised, often
leading to flawed downstream decisions.

Vision-Language Models (VLMs) have become the standard tool for aligning these different
modalities. Foundational architectures like Contrastive Language–Image Pre-training (CLIP) [5],
A Large-scale ImaGe and Noisy-text embedding (ALIGN) [6], Align Before Fuse (ALBEF) [7],
and Bootstrapping Language-Image Pre-training (BLIP) [8] have shown that contrastive learn-
ing is remarkably effective at building shared multimodal spaces. By using transformer based
components such as the Vision Transformer (ViT) for images [9] and BERT style encoders for
text [10, 11], these models can map visual and linguistic features into a single embedding space
where their relationship can be measured.

Despite these breakthroughs, two major gaps remain. First, most current models are opti-
mized for retrieval or generation [5, 6, 8], meaning they focus on finding the ’best’ match in
a shared embedding space [4, 3] rather than explicitly verifying if a specific pair is truthful or
consistent.

Second, these models often operate as “black boxes,” offering little insight into how they reach
a conclusion [12, 13, 14]. For high stakes environments that require transparency and human
oversight, this lack of explainability is a significant hurdle [15, 16]. There is therefore a clear
demand for models that not only verify consistency but also surface the evidence such as specific
image regions or influential text tokens that influenced the decision [9, 17, 18].

This study addresses these gaps by developing an explainable dual-encoder architecture [5, 7].
By combining a Vision Transformer [9] and BERT [10] through contrastive learning [19, 20], we
aim to create a system that provides both a reliable consistency score and interpretable visual
and textual evidence [17, 18] to support human reviewers [15].
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1.2 Problem Statement

While significant progress has been made in vision-language representation learning, current
approaches still exhibit important shortcomings. Most models treat consistency between an
image and its textual description as a secondary outcome of retrieval or classification [5, 6]
rather than as an explicit decision support task [4]. In addition, the internal reasoning of these
models is frequently opaque [12], making it difficult for human reviewers to understand why
a particular image and text pair is judged consistent or inconsistent [15]. There remains a
shortage of modular frameworks that combine reliable cross-modal alignment with transparent
evidence generation [17] and that can be adapted to specialised operational settings. These
limitations hinder the practical deployment of multimodal systems in applications that require
both accuracy and accountability, such as document verification, content moderation, and
specialised operational domains. To address this gap, the present study develops an explainable
dual encoder vision-language model, using a Vision Transformer and BERT trained with a
contrastive objective that treats multimodal consistency verification as a primary task and
integrates visual and textual explanations as a core design requirement.

1.3 Objectives of the Study

1.3.1 General Objective

To develop an explainable Transformer based vision-language model for multimodal consistency
verification between images and textual descriptions.

1.3.2 Specific Objectives

1. To develop a controlled multimodal evaluation dataset suitable for assessing consistency
verification between images and textual descriptions.

2. To design and implement a contrastive learning based model leveraging the Vision Trans-
former (ViT) and BERT to learn aligned multimodal representations.

3. To evaluate the model’s performance in consistency verification and to assess the quality
of the generated explanations.

1.4 Research Questions

The study seeks to answer the following questions:

1. How can a controlled multimodal evaluation dataset be constructed to effectively support
the assessment of consistency verification between images and textual descriptions?

2. To what extent can a contrastive learning model combining the Vision Transformer and
BERT produce reliable alignment between visual and textual representations for consis-
tency verification?

3. How effectively can attention based visual maps and token importance scores provide
human interpretable explanations for the model’s consistency decisions?
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1.5 Significance of the Study

This research contributes to the field of multimodal machine learning in three main ways. First,
it advances the development of models specifically oriented toward consistency verification
rather than solely toward retrieval or generation. Second, it integrates explainability as a
core design requirement, enabling human reviewers to inspect the visual and textual evidence
underlying each decision. Third, it provides a practical, modular framework that can serve
as a foundation for decision support systems in environments where transparency and human
oversight are essential.

The outcomes of this study are expected to benefit researchers and practitioners working on
trustworthy multimodal artificial intelligence, as well as organisations that require reliable image
and text consistency assessment.

1.6 Justification of the Study

This study is justified by the need to address three interrelated gaps in the current literature.
First, there is a shortage of practical frameworks that treat multimodal consistency verification
as an explicit decision support task rather than a secondary outcome of retrieval. Second,
explainability is frequently introduced as a post-hoc addition rather than being integrated as
a core design requirement. Third, lightweight and modular architectures that combine reliable
alignment performance with transparent evidence generation remain limited.

By developing an explainable Transformer based vision-language model that integrates a Vision
Transformer and BERT through contrastive learning, this research makes both methodological
and practical contributions. Methodologically, it advances the design of dual-encoder systems
specifically oriented toward consistency assessment and integrated explainability. Practically, it
provides a foundation for decision-support tools in domains where image and text consistency
matters, such as document verification, content moderation, and archival validation.

The incorporation of visual attention maps and token level importance scores ensures that
model outputs remain interpretable and subject to human review.

In summary, this study is motivated by the growing demand for trustworthy multimodal systems
and the current scarcity of models that jointly deliver reliable consistency verification and
transparent explanations.

1.7 Scope of the Study

This research focuses on the development and evaluation of a dual-encoder vision-language
model that employs contrastive learning to assess semantic consistency between a single image
and a corresponding textual description. The model produces a consistency score together with
supporting explanations in the form of visual attention maps and influential text tokens.

Experiments are conducted primarily on the publicly available Flickr30K dataset [21], which
provides multiple human-authored captions per image and therefore supports the controlled
construction of consistent and inconsistent pairs. While the resulting framework is intended to
be adaptable to specialised domains, detailed operational deployment for example in customs
cargo documentation is treated as a potential future application rather than the central focus
of the present work.
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1.8 Conceptual Framework

The conceptual framework for this study integrates self supervised contrastive learning for
cross-modal alignment with explainability mechanisms to support transparent multimodal con-
sistency verification. The framework receives an image and a corresponding textual description
as inputs. These inputs are independently encoded and projected into a shared embedding
space, where contrastive learning aligns matched pairs and separates mismatched pairs. Con-
sistency is quantified through cosine similarity, and the resulting score is used to classify the
pair as consistent or inconsistent.

To support transparency and human oversight, the framework also generates visual attention
maps and token importance scores. These explanations, together with the consistency decision,
enable human in the loop decision support rather than fully automated judgement.

1.8.1 Input, Processing, and Output Variables

The key variables of the framework are summarised in Table 1.1.

Table 1.1: Conceptual Variables and Evaluation Attributes

Framework
Component

Key Attributes Expected Out-
come

Evaluation Met-
rics

Textual Input Textual description
or document

Semantic representa-
tion

Token importance
relevance

Image Input Visual image Visual representation Attention map qual-
ity

Contrastive
Learn-
ing(InfoNCE)

Cross-modal align-
ment

Improved image and
text pair consistency

Similarity gap, AUC

Consistency Scor-
ing

Cosine similarity and
threshold

Accurate consistency
decision

Accuracy, Precision,
Recall, F1-score,
ROC-AUC

Explainability
Module

Attention maps and
token importance

Transparent decision
support

Qualitative human
assessment

The performance of the framework is assessed using standard classification metrics including
accuracy, precision, recall, F1-score, and ROC-AUC [22] together with qualitative inspection
of the generated explanations.

1.9 Assumptions

This study was based on several key assumptions that underpinned its methodology and re-
search design.

Firstly, it was assumed that publicly available image caption datasets providing multiple cap-
tions per image, such as Flickr30K [21], constitute a scientifically valid proxy for evaluating
multimodal consistency verification. This assumption was supported by the fact that Flickr30K
contains independently authored captions that describe the same visual scene from different
perspectives, thereby enabling the systematic construction of matched and mismatched pairs
under controlled conditions.
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Secondly, it was assumed that cosine similarity computed in a shared embedding space pro-
vides a meaningful quantitative measure of semantic consistency between an image and its
corresponding textual description, and that an appropriate decision threshold can be estab-
lished to distinguish consistent from inconsistent pairs.

Thirdly, it was assumed that attention weights extracted from the Vision Transformer and token
level importance signals derived from BERT can serve as reasonably informative explanations
of the model’s consistency decisions.
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Chapter 2

Literature Review

2.1 Introduction

This chapter is organised around four interrelated themes that directly inform the present
study. First, it examines foundational vision-language models and the architectural paradigms
that underpin contemporary multimodal systems. Second, it discusses contrastive learning
approaches for cross-modal alignment, which form the methodological basis of the proposed
framework. Third, it reviews work on image and text matching and the emerging focus on
consistency verification as a distinct, decision oriented task. Fourth, it surveys explainability
techniques in vision-language models, with particular attention to attention based and token
level methods that support human interpretation of model decisions.

2.2 Multimodal Learning and Vision-Language Models

Multimodal learning has emerged as a central research direction in artificial intelligence (AI)
due to the growing availability of data that combines multiple modalities, particularly vision
and language [3, 4]. The goal is to develop models capable of jointly processing and relating
information from different sensory inputs in a way that approximates human perception [1, 2].
Within this broader field, vision-language models (VLMs) have received particular attention
because of their ability to associate visual content with natural language descriptions [5, 8,
23].

Early approaches to vision-language modelling relied on convolutional neural networks (CNNs)
for image feature extraction [14, 24] and sequential models for text encoding [18]. These meth-
ods faced limitations in capturing long range dependencies and in scaling to large datasets.
The introduction of the Transformer architecture marked a turning point in the field [17].
Transformers enable more effective modelling of sequential and spatial relationships through
self-attention mechanisms, providing a flexible foundation for both unimodal and multimodal
representation learning [3, 4, 9, 10].

The modern era of vision-language modelling was largely initiated by dual encoder architectures
trained with contrastive objectives [5, 6]. Contrastive Language Image Pre-training (CLIP)
showed that a Vision Transformer (ViT) image encoder and a Transformer based text encoder
can be jointly trained on large scale image and text pairs so that matched pairs are pulled
together and mismatched pairs are pushed apart in a shared embedding space [5]. This design
enabled strong zero-shot transfer across a wide range of visual recognition tasks and established
the dual encoder contrastive paradigm that underpins much of subsequent work [5, 7, 8, 25].
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Building on similar principles, A Large scale ImaGe and Noisy text embedding (ALIGN) scales
contrastive learning to over one billion noisy image alt text pairs, confirming that data scale
can compensate for noise in weakly supervised settings [6].

Subsequent models have sought to improve cross-modal interaction and generative capabil-
ity [3, 4]. Flamingo introduces a visual language model designed for few-shot learning across
multimodal tasks [23], while Contrastive Captioners (CoCa) combines contrastive and caption-
ing objectives to create a unified image-text foundation model [25]. Align Before Fuse (ALBEF)
and Bootstrapping Language-Image Pre-training (BLIP) further improve cross-modal under-
standing through momentum distillation and unified pre-training strategies [7, 8]. In the vision
domain, ViT has become a standard backbone for image encoding by treating images as se-
quences of fixed size patches [9].

These foundational models have established the principal architectural and training paradigms
that underpin contemporary research in multimodal representation learning [3, 4]. Dual-encoder
designs offer efficiency and scalability [5, 6], while models that incorporate generative or fusion-
based components provide richer cross-modal interaction [7, 8]. Despite their success on re-
trieval, classification, and generation benchmarks [5, 8, 23], most of these models are not pri-
marily designed for explicit consistency verification [26], nor do they place strong emphasis on
generating human interpretable explanations of their decisions [27].

2.3 Contrastive Learning for Cross Modal Alignment

Contrastive learning has become a dominant paradigm for aligning representations across
modalities [5, 6, 19]. The central idea is to learn an embedding space in which matched pairs
from two modalities are drawn closer together while mismatched pairs are pushed apart [19].
In the vision-language setting, this is typically achieved by maximising the similarity between
corresponding image and text pairs and minimising the similarity between non corresponding
pairs within a training batch [5, 19].

A widely adopted formulation is the Information Noise Contrastive Estimation (InfoNCE) loss,
which treats alignment as a classification task over positive and negative pairs [19]. Dual-
encoder models such as CLIP operationalise this principle by encoding images and texts in-
dependently and optimising a symmetric cross-modal contrastive loss [5]. ALIGN extends the
same approach to a much larger and noisier collection of image–text pairs, showing that scale
can compensate for imperfections in the supervisory signal [6]. Both models demonstrate that
global contrastive alignment is sufficient to produce strong zero-shot and retrieval performance
across a range of downstream tasks [5, 6].

Subsequent research has explored refinements to the basic contrastive framework [4]. Some ap-
proaches combine contrastive learning with generative objectives to capture richer cross-modal
relationships [8]. CoCa, for example, integrates a contrastive loss with a captioning loss within
a unified image-text foundation model [25]. Flamingo illustrates how large language models can
be conditioned on visual inputs to support few-shot multimodal learning [23]. More recently,
CrossModal-CLIP has applied contrastive multimodal learning to network traffic anomaly de-
tection, illustrating the breadth of domains where cross-modal alignment is valuable [28].

Despite these advances, most contrastive VLMs remain primarily optimised for retrieval or
zero-shot classification rather than for explicit consistency verification [5, 6, 26]. The similarity
score produced by such models can be interpreted as a measure of cross-modal alignment, yet
relatively few studies have treated consistency assessment as a decision oriented task supported
by transparent explanations [26, 27].
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2.4 Image Text Matching and Consistency Verification

Image and text matching has traditionally been formulated as a retrieval problem, in which
the goal is to rank the most relevant texts for a given image or the most relevant images for
a given text [3, 4]. CLIP and ALIGN demonstrate that large scale contrastive pre-training
produces embeddings in which matched image and text pairs exhibit high cosine similarity,
enabling effective cross-modal retrieval without task specific fine tuning [5, 6]. Subsequent
foundation models, including CoCa and Flamingo, further improve cross-modal understanding
by combining contrastive learning with generative or few shot capabilities [23, 25].

Although retrieval performance provides an indirect indication of cross-modal alignment, it
does not fully address the problem of consistency verification [26]. In this study, multimodal
consistency verification is defined as the task of determining whether a specific image and a
specific textual description are semantically compatible, and of supporting that determination
with a calibrated decision rather than a ranked list. In many practical settings, the output of
interest is not the identity of the nearest neighbour in a large gallery, but a judgement about
whether the given pair is consistent or inconsistent [29, 30, 31].

Recent research has begun to treat consistency-related problems more explicitly. Multimodal
approaches have been explored for anomaly detection, fact verification, and the identification of
mismatches between visual content and associated textual claims [12, 32]. These developments
suggest a shift from pure retrieval towards decision-oriented multimodal assessment [33, 34].
Nevertheless, most existing models remain optimised for ranking metrics such as Recall@K
and median rank [5]. Comparatively less attention has been paid to the design of systems
whose primary output is a consistency score accompanied by human interpretable evidence [35,
36].

This distinction is important for applications that require accountability and human over-
sight [37, 38]. It is not sufficient for a model to embed images and texts in a shared space; it
must also support transparent assessment of whether a particular pair is consistent [35, 36].
The present study addresses this need by framing multimodal consistency verification as an
explicit task and integrating explainability mechanisms into the decision pipeline.

2.5 Transformer Architectures in Vision and Language

The Transformer architecture has become a foundational building block for both natural lan-
guage processing (NLP) and computer vision [10, 9]. Originally introduced for sequence trans-
duction tasks, the Transformer relies on self-attention mechanisms to model pairwise depen-
dencies among input elements without the sequential constraints of recurrent networks [17].
This design enables efficient parallelisation and proves highly effective at capturing long-range
dependencies [17, 18].

In the language domain, Bidirectional Encoder Representations from Transformers (BERT)
popularised the use of bidirectional Transformer encoders pre-trained with masked language
modelling objectives. BERT and its variants, including A Robustly Optimized BERT Pretrain-
ing Approach (RoBERTa), produce contextualised token representations adaptable to a wide
range of downstream tasks [10, 11]. The special classification token, commonly referred to as
the [CLS] token, is frequently used as a global sequence representation for classification and
retrieval applications [10].

In computer vision, ViT extended the same architectural principles to image data by dividing an
image into fixed-size patches and treating the resulting sequence of patch embeddings as input
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to a standard Transformer encoder [9]. ViT demonstrated that pure attention-based models can
achieve competitive or superior performance compared with CNNs when trained at sufficient
scale [13]. Subsequent work, including BERT Pre-Training of Image Transformers (BEiT), has
further reinforced the ViT as a strong visual backbone for multimodal systems [39].

The combination of Transformer-based vision and language encoders has underpinned many of
the most successful VLMs [3, 4]. Dual-encoder architectures such as CLIP use a ViT for images
and a Transformer-based text encoder, mapping both modalities into a shared embedding space
through contrastive learning [5]. Other models build on similar backbones while introducing
additional fusion or generative components [25, 23, 8, 7].

Transformer architectures offer several advantages for multimodal consistency verification [17,
26]. Self-attention models global context within each modality [17], while the resulting embed-
dings can be compared directly through similarity metrics [19, 40]. Critically, attention weights
also offer a natural source of interpretability, indicating which image patches or text tokens the
model attends to most strongly [17, 18].

2.6 Explainability in Vision-Language Models

As VLMs are increasingly considered for decision-support applications, explainability has be-
come an important research concern [38, 34]. Many high-performing multimodal models operate
as complex neural systems whose internal decision processes are not immediately transpar-
ent [26]. In settings that require accountability and human oversight, it is not sufficient to
produce an accurate consistency score; the basis of that score must also be interpretable to
human reviewers [38, 15].

Transformer-based architectures offer inherent opportunities for explanation through their re-
liance on self-attention [17, 18, 38]. Attention weights indicate the relative importance assigned
to different image patches or text tokens during representation learning [17, 9, 18]. In dual-
encoder models such as CLIP, these attention patterns can identify which regions of an image
or which words in a caption most strongly influence the resulting embedding [5]. Such analyses
provide a first level of insight into model behaviour, even though attention does not constitute
a complete causal explanation [18, 38].

Beyond raw attention, a range of techniques has been developed to improve the interpretability
of VLMs [27, 38]. These include methods that aggregate attention across layers and heads [9,
18], gradient-based attribution approaches [18], and techniques that generate visual saliency
maps conditioned on textual inputs [5, 35]. The aim is to produce explanations that are faithful
to the model’s computation and accessible to non-expert users [38, 27].

Despite this progress, explainability remains only partially integrated into many multimodal
systems [27, 38]. Explanation mechanisms are frequently applied post hoc rather than being
treated as a core design objective [38, 41, 42]. Furthermore, relatively few studies have examined
explainability specifically in the context of consistency verification [26, 35, 36]. Existing work
demonstrates that useful visual and textual signals can be extracted from Transformer based
models [42, 43], yet the systematic combination of consistency scoring with integrated, human-
interpretable explanations remains limited [26, 36].

A model that produces only a numerical similarity score leaves human reviewers without the
evidence needed to support their judgement [38, 37]. By contrast, a framework that accompa-
nies the consistency decision with visual attention maps and influential text tokens can better
support human in the loop assessment [15, 42, 43, 9, 17].
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2.7 Evaluation Metrics and Benchmarks

The evaluation of VLMs has traditionally been dominated by retrieval-oriented and task spe-
cific benchmarks [5, 6, 8]. In image and text retrieval, performance is commonly reported
using ranking metrics such as Recall at Top-k (Recall@K) which measures whether the correct
or relevant item appears among the top k retrieved results and median rank, which mea-
sures the ability of a model to retrieve the correct match from a large candidate set [5, 21].
Dual encoder models including CLIP and ALIGN have achieved strong results on standard
retrieval benchmarks [5, 6]. Classification oriented tasks such as zero shot image classification
and visual question answering further test the generalisation of learned representations [5, 8].
Generative VLMs are additionally evaluated using captioning metrics and human preference
judgements [23, 25].

For consistency verification, however, retrieval and generation metrics are only partially in-
formative [26, 35]. Consistency assessment is more naturally framed as a binary or graded
decision problem: given a specific image and text pair, the model must determine the degree to
which the two modalities are semantically compatible [35, 36]. Under this framing, classifica-
tion metrics such as accuracy, precision, recall, F1-score, and area under the receiver operating
characteristic curve (ROC-AUC) become more appropriate [22]. Similarity score distributions
for matched and mismatched pairs also provide useful diagnostic information about the quality
of cross-modal alignment [2, 35].

The evaluation of explainability introduces additional challenges [27]. Unlike accuracy based
metrics, the quality of visual attention maps and token importance rankings is difficult to
quantify through automatic measures alone [41, 42, 43]. Human inspection therefore remains
an important component of assessment, particularly when explanations are intended to support
decision making rather than merely visualise internal activations [15, 38]. Studies emphasising
transparent multimodal reasoning consequently combine quantitative performance metrics with
qualitative analysis of explanatory outputs [16, 36].

Existing public datasets constructed for image captioning and retrieval can be adapted for con-
sistency evaluation by creating matched and mismatched pairs [21]. Hard negative pairs, which
are semantically similar but not matched to the query image, can be mined using efficient sim-
ilarity search methods such as Facebook AI Similarity Search (FAISS) [40]. Nevertheless, pur-
pose built benchmark datasets that explicitly annotate different types of inconsistency remain
limited, constraining systematic comparison across methods and underscoring the need for eval-
uation protocols that jointly assess decision accuracy and explanation quality [33, 34, 35].

2.8 Related Applications and Domain Considerations

Multimodal consistency verification is relevant across a range of domains where visual content
and textual descriptions are expected to align. In document verification and digital archiv-
ing, systems may need to confirm that an image corresponds to its accompanying metadata or
textual record [33]. In content moderation and media authenticity assessment, detecting incon-
sistencies between an image and a textual claim can support the identification of misleading
or manipulated material [34, 36]. Similar requirements arise in retrieval augmented systems,
product cataloguing, and other settings where image and text compatibility underpins reliable
decision making [3, 4].

Similar consistency requirements can arise in specialised visual and textual settings, however,
the present study does not evaluate those settings. Flickr30K photographs and captions are
used as a proxy and do not represent domain-specific imagery or documents.
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In specialised operational environments such as security screening and customs Non-Intrusive
Inspection (NII), radiographic images and textual declarations are routinely examined together.
Research in these domains has explored the use of deep learning for threat detection, anomaly
identification, and automated analysis of X-ray imagery [44, 45, 31, 46]. The risks associated
with cargo misdeclaration and the challenges of large scale customs verification further motivate
the development of automated consistency tools [47, 30, 29]. Such work demonstrates the
practical importance of linking visual evidence with associated textual information.

Across these domains, a recurring theme is the need for systems that go beyond producing
a similarity score or classification label [27, 36]. When model outputs influence high stakes
decisions, human reviewers benefit from explanations that indicate which visual regions and
textual elements most strongly influenced the assessment [15]. This requirement aligns with
broader calls for trustworthy and interpretable AI in multimodal settings [38].

Despite the diversity of potential applications, many existing VLMs remain optimised for
general purpose retrieval or generation rather than for domain oriented consistency assess-
ment [5, 8, 35]. Adaptation to specialised data distributions, calibration of decision thresholds,
and integration into human in the loop workflows therefore remain important open considera-
tions [2, 15].

2.9 Research Gap

The literature reviewed in this chapter documents substantial progress in multimodal repre-
sentation learning, contrastive cross-modal alignment, and Transformer based vision-language
modelling [5, 6, 9, 17]. Foundational dual encoder models such as CLIP and ALIGN have
shown that large scale contrastive learning can produce effective shared embedding spaces for
images and text [5, 6]. Subsequent architectures have further improved cross-modal under-
standing through generative objectives, few-shot conditioning, and richer pre-training strate-
gies [7, 8, 23, 25]. In parallel, attention-based Transformer architectures have provided both
strong unimodal backbones and a basis for interpretability [9, 10, 17].

Despite these advances, two important gaps remain. First, most existing VLMs have been
designed and evaluated with retrieval, zero-shot classification, or generation in mind [5, 6, 8].
Explicit consistency verification that asks whether a specific image and a given textual descrip-
tion are semantically compatible has received comparatively little attention as a standalone
task [26, 35]. Standard retrieval metrics such as Recall@K offer only an indirect proxy for con-
sistency, and they fall short of what decision oriented applications actually demand [3, 4].

Second, explainability is frequently treated as a secondary or post-hoc concern rather than as
an integral design objective [12, 13]. Although attention weights and related attribution meth-
ods offer useful signals [17, 18], relatively few frameworks systematically combine consistency
assessment with human interpretable visual and textual evidence. In settings that require ac-
countability and human oversight, the absence of transparent explanations limits the practical
utility of otherwise accurate models [15].

2.10 Chapter Summary

This chapter has reviewed the literature underpinning the development of an explainable Trans-
former based VLM for multimodal consistency verification, covering the foundations of multi-
modal learning and vision–language modelling, contrastive cross-modal alignment, image and
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text matching and consistency assessment, Transformer architectures for vision and language,
explainability techniques, evaluation practices, and related application domains.

The review found that substantial progress has been made in learning aligned multimodal rep-
resentations, particularly through dual-encoder contrastive models [5, 6, 7, 8]. Two limitations
were also identified: most models are designed for retrieval or generation rather than explicit
consistency verification, and explainability tends to be treated as an afterthought rather than
a core design objective [27, 35]. As a result, relatively few frameworks bring together reliable
consistency scoring and integrated, human interpretable evidence [9, 10, 15, 17].

Together, these gaps motivate the present study. The following chapter describes the research
methodology developed to address them, covering the overall research design, dataset construc-
tion, model architecture, training strategy, explainability mechanisms, and evaluation proto-
col.
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Chapter 3

Methodology

3.1 Introduction

In this chapter we present the methodology adopted to develop and evaluate an explainable
Transformer based vision-language model for multimodal consistency verification. The study
addressed the need for systems capable of assessing whether an image and a corresponding
textual description are semantically consistent, while also providing transparent evidence to
support human interpretation of model decisions. The methodology was structured around
three main research objectives: the design of a suitable benchmark for consistency evaluation,
the development of a dual-encoder contrastive learning framework based on a Vision Trans-
former and BERT, and the systematic assessment of both consistency verification performance
and the quality of the generated explanations. The chapter describes the overall research design,
dataset construction, data preprocessing, model architecture, contrastive training strategy, ex-
plainability mechanisms, evaluation protocol, and ablation studies. The approach combined
self-supervised cross-modal alignment with explicit consistency scoring and integrated explain-
ability. Matched and mismatched image and text pairs were used to train and evaluate the
model, cosine similarity in a shared embedding space served as the consistency measure, and
visual attention maps together with token importance scores were generated to support trans-
parent decision support. The subsequent sections provide a detailed account of each component
of the methodological framework.

3.2 Research Design

The study adopted an experimental research design to develop and evaluate an explainable
dual-encoder vision-language model for multimodal consistency verification. The design fo-
cused on constructing a controlled experimental setting in which the ability of the model to
align and assess the consistency of image and text pairs could be systematically examined,
together with the usefulness of its explanations [3, 5, 6]. The research process consisted of
four interrelated phases. In the first phase, a controlled evaluation dataset was prepared from
Flickr30K by combining the five human-authored captions associated with each image into a
single multi-caption textual document [21]. Three types of image–document pairs were then
constructed [35, 33]: consistent pairs, formed by pairing each image with its own multi-caption
document; randomly mismatched pairs, formed by pairing each image with multi-caption doc-
uments sampled from other images; and hard-negative pairs, generated using Facebook AI
Similarity Search (FAISS) to retrieve challenging non-matching documents [40]. Given a query
embedding q and a candidate document embedding x, FAISS [40] retrieved nearest neighbours
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according to cosine similarity

sim(q, x) =
q⊤x

∥q∥2∥x∥2
, (3.1)

and a hard negative was selected as [48]

x− = arg max
x∈X\{x+}

sim(q, x), (3.2)

where x+ denotes the true matching document and X is the set of candidate documents. In the
second phase, a dual encoder architecture was designed, comprising a Vision Transformer for
image encoding and a BERT-based encoder for text encoding, with projection heads mapping
both modalities into a shared embedding space [9, 10, 5]. In the third phase, the model was
trained using a contrastive learning objective applied primarily to the consistent image and
document pairs [19]. In the fourth phase, the trained model was evaluated on consistent,
randomly mismatched, and hard negative pairs using quantitative consistency metrics and
qualitative analysis of the generated visual and textual explanations. The experimental design
treated consistency verification as an explicit decision task. Cosine similarity between the
projected image embedding zv and text embedding zt was used as the consistency score [5,
6],

s(zv, zt) =
z⊤v zt

∥zv∥2∥zt∥2
, (3.3)

and a decision threshold τ was applied to classify pairs as consistent or inconsistent [35,
26]:

ŷ =

{︄
1, if s(zv, zt) ≥ τ,

0, otherwise.
(3.4)

Explainability was incorporated as a core component of the design through the extraction
of attention maps from the Vision Transformer and token importance scores from the text
encoder, supporting human in the loop interpretation of model decisions [42, 43, 15]. For an
image with N patches, the visual attention map was obtained by averaging the self-attention
weights assigned to the classification token [9, 42],

Ai =
1

H

H∑︂
h=1

α
(h)
[CLS],i, i = 1, . . . , N, (3.5)

where α
(h)
[CLS],i denotes the attention weight from the classification token to patch i in head h.

Token importance for a text sequence of length L was likewise derived from the corresponding
attention weights of the text encoder [10, 42],

wj =
1

H

H∑︂
h=1

α
(h)
[CLS],j, j = 1, . . . , L. (3.6)

The proposed model was evaluated comparatively against CLIP, a foundational dual encoder
contrastive baseline [5]. In addition, controlled ablation studies were conducted to isolate the
contribution of the individual architectural components.

3.2.1 Ablation Study Design

To assess the contribution of the key architectural choices, a series of controlled ablation exper-
iments was conducted. The full proposed model consisting of ViT-B/16 and BERT base served
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as the reference configuration. First, the Vision Transformer was replaced with ResNet-50,
a foundational convolutional neural network. The final fully connected classification layer of
ResNet-50 was removed and replaced by a linear adapter that mapped the 2048-dimensional
feature vector to a 768-dimensional representation, matching the dimensionality of the BERT
output. The text encoder (BERT), projection heads, contrastive objective, optimiser, learning
rate schedule, data splits, and evaluation protocols remained identical to those of the full model.
This ablation isolated the contribution of the Transformer based visual backbone relative to a
classical convolutional architecture.

Second, the BERT encoder was replaced with a classical non-neural baseline based on Term
Frequency–Inverse Document Frequency (TF-IDF) [49]. A TF-IDF vectoriser was fitted on the
multi-caption documents of the training split. The resulting sparse feature vectors were pro-
jected into the same 256-dimensional shared embedding space through a learnable linear layer.
All other components including image encoder, projection dimension, InfoNCE loss [19], opti-
miser, and evaluation settings were kept unchanged. This ablation examined the contribution
of the contextual Transformer text encoder relative to a traditional bag of words representa-
tion [50]. In both ablation experiments, the same group based data splits (70% training, 15%
validation, and 15% test), pair construction procedures, temperature scaled InfoNCE objec-
tive, AdamW optimiser, and evaluation metrics were used. Performance was measured under
the three complementary settings employed for the main model: balanced random mismatches
(50/50), imbalanced random mismatches (90/10), and balanced FAISS hard negatives (50/50).
This design ensured that observed performance differences could be attributed to the changed
component rather than to variations in the experimental protocol.

3.3 Dataset Design and Preparation

3.3.1 Data Sources

The study utilised the Flickr30K dataset, a publicly available image and caption resource in
which each image is accompanied by five independent human authored captions [21]. For each
image, the five captions were combined into a single multi-caption textual document. This
produced one richer textual representation per image and formed the basis for constructing the
experimental pairs used in training and evaluation [5, 6].

3.3.2 Construction of Experimental Pairs

Three complementary sets of image and text pairs were constructed:

1. Each image was paired with its own multi-caption document to form a consistent pair.
These pairs represented genuine semantic consistency and constituted the primary positive
examples used for contrastive learning.

2. Each image was paired with multi-caption documents randomly sampled from other im-
ages within the same dataset to form random mismatched pairs. These pairs served as
controlled negative examples in which the textual content did not correspond to the visual
content.

3. Hard-negative pairs were generated and reserved for evaluation using FAISS-based simi-
larity search. FAISS was employed to retrieve multi-caption documents that were repre-
sentationally similar to a given image’s document but belonged to different images [40].

The inconsistent class was constructed algorithmically. Random negatives paired an image
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with a multi-caption document drawn from a different image. Hard negatives were documents
retrieved with FAISS as nearest neighbours in embedding space and were reserved exclusively
for evaluation; they were not used as negatives inside the InfoNCE training objective. Neither
procedure produced human annotation of contradiction type such as; omission, substitution,
negation, or attribute mismatch. A randomly mismatched pair is therefore a controlled proxy
for inconsistency, not a labelled real-world contradiction. Validation was limited to monitoring
the contrastive loss and selecting the decision threshold on the validation split before the held-
out test evaluation.

Contrastive learning was performed exclusively on the consistent pairs. During evaluation,
model performance was assessed under three complementary settings: first, discrimination be-
tween consistent and randomly mismatched pairs; second, a balanced test distribution compris-
ing 50% consistent pairs and 50% hard negative pairs; and third, an imbalanced distribution of
90% consistent pairs and 10% randomly mismatched pairs, designed to approximate real-world
anomaly detection scenarios in which inconsistencies are relatively rare. This multi-setting
evaluation design enabled a more rigorous assessment of the model’s ability to discriminate
genuine matches from both random and challenging non matches under conditions that reflect
both controlled and operationally realistic class distributions.

3.3.3 Data Characteristics and Split

The resulting collection of pairs was partitioned into training, validation, and test subsets using
a group-based splitting strategy based on a unique image identifier. This approach ensured that
all pairs associated with the same image remained within a single split, thereby preventing data
leakage across the training, validation, and test sets. The data were divided in the proportions
of 70% for training, 15% for validation, and 15% for testing. The training split contained consis-
tent pairs used for contrastive optimisation. The validation split supported model monitoring
and decision threshold selection. The held-out test split was reserved for final performance as-
sessment under both the random mismatch setting and the balanced hard negative evaluation
setting. This group aware partitioning and three-way pair construction provided a controlled
yet challenging experimental foundation for multimodal consistency verification.

3.4 Data Preprocessing

3.4.1 Image Preprocessing

Image data were preprocessed to conform to the input requirements of the Vision Transformer
(ViT). Each image was resized to a fixed resolution of 224 × 224 pixels, consistent with the
standard input size of the ViT-B/16 architecture [9]. The images were then normalised using
the ImageNet mean (µ) and standard deviation (σ) statistics commonly associated with pre-
trained vision backbones.

µ = [0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225]. (3.7)

These values standardise pixel intensity distributions across the red, green, and blue channels.
Finally, the processed images were converted into tensors suitable for batch-wise input to the
neural network. These steps ensured that all visual inputs were presented to the image encoder
in a uniform format, enabling stable feature extraction and subsequent projection into the
shared embedding space.
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3.4.2 Text Preprocessing

Textual inputs consisted of the multi-caption documents formed by combining the five human-
authored captions associated with each image. For the proposed model and the ResNet-50
ablation, the documents were tokenised using the BERT tokenizer, which converted the raw
text into subword tokens, applied padding and truncation to a fixed maximum sequence length
of 128, and generated corresponding attention masks [10, 11]. For the TF-IDF ablation, the
multi-caption documents were vectorised using a TF-IDF representation fitted exclusively on
the training split. The resulting sparse feature vectors were subsequently projected into the
shared embedding space through a learnable linear layer. Together, the image and text prepro-
cessing pipelines produced standardised multimodal inputs that supported consistent encoding,
contrastive alignment, and downstream consistency verification.

3.5 Model Architecture

3.5.1 Overview

The proposed model followed a dual-encoder architecture designed for multimodal consistency
verification, as illustrated in Figure 3.1.

Figure 3.1: Architecture of the proposed explainable dual-encoder vision-language model for
multimodal consistency verification.

3.5.2 Image Encoder

The image encoder was implemented using a pre-trained Vision Transformer (ViT-B/16) be-
cause this architecture captures long range spatial dependencies through self-attention and
provides attention weights that can be used directly for visual explanation. Each input im-
age, after preprocessing to 224× 224 pixels, was divided into non overlapping 16× 16 patches.
The patches were linearly projected into embeddings, combined with positional encodings, and
passed through a stack of Transformer encoder layers. The final representation corresponding
to the classification token was extracted as the global image embedding Ev ∈ R768. Attention
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weights from the Transformer layers were retained to support the generation of visual attention
maps [9].

3.5.3 Text Encoder

The text encoder was implemented using a pre-trained BERT-base model because BERT pro-
duces contextual token representations that capture long range semantic dependencies and
provides token-level attention signals suitable for textual explanation. The multi-caption doc-
ument associated with each image was tokenised and passed through the BERT encoder. The
final hidden state corresponding to the [CLS] token was used as the global text embedding
Et ∈ R768. Token level signals from the encoder were retained to support the computation of
token importance scores for textual explainability [10, 11].

3.5.4 Projection Heads and Shared Embedding Space

The image and text embeddings (Ev and Et) were passed through separate linear projection
heads and subsequently L2-normalised. This mapping placed both modalities in a shared 256-
dimensional embedding space in which cross-modal similarity could be computed directly. The
shared space formed the basis for contrastive alignment during training and for consistency
scoring during inference [5, 6].

3.5.5 Consistency Scoring

Consistency between an image and a textual document was quantified as the cosine similarity
s between their projected embeddings. A decision threshold τ was applied to the resulting
similarity score in order to classify each pair as consistent or inconsistent. This formulation
treated consistency verification as an explicit decision task rather than as a retrieval ranking
problem.

3.5.6 Explainability Module

The explainability module generated two complementary forms of evidence. Visual attention
maps were derived from the attention weights of the Vision Transformer and highlighted image
regions that contributed most strongly to the model’s representation of the input. Token im-
portance scores were derived from the text encoder and ranked the words in the multi-caption
document according to their influence on the textual representation. These explanations, to-
gether with the consistency decision, constituted the final output of the system and facilitated
human-in-the-loop assessment.

3.6 Contrastive Learning Framework

3.6.1 InfoNCE Objective

The model was trained using a contrastive learning objective based on the InfoNCE loss
[19]. The purpose of this objective was to align the projected embeddings of consistent im-
age–document pairs in the shared embedding space while separating them from non-matching
pairs. Given a batch of N consistent image–document pairs, let zvi and zti denote the L2-
normalised projected embeddings of the i-th image and its corresponding multi-caption docu-
ment, respectively. The cosine similarity between an image embedding and a text embedding
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was computed as
sim(zvi , z

t
j) = zvi · ztj. (3.8)

The image-to-text contrastive loss for the batch was defined as [19]

Lv→t = − 1

N

N∑︂
i=1

log
exp

(︁
sim(zvi , z

t
i)/τ

)︁∑︁N
j=1 exp

(︁
sim(zvi , z

t
j)/τ

)︁ , (3.9)

where τ is a temperature parameter that controls the concentration of the similarity distribu-
tion. A symmetric text-to-image loss Lt→v was defined analogously. The overall contrastive
objective was the average of the two directional losses [5]:

Lcontrastive =
1

2

(︁
Lv→t + Lt→v

)︁
. (3.10)

This formulation encouraged high similarity for matched pairs and low similarity for mis-
matched pairs within each training batch [5, 6].

3.6.2 Training Strategy

Contrastive learning was performed exclusively on consistent image–document pairs. Within
each training batch, the other samples in the batch served as in-batch negatives. Hard nega-
tives generated via FAISS were reserved for evaluation and were not included in the training
objective [40]. The model was optimised using the AdamW optimiser, which was selected
for its decoupled weight-decay mechanism, its proven stability with Transformer-based archi-
tectures, and its widespread adoption in the training of vision-language dual-encoder models
[51, 11, 9, 5]. A learning-rate schedule was applied to stabilise training and to promote gradual
convergence. Training proceeded by iteratively sampling batches of consistent pairs, computing
the symmetric InfoNCE loss, and updating the parameters of the projection heads and, where
applicable, the encoder backbones through backpropagation. This training strategy enabled
the model to learn a shared embedding space in which cosine similarity provided a meaningful
measure of semantic consistency between an image and its multi-caption document, forming
the basis for the subsequent consistency verification and explainability stages.

3.7 Explainability Mechanisms

Explainability was incorporated as an integral component of the framework rather than as a
post-hoc addition. The goal was to provide human-interpretable evidence that could support
the inspection of individual consistency decisions. Two complementary mechanisms were im-
plemented: visual attention maps derived from the image encoder and token importance scores
derived from the text encoder.

3.7.1 Visual Attention Maps

Visual explanations were obtained from the self-attention weights of the Vision Transformer.
During the forward pass, attention weights from the final Transformer blocks were extracted.
The attention tensor for a given layer has the shape (B,H,N,N), where B is the batch size, H
is the number of attention heads, and N is the number of tokens (including the classification
token). To produce a single spatial map per image, the following steps were applied:

1. The attention weights were averaged across all heads, yielding a matrix of shape (N,N).
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2. The attention row corresponding to the classification ([CLS]) token was selected. This
vector of length N indicates the degree to which the global representation attended to
each patch token.

3. The classification-token entry was discarded, leaving a vector of length equal to the num-
ber of image patches (for ViT-B/16 with 224× 224 input, this is 14× 14 = 196).

4. The vector was reshaped into a 14× 14 spatial grid.

5. The grid was upsampled to the original image resolution (224× 224) using bilinear inter-
polation.

6. The resulting map was normalised to the range [0, 1] and overlaid on the input image as
a colour heatmap.

Regions with higher attention values were interpreted as having contributed more strongly to
the global image embedding that entered the shared space. These visual attention maps enabled
qualitative inspection of whether the model focused on semantically relevant parts of the image
when assessing consistency with the accompanying multi-caption document [9].

3.7.2 Token Importance Scores

Textual explanations were derived from the BERT encoder. Token-level importance was esti-
mated by aggregating attention weights associated with individual tokens in the multi-caption
document. Tokens were ranked according to their relative contribution to the final text em-
bedding. The highest-ranked tokens were presented as evidence of the textual elements that
most strongly influenced the model’s representation of the document. In consistent pairs, these
tokens frequently corresponded to distinctive objects or attributes visible in the image; in in-
consistent pairs, they often highlighted concepts that were absent from or contradicted by the
visual content. This ranking provided a compact and interpretable summary of the linguistic
basis for the consistency assessment [10, 11]. Together, the visual attention maps and token im-
portance scores supplied complementary evidence that linked the model’s consistency decision
to specific image regions and text tokens, thereby supporting transparent, human-in-the-loop
evaluation.

3.8 Training Procedure

3.8.1 Optimiser and Learning Rate Schedule

The model was optimised using the AdamW optimiser. AdamW was selected because of its
decoupled weight-decay mechanism, its proven stability with Transformer-based architectures,
and its widespread adoption in the training of vision-language dual-encoder models [51, 11,
9, 5]. Decoupling weight decay from the adaptive gradient update improves regularisation
and generally leads to better generalisation when fine-tuning large pre-trained encoders. A
linear warmup–decay learning-rate schedule was employed to vary the learning rate smoothly
over the course of training. This schedule supported stable early progress and more refined
parameter updates in later epochs, thereby promoting gradual convergence of the contrastive
objective.

3.8.2 Implementation Details

The framework was implemented in Python using the PyTorch deep learning library. Pre-
trained Vision Transformer and BERT weights were loaded through the Hugging Face Trans-
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formers library, which provided standardised access to model checkpoints and tokenisers. Im-
age transformations were performed with TorchVision, and numerical and visualisation utilities
were drawn from NumPy, Matplotlib and Seaborn. All experiments were conducted on Google
Colab using an NVIDIA Tesla T4 GPU (approximately 15GB VRAM) with the High-RAM
runtime enabled (approximately 51GB system memory). The T4 provided CUDA accelerated
training and inference, while the High-RAM configuration supported the memory requirements
of dual-encoder batch processing, embedding extraction, and FAISS based hard negative re-
trieval [40]. Training was conducted with fixed random seeds to support reproducibility. Mixed
precision computation was used in order to improve training efficiency while preserving numer-
ical stability. Batches of consistent image and document pairs were sampled, passed through
the dual encoders and projection heads, and used to compute the symmetric InfoNCE loss [19].
Gradients were then back propagated and the model parameters updated. Model checkpoints
were monitored on the validation split. The decision threshold for consistency classification
was selected on the basis of validation performance prior to final evaluation on the held out
test set.

3.9 Evaluation Protocol

The evaluation protocol was designed to assess both the quantitative performance of the model
in distinguishing consistent from inconsistent image and text pairs and the qualitative usefulness
of its explanations. Performance was examined under multiple test distributions in order to
reflect both controlled and operationally realistic conditions.

3.9.1 Quantitative Metrics

Quantitative evaluation assessed the model’s ability to distinguish consistent from mismatched
image and text pairs using cosine similarity scores. Performance was measured through simi-
larity statistics (mean cosine similarity for consistent and inconsistent pairs and the separation
between their distributions), classification metrics at the selected decision threshold (accu-
racy, balanced accuracy, precision, recall, and F1-score for both the consistent and inconsistent
classes), and discrimination metrics (ROC-AUC and PR-AUC). These measures were computed
under three complementary test conditions. First, a balanced set of consistent versus randomly
mismatched pairs (50/50). Second, an imbalanced set of 90% consistent and 10% randomly
mismatched pairs, designed to approximate operational settings in which inconsistencies are
relatively rare and thirdly, a balanced set of 50% consistent and 50% FAISS retrieved hard neg-
ative pairs [40]. For each setting the proposed model was compared with CLIP under identical
data splits and evaluation protocols [5]. The same three evaluation settings were also applied
to the ResNet-50 and TF-IDF ablations.

3.9.2 Qualitative Evaluation of Explanations

In addition to numerical performance, the quality of the generated explanations was examined
qualitatively. Visual attention maps were inspected to determine whether the model attended to
semantically relevant regions of the image. Token importance rankings were examined to assess
whether the most influential words in the multi-caption document corresponded to concepts
that were present or absent in the visual content. This qualitative analysis provided insight into
the transparency of individual decisions and supported the interpretation of both correct and
incorrect consistency judgements. The combination of similarity scores, attention maps, and
token rankings formed the basis for human-in-the-loop assessment of the model’s outputs.
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3.9.3 Threshold Analysis

Because consistency verification was formulated as a thresholded decision on cosine similarity,
the choice of the decision threshold τ directly influenced classification performance. A pair was
classified as consistent if

ŷ =

{︄
1, if s(zv, zt) ≥ τ,

0, otherwise.
(3.11)

where s(zv, zt) denotes the cosine similarity between the projected image and text embed-
dings [35, 26]. Threshold analysis was conducted on the validation set by examining the trade-
off between precision and recall (and related metrics) across a range of threshold values. The
operating threshold was selected using Youden’s index [22],

J(τ) = Sensitivity(τ) + Specificity(τ)− 1 = TPR(τ)− FPR(τ), (3.12)

and the optimal threshold was obtained as

τ ∗ = argmax
τ

J(τ). (3.13)

On the 90/10 evaluation this procedure yielded an optimal threshold of 0.4297, which was
subsequently applied for binary classification on the held-out test set. This analysis clarified
the sensitivity of the model’s decisions to the threshold parameter and provided a transparent,
data-driven basis for the final consistency classification rule [38]. In deployment the threshold
can be further adjusted according to the relative costs of false positives and false negatives.

3.10 Ethical Considerations

The study was conducted with due regard for ethical research practice. The experiments relied
exclusively on the publicly available Flickr30K dataset, which contains natural images and
human-authored captions and does not include personal, sensitive, or commercially confidential
information [21]. No human participants were recruited, and no private or operational data from
any organisation were used. Although Flickr30K provided a practical and reproducible basis
for constructing consistent and mismatched pairs, it remains a proxy dataset. It was originally
designed for captioning and retrieval rather than consistency verification, is limited in domain
diversity, and does not annotate fine-grained forms of inconsistency. These characteristics
constrain the direct generalisability of the results to specialised operational environments. The
framework was designed to support human-in-the-loop decision making rather than only a fully
automated judgement. Consistency scores and explanations were intended to assist human
reviewers, with final authority remaining with the human decision-maker. This design choice
reduces the risk of opaque automated decisions being treated as definitive. Potential biases
inherited from the pre-trained Vision Transformer and BERT models were acknowledged [9,
10]. Such biases may influence both the consistency scores and the generated explanations.
While the present study did not include a formal bias audit, this limitation is recognised and
identified as an important direction for future work. Overall, the research adhered to principles
of transparency, responsible use of public data, and respect for human oversight in multimodal
decision support.
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Chapter 4

Experiments and Results

4.1 Introduction

This chapter presents the experimental evaluation of the proposed explainable Transformer-
based vision-language model for multimodal consistency verification. The experiments were
designed to assess the model’s ability to distinguish consistent from inconsistent image–text
pairs and to examine the quality of the explanations generated by the system.

The chapter reports results on five main aspects. First, it examines the training dynamics
of the contrastive learning process. Second, it analyses the quality of cross-modal alignment
through similarity matrices, embedding visualisations, and similarity score distributions. Third,
it evaluates consistency classification performance under three complementary test conditions:
random mismatches, hard negatives, and an imbalanced operational setting. Fourth, it presents
controlled ablation studies that isolate the contribution of the image and text encoders. Fifth,
it provides a qualitative assessment of the visual attention maps and token importance scores
that support transparent decision interpretation.

Throughout the chapter, the proposed model is compared with CLIP under identical evaluation
protocols [5]. The findings provide empirical evidence of the model’s strengths, its remaining
limitations on hard negatives, and the practical value of the integrated explainability mecha-
nisms.

4.2 Dataset

Experiments were conducted on the Flickr30K dataset [21]. After removal of missing, duplicate,
and corrupt records, 31,783 images remained. Each image is associated with five independently
authored human captions. These captions were retained as the textual source material from
which experimental documents were later formed. The data were partitioned using a group-
based splitting strategy based on image identifiers (70% training, 15% validation, and 15%
testing). This ensured that all pairs derived from the same image remained within a single split
and thereby prevented data leakage.

4.3 Pair Construction

Pair construction was treated as a distinct experimental procedure because the type of image
and document pairing directly determines the difficulty of the consistency verification task.
Three types of pairs were constructed.
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Consistent pairs were formed by combining the five captions associated with each image into
a single multi-caption document and pairing that document with its source image. These
pairs served as the positive examples for contrastive training and as the matched class during
evaluation.

Random mismatched pairs were created by pairing each image with a multi-caption document
sampled from a different image. These pairs provided an unconstrained negative class and were
used to assess discrimination under relatively easy mismatch conditions.

Hard-negative pairs were generated using FAISS-based nearest-neighbour retrieval and were
reserved exclusively for evaluation [40]. For a query embedding q, a hard negative was selected
as

x− = argmax
x∈X\{x+}

sim(q, x), (4.1)

where x+ denotes the true matching document and sim(q, x) denotes cosine similarity. This pro-
cedure produced semantically similar but non-matching documents and therefore constituted
a more challenging test of consistency verification.

A randomly mismatched pair is a controlled proxy for inconsistency, not a labelled real-world
contradiction since the inconsistent class was constructed algorithmically.

4.4 Model Configuration

The proposed model employed a dual-encoder architecture. A pre-trained Vision Transformer
(ViT-B/16) served as the image encoder and a pre-trained BERT-base model served as the text
encoder [9, 10]. The resulting 768-dimensional embeddings were passed through linear projec-
tion heads and L2-normalised into a shared 256-dimensional embedding space. Consistency was
measured by cosine similarity between the projected embeddings. Training used the symmetric
InfoNCE contrastive loss applied to consistent pairs only, with the AdamW optimiser and a
linear warm-up followed by decay schedule [19, 51]. A decision threshold was selected on the
validation set using Youden’s index for subsequent binary consistency classification.

4.5 Baseline

The proposed model was compared with CLIP (Contrastive Language–Image Pre-training), a
strong dual-encoder contrastive vision-language model [5]. The CLIP ViT-B/16 variant was
used. CLIP encodes images with a Vision Transformer Base model using 16× 16 patches and
encodes text with a 12-layer Transformer language model of hidden size 512. Both represen-
tations are projected into a shared embedding space, and alignment is measured using cosine
similarity. Because CLIP is trained at large scale with a symmetric contrastive objective, it
provides a natural baseline for dual-encoder consistency scoring.

The two models share the same design with independent image and text encoders, a shared
embedding space, and cosine similarity as the consistency score. However, they differ in several
important respects. First, CLIP is a large-scale pre-trained foundation model, whereas the pro-
posed model adapts ViT-B/16 and BERT-base through a comparatively lightweight contrastive
fine-tuning procedure. Second, CLIP’s text encoder is a CLIP-specific Transformer trained from
scratch, whereas the proposed model uses BERT-base. Third, the proposed framework treats
consistency verification as an explicit decision task and applies a validation-selected threshold
τ to classify pairs as consistent or inconsistent. Fourth, the proposed model generates visual
attention maps and token-importance scores as part of its output, whereas CLIP was used in
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this study only as a scoring baseline. Fifth, the proposed text encoder operates on multi-caption
documents constructed from Flickr30K, rather than on the single-caption inputs used in the
original CLIP setting.

Both models were evaluated under the same pair-construction procedures and the same three
evaluation settings. This comparison therefore provided a direct reference point for assessing
the relative effectiveness of the proposed framework under controlled, imbalanced, and hard-
negative conditions.

4.6 Ablation Configurations

Two controlled ablations were conducted. In the first, the Vision Transformer was replaced by
ResNet-50 while retaining BERT as the text encoder. In the second, the BERT text encoder
was replaced by a TF-IDF representation projected into the same shared embedding space,
while retaining the Vision Transformer as the image encoder. All other training and evaluation
settings were held constant.

4.7 Evaluation Settings

Model performance was assessed under three complementary evaluation settings:

1. Balanced random-mismatch setting (50% consistent / 50% randomly mismatched pairs).

2. Imbalanced operational setting (90% consistent / 10% randomly mismatched pairs), de-
signed to approximate real-world scenarios in which inconsistencies are relatively rare.

3. Hard-negative setting (50% consistent / 50% FAISS-retrieved hard negatives) [40].

These settings enabled assessment of both controlled discrimination ability and performance
under more challenging and operationally realistic conditions.

4.8 Results of Training Dynamics

The contrastive training process was monitored through the InfoNCE loss on both the training
and validation sets over 10 epochs [19]. Figure 4.1(a) presents the resulting learning curves,
and Table 4.1 reports the corresponding epoch-wise values.

The training loss decreased sharply in the first two epochs, from 0.8566 to 0.1365, and thereafter
declined more gradually, reaching 0.0102 by epoch 10. The validation loss followed a similar
but smoother trajectory, falling from 0.1925 in epoch 1 to 0.0450 by the final epoch. Both
curves exhibited steady improvement without a subsequent rise in validation loss, indicating
stable convergence and no evident overfitting within the training horizon.

The learning rate followed a linear warm-up and decay schedule. It started at 2.00 × 10−5 in
epoch 1 and decreased monotonically to 0 by epoch 10, as shown in Table 4.1. This gradual
reduction supported early rapid alignment and later fine adjustment of the embeddings.

These dynamics confirm that the symmetric InfoNCE objective, optimised with AdamW, suc-
cessfully reduced the contrastive loss and produced progressively better-aligned image and text
embeddings in the shared space [51].
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Table 4.1: Training dynamics of the proposed ViT–BERT model

Epoch Train InfoNCE loss Validation InfoNCE loss Learning rate

1 0.8566 0.1925 2.00× 10−5

2 0.1365 0.1048 1.78× 10−5

3 0.0574 0.0844 1.56× 10−5

4 0.0373 0.0735 1.33× 10−5

5 0.0267 0.0660 1.11× 10−5

6 0.0214 0.0618 8.89× 10−6

7 0.0164 0.0531 6.67× 10−6

8 0.0121 0.0508 4.44× 10−6

9 0.0112 0.0466 2.22× 10−6

10 0.0102 0.0450 0.00

Figure 4.1: Contrastive training diagnostics for the proposed model. (a) Learning curves of
training and validation InfoNCE loss. (b) Cosine similarity matrix for a batch of 32 pairs. (c)
PCA projection of image and text embeddings. (d) Distribution of matched (diagonal) and
unmatched (off-diagonal) cosine similarities with the selected decision threshold.
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4.9 Cross-Modal Alignment Analysis

4.9.1 Similarity Matrix

Figure 4.1 (b) shows the cosine similarity matrix for a representative batch of 32 image–document
pairs. A pronounced diagonal of high similarity values is visible, indicating that matched pairs
received substantially higher scores than non-matched combinations. Off-diagonal entries are
predominantly low, confirming that the contrastive objective successfully separated positive
pairs from in-batch negatives.

4.9.2 Embedding Space Visualisation

Figure 4.1 (c) presents a two-dimensional PCA projection of the image and text embeddings
after contrastive training. The image embeddings and text embeddings occupy a largely over-
lapping region of the projected space, consistent with the formation of a shared multimodal
representation.

4.9.3 Similarity Score Distributions

Figure 4.1 (d) shows the distributions of cosine similarity scores for matched and unmatched
pairs. Matched pairs form a clear peak at high cosine values (approximately 0.7–0.95), while
unmatched pairs concentrate near zero. The limited overlap between the two distributions
indicates that cosine similarity provides a strong signal for distinguishing consistent from in-
consistent pairs.

A broader comparison across evaluation settings is presented in Figure 4.2. On random mis-
matches the proposed model exhibits a wide dynamic range and clear separation between
positive and negative pairs. CLIP also separates the two classes well, although its similarity
scores occupy a narrower numerical range. On hard negatives both models show substantial
overlap between consistent and inconsistent distributions.

Figure 4.2: Similarity score distributions for the proposed model (top row) and CLIP (bottom
row) under random negatives (50/50 and 90/10) and FAISS hard negatives.
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4.9.4 Decision Threshold Selection

On the basis of the observed similarity distributions and Youden’s index computed on the
validation set, a decision threshold in the region of 0.40–0.59 was selected depending on the
evaluation setting. Scores above the threshold were classified as consistent and scores below it
as inconsistent.

4.10 Consistency Classification Performance

Consistency classification performance was evaluated under three complementary settings. Co-
sine similarity served as the decision score and a threshold selected via Youden’s index was
applied to obtain binary predictions. The proposed model was compared with CLIP under
identical protocols [5].

4.10.1 Random-Mismatch Setting (50/50)

Under the balanced consistent versus randomly mismatched evaluation both models achieved
near-ceiling discrimination.

Table 4.2: Performance on the balanced 50% consistent / 50% randomly mismatched setting

Metric Proposed model CLIP

ROC-AUC 0.9991 0.9996
PR-AUC 0.9991 0.9996
Accuracy 0.9873 0.9920
Balanced Accuracy 0.9873 0.9920
Precision (Consistent) 0.9836 0.9920
Recall (Consistent) 0.9910 0.9908
F1-score (Consistent) 0.9873 0.9920
Precision (Inconsistent) 0.9909 0.9919
Recall (Inconsistent) 0.9835 0.9900
F1-score (Inconsistent) 0.9872 0.9919
Optimal threshold (Youden) 0.5212 0.2627
Mean similarity (Consistent) 0.8368 0.3492
Mean similarity (Inconsistent) 0.0047 0.1556

4.10.2 Imbalanced Operational Setting (90/10)

An imbalanced evaluation set of 4,000 pairs (3,600 consistent and 400 randomly mismatched)
was constructed to approximate operational conditions in which inconsistencies are relatively
rare.
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Table 4.3: Performance under the imbalanced 90% consistent / 10% inconsistent setting

Metric Proposed model CLIP

ROC-AUC 0.9994 0.9985
PR-AUC 0.9999 0.9998
Accuracy 0.9850 0.9908
Balanced Accuracy 0.9883 0.9904
Precision (Consistent) 0.9992 0.9989
Recall (Consistent) 0.9842 0.9908
F1-score (Consistent) 0.9916 0.9948
Precision (Inconsistent) 0.8744 0.9231
Recall (Inconsistent) 0.9925 0.9900
F1-score (Inconsistent) 0.9297 0.9554
Optimal threshold (Youden) 0.5900 0.2669
Mean similarity (Consistent) 0.8380 0.3494
Mean similarity (Inconsistent) −0.0087 0.1556

The proposed model achieved excellent ranking quality (ROC-AUC 0.9994) and very high recall
on the minority inconsistent class (0.9925). Precision on the inconsistent class was also strong
(0.8744). CLIP retained a slight advantage on most metrics, particularly precision for the
minority class, while the proposed model remained highly competitive.

4.10.3 Hard-Negative Setting (50/50)

Performance declined when the models were evaluated on the balanced hard-negative distribu-
tion.

Table 4.4: Performance on the balanced 50% consistent / 50% hard-negative setting

Metric Proposed model CLIP

ROC-AUC 0.699 0.848
PR-AUC 0.697 0.841
Accuracy 0.649 0.766
Balanced Accuracy 0.649 0.766
Precision (Consistent) 0.65 0.75
Recall (Consistent) 0.64 0.80
F1-score (Consistent) 0.65 0.77
Precision (Inconsistent) 0.65 0.78
Recall (Inconsistent) 0.66 0.74
F1-score (Inconsistent) 0.65 0.76
Optimal threshold (Youden) 0.40 0.324
Mean similarity (Consistent) −0.68 0.351
Mean similarity (Hard Neg) −0.79 0.298

4.10.4 Summary of Comparative Performance

Table 4.5 consolidates the key metrics across all three evaluation settings.
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Table 4.5: Summary comparison of the proposed model and CLIP

Setting Metric Proposed model CLIP

50/50 Random ROC-AUC 0.9991 0.9996
Accuracy 0.9873 0.9920
F1 (Inconsistent) 0.9872 0.9919

90/10 Random ROC-AUC 0.9994 0.9985
Accuracy 0.9850 0.9908
F1 (Inconsistent) 0.9297 0.9554

50/50 Hard Negative ROC-AUC 0.699 0.848
Accuracy 0.649 0.766
F1 (Hard Negative) 0.65 0.76

Figure 4.3: Comparative ROC curves of the proposed model and CLIP under three evaluation
settings: balanced random negatives (50/50), imbalanced random negatives (90/10), and FAISS
hard negatives.

Both models discriminate random mismatches very effectively. The proposed model achieved
near-ceiling performance (ROC-AUC ≥ 0.999), while CLIP retained a small advantage on most
classification metrics. The comparison is summarised in Figures 4.4 and 4.5.

On hard negatives the gap widens in favour of CLIP (ROC-AUC 0.848 versus 0.699). Semanti-
cally similar non-matches therefore remain the principal challenge for the current dual-encoder
framework. The proposed model nevertheless delivers strong performance under both balanced
and operationally imbalanced random-mismatch conditions, and additionally supplies the inte-
grated explainability outputs that constitute a core contribution of this work.

31



Figure 4.4: ROC-AUC comparison of the proposed model and CLIP across evaluation settings.

Figure 4.5: Accuracy comparison of the proposed model and CLIP across evaluation settings.

4.11 Results from Ablation Studies

To isolate the contribution of the individual architectural components, two controlled ablations
were conducted under the same data splits, pair-construction procedures, InfoNCE objective,
and evaluation protocols as the full model.

4.11.1 Image Encoder Ablation (ResNet-50 and BERT)

In the first ablation the Vision Transformer was replaced by ResNet-50 while the BERT text
encoder and all other components were retained. As shown in Table 4.6, the ResNet-50 variant
remained competitive on random mismatches, obtaining ROC-AUC values of 0.998 and 0.999
under the 50/50 and 90/10 settings, respectively. These results are close to those of the pro-
posed ViT and BERT model (0.999 in both settings). On hard negatives, however, performance
declined more sharply, from 0.699 for the proposed model to 0.549 for ResNet-50 and BERT.
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This indicates that the Transformer based visual backbone contributes meaningfully to the dis-
crimination of challenging negatives, while a strong convolutional encoder remains competitive
on easier random mismatches.

4.11.2 Text Encoder Ablation (ViT and TF-IDF)

In the second ablation the BERT text encoder was replaced by a TF-IDF representation pro-
jected into the same shared embedding space. Table 4.6 shows a substantial degradation on
random mismatches: the ROC-AUC fell to 0.623 under both the 50/50 and 90/10 settings. On
hard negatives the TF-IDF variant obtained a higher ROC-AUC of 0.786, yet it still lagged
behind CLIP (0.848) and did not recover the strong random-mismatch performance of the full
model. These results demonstrate that a classical bag of words text representation is insufficient
for reliable multimodal consistency verification and that the contextual language modelling ca-
pacity of BERT is a critical component of the framework.

4.11.3 Ablation Summary

Table 4.6: Ablation summary (ROC-AUC)

Model Random 50/50 90/10 Hard Negatives

ResNet-50 + BERT 0.998 0.999 0.549
ViT + TF-IDF 0.623 0.623 0.786
CLIP 0.9996 0.9985 0.848
ViT + BERT (Proposed) 0.999 0.999 0.699

Taken together, Table 4.6 confirms that both transformer based encoders contribute to the
proposed model. Replacing ViT with ResNet-50 preserves performance on random mismatches
but weakens hard negative discrimination. Replacing BERT with TF-IDF produces the largest
drop on random mismatches. CLIP remains the strongest model on hard negatives, while
the proposed ViT and BERT configuration provides the best overall balance between random
mismatch performance, hard negative robustness, and integrated explainability.

4.12 Threshold Analysis

Because consistency verification was formulated as a thresholded decision on cosine similarity,
the choice of the decision threshold τ directly influenced classification performance. Threshold
analysis was conducted by examining the trade-off between precision and recall across a range
of threshold values on the validation data.

As the threshold increased, precision on the inconsistent class generally rose while recall de-
clined, and the opposite occurred as the threshold was lowered. The operating threshold was
selected to achieve an appropriate balance for decision-support use [22]. On the 90/10 eval-
uation the Youden-optimal threshold was 0.4297. This value lies in the region that separates
the bulk of the matched similarity distribution from the bulk of the unmatched distribution,
and it was the threshold applied for the binary classification results reported in the previous
section.

The analysis confirmed that performance is sensitive to the choice of τ and that the selected
operating point provides a practical compromise between detecting inconsistencies (high recall)
and limiting false alarms (adequate precision).
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4.13 Qualitative Analysis of Explainability

In addition to quantitative performance, the quality of the generated explanations was exam-
ined. The system produces two complementary forms of evidence for each decision: a visual
attention map derived from the Vision Transformer and a ranked list of token importance scores
derived from the text encoder [9, 10]. Representative consistent and inconsistent examples are
discussed below.

4.13.1 Visual Attention Maps

The ViT attention maps are derived solely from the image encoder and are therefore indepen-
dent of the paired text. They indicate the regions that contribute most strongly to the global
image embedding [9]. In the examples examined, attention typically concentrated on the main
subjects and salient objects in the scene.

Figure 4.6 (centre panel) shows the attention map for a consistent pair (cosine similarity =
0.7282). Attention focuses on the woman holding the book and the seated man in uniform—the
principal subjects of both the image and the caption. Figure 4.7 (centre panel) shows the
attention map for an inconsistent pair (cosine similarity = −0.1604). The image depicts two
children indoors, and attention correctly highlights those children and nearby objects, even
though the caption describes “A snowboarder doing a handstand on a ramp.”

Because the attention pattern is determined by the image alone, it remains similar for a given
image whether the paired document is consistent or inconsistent. The map does not itself
encode the consistency decision. Rather, it provides a transparent view of what the vision
encoder is focusing on. When the caption describes content that is absent from the image, the
attention map still highlights the actual visual content, while the low cosine similarity and the
token importance scores reveal the mismatch.

4.13.2 Token Importance Scores

Token importance scores are derived from the text encoder and therefore depend on the input
document. They rank the words that contribute most strongly to the text embedding [10].

In the consistent example (Figure 4.6, right panel) the most influential tokens included uniform,
indoor, service, children, read, and woman. These terms correspond to salient elements that
are visible in the image and present in the caption.

In the inconsistent example (Figure 4.7, right panel) the highest-ranked tokens included ramp,
snow, and board. These words are central to the caption but have no corresponding visual
evidence in the image. The token ranking therefore surfaces the linguistic basis of the mismatch
and supports the model’s inconsistent decision.
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Figure 4.6: Explainable consistency decision (consistent pair). Left: original image. Centre:
ViT attention map (image only). Right: top token importance scores. Cosine similarity =
0.7282 (threshold = 0.4).

Figure 4.7: Explainable consistency decision (inconsistent pair). Left: original image. Centre:
ViT attention map (image only). Right: top token importance scores. Cosine similarity =
−0.1604 (threshold = 0.4). The caption refers to a snowboarder on a ramp, which is absent
from the image; the attention map correctly highlights the actual visual content (the children),
while the token ranking highlights the mismatched concepts.

Together, the two explanation modalities serve distinct roles. The attention map shows what
the model sees in the image; the token importance ranking shows which words drive the text
representation. When these two sources of evidence align, the pair is typically consistent and
the similarity score is high. When they diverge, the image encoder focusing on one set of
concepts while the text encoder emphasises another, the similarity score falls and the pair is
classified as inconsistent. This combination provides a transparent basis for inspecting individ-
ual predictions.

4.14 Summary of Findings

The experimental results support the following conclusions.

First, the contrastive dual-encoder model successfully learned aligned multimodal representa-
tions. Under both the balanced (50/50) and imbalanced (90/10) random-negative settings the
proposed model achieved near ceiling discrimination (ROC-AUC of 0.9991–0.9994).
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Second, hard negatives remain the principal challenge. When evaluated on FAISS retrieved
hard negatives the ROC-AUC of the proposed model fell to approximately 0.70, while CLIP
retained a clearer advantage (ROC-AUC approximately 0.85).

Third, under an operationally realistic 90/10 class distribution the proposed model maintained
excellent ranking quality and very high recall on the minority inconsistent class (0.9925).

Fourth, the ablation studies confirm that both the Vision Transformer and the BERT text
encoder are important contributors to performance. Replacing either component degrades
results, with the substitution of BERT by TF-IDF producing the largest drop.

Fifth, the integrated explainability mechanisms supply useful, complementary evidence that
supports transparent inspection of individual decisions.

Overall, the proposed model delivers strong performance on random mismatches and im-
balanced operational settings, provides human interpretable explanations, and constitutes a
solid foundation for further development. The remaining performance gap on hard negatives,
together with the absence of cross-attention, identifies clear directions for future improve-
ment.
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Chapter 5

Discussion

5.1 Introduction

This chapter discusses the experimental findings presented in Chapter 4 in relation to the
research objectives and the existing literature. It interprets the quantitative and qualitative
results of the proposed explainable dual encoder model, examines the extent to which the
study’s objectives were achieved, and considers the practical implications of the work. The
chapter also acknowledges the limitations of the current framework and identifies directions for
future research.

The discussion is organised around the three specific objectives of the study: the construc-
tion of a suitable benchmark for consistency evaluation, the design and implementation of a
contrastive Vision Transformer and BERT framework, and the assessment of both consistency
verification performance and the quality of the generated explanations. By relating the em-
pirical outcomes to these objectives and to prior work on contrastive vision-language models,
the chapter situates the contribution of the present research and clarifies its strengths and
remaining challenges.

5.2 Achievement of Research Objectives

The study was guided by three specific objectives. The extent to which each objective was
achieved is discussed below.

5.2.1 Benchmark Dataset Construction

The first objective was to design a benchmark dataset suitable for evaluating multimodal con-
sistency verification. This objective was achieved by constructing consistent, randomly mis-
matched, and hard negative image and document pairs from Flickr30K [21]. The five captions
associated with each image were combined into a single multi-caption document, yielding richer
textual representations. Consistent pairs served as positive examples for contrastive training;
random mismatched pairs and FAISS retrieved hard negatives provided controlled and challeng-
ing negative examples for evaluation [40]. Group based splitting on image identifiers prevented
data leakage. Although Flickr30K remains a proxy rather than a purpose built consistency
corpus, the resulting benchmark enabled systematic assessment under balanced, imbalanced,
and hard negative conditions and therefore fulfilled the first objective within the scope of the
study.
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5.2.2 Contrastive ViT and BERT Model

The second objective was to design and implement a contrastive learning model based on a
Vision Transformer and BERT. This objective was achieved through a dual encoder architecture
in which ViT-B/16 and BERT base produced unimodal embeddings that were projected into
a shared 256-dimensional space and aligned using the symmetric InfoNCE loss [9, 10, 19].
Training was performed on consistent pairs only, with in-batch negatives. The learning curves,
similarity matrix, and embedding visualisations confirmed that the model successfully learned
a shared representation in which matched pairs received high cosine similarity and random
mismatches received low similarity.

Controlled ablation experiments further validated the architectural choices. Replacing the
Vision Transformer with ResNet-50 while retaining BERT preserved near ceiling performance on
random mismatches (ROC-AUC 0.998–0.999) but produced a sharper decline on hard negatives.
Replacing BERT with a TF-IDF representation while retaining the Vision Transformer led
to a substantial degradation on random mismatches (ROC-AUC approximately 0.62). These
results confirm that both the Transformer based image encoder and the contextual text encoder
contribute to the effectiveness of the framework. The second objective was therefore met.

5.2.3 Consistency Performance and Explainability

The third objective was to evaluate consistency verification performance and the quality of the
generated explanations. Quantitatively, the model achieved near ceiling discrimination of ran-
dom mismatches (ROC-AUC of 0.999) and retained strong performance under an operationally
realistic 90/10 class distribution (ROC-AUC 0.9994, high recall on inconsistencies). Perfor-
mance declined on hard negatives (ROC-AUC approximately 0.70), revealing a clear limitation
relative to CLIP [5]. The ablation studies reinforced these findings, with the full ViT and
BERT configuration outperforming both the ResNet-50 and TF-IDF variants on the majority
of settings, confirming the value of the proposed architecture.

Qualitatively, visual attention maps provided image only evidence of the regions driving the
vision encoder, while token importance scores identified the words driving the text encoder [9,
10, 11]. Together these explanations supported transparent inspection of individual decisions.
The third objective was therefore achieved, subject to the acknowledged gap on hard negatives
and the absence of cross-attention.

5.3 Interpretation of Results in Relation to Existing Lit-

erature

5.3.1 Alignment with Contrastive Vision-Language Models

The findings of this study align closely with the principles established by large scale contrastive
vision-language models. CLIP demonstrated that dual encoder architectures trained with a
symmetric contrastive objective can learn a shared embedding space in which matched image
and text pairs exhibit high cosine similarity [5]. ALIGN later showed that the same paradigm
scales effectively even when trained on noisy web scale data [6]. The present results are consis-
tent with these observations: after contrastive training on consistent image and document pairs,
the proposed model produced a clear separation between matched and randomly mismatched
pairs, with ROC-AUC values of approximately 0.999. The strong diagonal in the similarity
matrix and the co-location of image and text embeddings in the PCA projection further con-
firm that the dual encoder contrastive approach successfully induces cross-modal alignment, as
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reported in the foundational literature.

5.3.2 Performance on Random versus Hard Negatives

A recurring theme in the contrastive learning literature is that performance depends strongly
on the difficulty of the negative samples. Random in-batch or randomly sampled negatives
are relatively easy to separate, whereas hard negatives that are semantically close to the query
pose a substantially greater challenge [5, 6, 40]. The experimental results reflect this distinction
clearly. Under both balanced and imbalanced random negative settings, the proposed model
and CLIP achieved near ceiling discrimination. On FAISS retrieved hard negatives, however,
performance declined for both systems, and the gap widened in favour of CLIP (ROC-AUC
approximately 0.85 versus 0.70). This pattern indicates that the principal remaining difficulty
lies in fine-grained semantic discrimination rather than in basic cross-modal alignment, and
that models pre-trained at substantially larger scale currently retain an advantage in that
regime.

5.3.3 Contribution of the Architectural Components

The ablation studies provide additional insight into the role of each modality encoder. The
ResNet-50 and BERT variant remained highly competitive on random mismatches (ROC-AUC
0.998–0.999), demonstrating that a strong convolutional backbone can still support effective
cross-modal alignment when paired with a powerful text encoder. Its sharper decline on hard
negatives, however, suggests that the global receptive field and self-attention mechanisms of
the Vision Transformer contribute to more robust discrimination of challenging negatives. Con-
versely, the ViT and TF-IDF variant performed poorly on random mismatches (ROC-AUC ap-
proximately 0.62), confirming that a non contextual bag of words representation is insufficient
for the consistency verification task. These findings are consistent with the broader litera-
ture emphasising the importance of contextual language models in vision–language alignment
[10, 11, 5].

5.3.4 Role and Limits of Dual Encoder Explainability

Dual encoder architectures offer a natural, if limited, basis for explanation. Attention weights
from the Vision Transformer indicate which image regions contribute most strongly to the
global visual embedding [9], while token level signals from the text encoder identify the words
that dominate the textual representation [10, 11]. The qualitative analysis confirmed that these
two sources of evidence are complementary: attention maps reveal what the model sees, and
token rankings reveal what the model reads. When the two align, similarity scores are high;
when they diverge, the mismatch becomes apparent.

At the same time, the dual encoder design imposes a structural limit. Because the image and
text pathways do not interact through cross-attention, visual attention remains independent
of the caption and cannot directly ground specific words to specific regions. This limitation
is inherent to the independent encoder paradigm that underpins CLIP style models [5] and
motivates the exploration of cross-attention or other explicit vision–language interaction mech-
anisms in future work.
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5.4 Practical Implications

5.4.1 Decision-Support Potential

The results indicate that the proposed framework can serve as a practical decision support
tool for multimodal consistency verification. Under both balanced and imbalanced random-
negative conditions the model achieved high discrimination (ROC-AUC ≥ 0.999), and under
the operationally realistic 90/10 setting it maintained high recall on the minority inconsistent
class. These characteristics are valuable in settings where the primary requirement is to surface
potential mismatches for further examination rather than to replace human judgement entirely.
The continuous cosine similarity score, together with a tunable decision threshold, allows op-
erators to adjust the sensitivity of the system according to the relative costs of false positives
and false negatives.

5.4.2 Human Review of Sampled Pairs

Although the system operates in a fully automated manner, the design anticipates periodic
human review of sampled image and text pairs. The integrated explanations, visual attention
maps that show what the vision encoder focuses on, and token importance rankings that show
which words drive the text representation, provide inspectors with immediate, interpretable
evidence for each decision. This combination supports efficient quality monitoring, error analy-
sis, and accountability without requiring human intervention on every prediction. In practical
workflows the system can therefore process large volumes of pairs automatically while still
enabling targeted human oversight.

5.4.3 Domain Adaptation Prospects

The model was developed and evaluated on a general domain proxy dataset. Nevertheless,
the modular dual encoder design, the contrastive alignment objective, and the explainability
components are not tied to a specific visual or textual domain. With appropriate fine tuning
or continued pre-training on domain-specific image andtext pairs, the same architecture can
be adapted to specialised settings in which consistency between visual evidence and textual
records is critical, for example, document verification, archival validation, product cataloguing,
or operational environments that combine structured declarations with corresponding imagery.
The present results, including the ablation evidence that both encoder choices matter, establish
a viable starting point for such adaptation, while the residual gap on hard negatives and the
absence of cross-attention indicate the technical improvements that would further strengthen
performance in specialised deployments.

5.5 Chapter Summary

This chapter has discussed the experimental findings in relation to the research objectives and
the broader literature on contrastive vision-language models. The study achieved its three
specific objectives: the construction of a controlled benchmark for consistency evaluation, the
implementation of a dual-encoder contrastive framework based on a Vision Transformer and
BERT, and the joint assessment of consistency performance and explainability.

The results demonstrated strong discrimination of random mismatches and robust behaviour
under an operationally realistic class imbalance, while also revealing a clear performance gap
on hard negatives and the inherent limits of image-only attention. The ablation studies con-
firmed that both the Vision Transformer and the BERT text encoder contribute materially to
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performance. These outcomes are consistent with the strengths and constraints of dual-encoder
contrastive architectures reported in the literature [5, 6].

Practical implications were identified for decision support, periodic human review of sampled
pairs, and future domain adaptation. The principal limitations include proxy data, global
rather than fine grained alignment, absence of cross-attention, hard negative difficulty, threshold
sensitivity, and resource constraints were acknowledged, and corresponding directions for future
research were outlined.

The next chapter concludes the thesis by synthesising the overall contribution, restating the
main findings, and summarising the recommendations for further work.

41



Chapter 6

Conclusion and Recommendations

6.1 Introduction

This chapter concludes the thesis. It summarises the study, restates the main findings in relation
to the research objectives, highlights the contributions of the work, and presents the overall
conclusions. The chapter also acknowledges the delimitations and limitations of the study and
offers recommendations for practice and for future research.

6.2 Summary of the Study

The study addressed the need for systems capable of verifying semantic consistency between
images and textual documents while providing transparent evidence for human interpretation.
Existing vision-language models have achieved strong results on retrieval and zero-shot tasks,
yet comparatively less attention has been given to explicit consistency verification and to the
integration of explainability as a core design requirement [3, 5, 6].

The general objective was to develop an explainable Transformer-based vision-language model
for multimodal consistency verification. The specific objectives were to design a suitable bench-
mark dataset for consistency evaluation; to implement a contrastive dual-encoder framework
based on a Vision Transformer and BERT; and to evaluate consistency verification performance
together with the quality of the generated explanations.

Methodologically, the study adopted an experimental design. Consistent, randomly mismatched,
and hard-negative image and document pairs were constructed from the Flickr30K dataset by
combining the five captions of each image into a single multi-caption document [21]. A dual-
encoder model was trained with the symmetric InfoNCE loss on consistent pairs and evaluated
under balanced, imbalanced (90/10), and hard-negative conditions [19, 40]. Cosine similar-
ity served as the consistency score, and visual attention maps together with token-importance
rankings provided explanations. CLIP was used as the principal baseline [5]. Controlled ab-
lation experiments replaced the Vision Transformer with ResNet-50 and the BERT encoder
with a TF-IDF representation in order to isolate the contribution of each architectural compo-
nent.

The scope of the study was limited to a general domain proxy dataset, global rather than
fine-grained alignment, and a dual-encoder architecture without cross-attention. Within these
boundaries the research produced a complete pipeline for consistency verification and explain-
able decision support on that proxy.
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6.3 Main Findings

The main findings of the study are summarised according to the three specific objectives.

6.3.1 Benchmark Dataset Construction

A usable benchmark for multimodal consistency verification was constructed from Flickr30K [21].
Combining the five captions of each image into a single multi-caption document produced richer
textual representations. Consistent pairs, randomly mismatched pairs, and FAISS-retrieved
hard negatives enabled evaluation under controlled, imbalanced (90/10), and challenging con-
ditions [40]. Group-based splitting prevented data leakage. Although the dataset remains
a proxy, and although the inconsistent labels were generated algorithmically rather than by
extensive human annotation of contradiction type, the construction demonstrated a practical
and reproducible method for creating consistency-evaluation benchmarks from multi-caption
resources.

6.3.2 Contrastive Dual-Encoder Framework

The dual-encoder model based on ViT-B/16 and BERT-base, trained with the symmetric In-
foNCE objective on consistent pairs, learned an effective shared embedding space [9, 10, 19].
Training and validation losses decreased steadily over ten epochs, the similarity matrix exhib-
ited a strong diagonal, and matched pairs produced substantially higher cosine similarities than
random mismatches.

Ablation experiments confirmed the importance of both architectural choices. Replacing the
Vision Transformer with ResNet-50 preserved near-ceiling performance on random mismatches
(ROC-AUC 0.998–0.999) but led to a sharper decline on hard negatives (ROC-AUC 0.549).
Replacing BERT with a TF-IDF representation produced a substantial drop on random mis-
matches (ROC-AUC 0.623). These results demonstrate that both the Transformer-based image
encoder and the contextual text encoder contribute materially to the effectiveness of the frame-
work.

6.3.3 Consistency Performance and Explainability

Quantitatively, the proposed model achieved near-ceiling discrimination of random mismatches
(ROC-AUC of 0.999) and retained strong ranking quality under the 90/10 imbalanced setting
(ROC-AUC 0.9894, with high recall on inconsistencies). Performance declined on hard negatives
(ROC-AUC approximately 0.70), where CLIP retained an advantage (approximately 0.85) [5].
Qualitatively, image-only attention maps revealed the regions driving the vision encoder, while
token-importance scores identified the words driving the text encoder. When the two sources
of evidence aligned, pairs were classified as consistent; when they diverged, the mismatch
was exposed by the score and by the token ranking. These components therefore provided
complementary illustrations for individual decisions. Quantitative faithfulness test evaluations
and causal explanations remain an area for further improvement.

6.4 Contributions of the Study

The study makes three principal contributions.
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6.4.1 Methodological Contribution

The research contributes a complete methodological pipeline for multimodal consistency verifi-
cation. This includes a practical procedure for constructing consistent, randomly mismatched,
and hard-negative image–document pairs from a multi-caption dataset; a dual-encoder con-
trastive architecture based on a Vision Transformer and BERT; controlled ablations of both
the image and text encoders; and an explicit decision rule based on cosine similarity with
a tunable threshold. The pipeline treats consistency verification as a pairwise decision task
rather than as a by-product of retrieval and provides a reproducible template for subsequent
work.

6.4.2 Empirical Contribution

The study provides systematic empirical evidence of model behaviour under three complemen-
tary evaluation regimes: balanced random negatives, imbalanced class distribution (90/10), and
FAISS hard negatives [40]. The results quantify both the strong performance of the proposed
framework on random mismatches and its remaining limitations on hard negatives relative to
a large-scale baseline (CLIP) [5]. The ablation studies further show that replacing either the
Vision Transformer or BERT degrades performance, with the substitution of BERT by TF-IDF
producing the largest drop on random mismatches. These findings clarify the conditions under
which dual-encoder contrastive models succeed on this proxy and where further improvement
is most needed.

6.4.3 Explainability Contribution

The study integrates visual attention maps and token-importance scores as core outputs of the
consistency verification system. By showing what the vision encoder focuses on and which words
drive the text representation, the framework supplies complementary, human-interpretable il-
lustrations for each decision. The qualitative analysis demonstrates how alignment or diver-
gence between these two sources of evidence corresponds to consistent or inconsistent outcomes.
Formal evaluation of explanation faithfulness remains future work.

6.5 Conclusions

The study set out to develop an explainable Transformer-based vision-language model for mul-
timodal consistency verification. Within the scope defined by the research objectives and the
chosen experimental design, the following conclusions are drawn.

A dual-encoder contrastive framework based on a Vision Transformer and BERT is capable of
learning a shared embedding space in which consistent image and document pairs receive high
cosine similarity and randomly mismatched pairs receive low similarity. Under both balanced
and imbalanced random-negative conditions the model achieves strong discrimination and high
recall on inconsistencies on this proxy benchmark.

Hard negatives remain substantially more difficult. Performance declines when the model must
separate semantically similar but non-matching documents, and large-scale pre-trained models
such as CLIP currently retain an advantage in this regime [5, 40]. Global similarity alone is
therefore insufficient for the most challenging consistency cases constructed in this study.

The ablation studies confirm that both architectural components matter. A strong convolu-
tional image encoder (ResNet-50) remains competitive on random mismatches but is less robust
on hard negatives, while a classical TF-IDF text representation is clearly inadequate for the
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task. The combination of ViT and BERT therefore constitutes a well-justified design choice
within the dual-encoder paradigm.

Explainability based on image-only attention maps and token-importance scores provides useful,
complementary evidence of what the model sees and what it reads. At the same time, the
absence of cross-attention limits the granularity of visual and textual grounding and constitutes
a structural constraint of the dual-encoder design.

Overall, the research demonstrates that an explainable dual-encoder approach is a viable foun-
dation for multimodal consistency verification on a public multi-caption proxy. It meets the
stated objectives while identifying the data, architectural and evaluation advances required for
more robust and fine-grained performance.

6.6 Recommendations

6.6.1 Recommendations for Practice

On the basis of the empirical results, the following recommendations are offered.

First, the system is best used as a decision-support tool rather than as a fully autonomous
judge. High recall on inconsistencies under the 90/10 test distribution makes it suitable for
surfacing candidate mismatches for further examination, while final authority should remain
with human reviewers.

Second, periodic human review of sampled image–text pairs should be retained. The attention
maps and token-importance scores provide inspectors with immediate illustrations that can
support quality monitoring and error analysis.

Third, the decision threshold should be calibrated to the cost structure of the intended setting.
Where false negatives are particularly costly, a lower threshold that favours recall may be
preferred; where false positives are costly, a higher threshold may be appropriate. Validation
data from the intended setting should be used to set and periodically review this operating
point [22].

Fourth, the present results were obtained on a general-domain proxy; therefore domain-specific
adaptation is recommended before any use outside the photograph and caption domain evalu-
ated in this study.

6.6.2 Recommendations for Future Research

Future research should address the principal limitations identified in this study.

First, purpose-built consistency datasets that annotate fine-grained types of mismatch should
be developed or adopted, so that evaluation can move beyond algorithmic negatives derived
from captioning corpora.

Second, cross-attention or other explicit vision–language interaction mechanisms should be
investigated. Text-conditioned visual explanations and finer-grained grounding are expected to
improve both interpretability and hard-negative discrimination.

Third, methods for improving robustness to hard negatives, including hard-negative mining
during training, larger-scale pre-training, and specialised objectives, should be explored sys-
tematically.
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Fourth, formal evaluation of explanation quality, including faithfulness tests and human-judged
usefulness studies, should complement the qualitative analyses presented here.

Fifth, studies on specialised visual and textual data would clarify the transferability of the
framework.

6.7 Delimitations of the Study

The study was deliberately bounded so that the research question, the data and the architecture
could be evaluated rigorously on a public benchmark dataset.

The task was delimited to pairwise multimodal consistency verification: given one image and
one textual document, the model produced a consistency score and a thresholded decision.
Conventional image and text retrieval was not the primary evaluation setting, and Recall@K
was not used as the main claim.

The data were delimited to Flickr30K. Inconsistent pairs were produced algorithmically, as
random mismatches and as FAISS-retrieved hard negatives reserved for evaluation. No new
human-annotated corpus of contradiction types was collected, and no domain-specific image or
document collection was evaluated.

The architecture was delimited to a dual-encoder design. Cross-attention and other fusion
mechanisms were not implemented. Ablations were limited to ResNet-50 and TF-IDF, together
with a comparison against CLIP under the same pair-construction protocol.

Explainability was delimited to visual attention maps and token-importance scores, inspected
qualitatively. Evaluation was delimited to the group-based 70/15/15 Flickr30K splits under
three test regimes. No external validation corpus was used. Findings apply to this proxy
benchmark dataset and this architecture.

6.8 Limitations of the Study

Several limitations of the present study should be acknowledged.

6.8.1 Proxy Nature of Flickr30K

The experiments relied on Flickr30K as a proxy for consistency verification [21]. The dataset
was originally designed for image captioning and retrieval rather than for explicit consistency
assessment. Captions are short, crowd-sourced descriptions of everyday scenes and do not
reflect the length, structure, or specialised vocabulary of many real-world documents. Conse-
quently, the results demonstrate feasibility on a controlled general-domain benchmark hence
performance on purpose-built or domain-specific consistency data should be independently
studied.

6.8.2 Algorithmic Inconsistent Labels

Inconsistent labels were generated algorithmically rather than through extensive human an-
notation of semantic contradiction type. A randomly mismatched pair is not the same phe-
nomenon as a real-world inconsistency arising from omission, substitution, negation or attribute
mismatch. Performance on the inconsistency class therefore measures separation from these
constructed negatives.
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6.8.3 Global Rather than Fine-Grained Alignment

The model learns a global image and document similarity. It does not explicitly align individual
objects, attributes, or relations mentioned in the text with corresponding regions in the image.
Fine-grained inconsistencies may therefore be less reliably detected than global mismatches
between an image and an entirely unrelated document.

6.8.4 Image-Only Attention and Absence of Cross-Attention

Visual explanations are derived solely from the Vision Transformer and are independent of the
paired text. The attention map shows which regions contribute to the image embedding but
cannot highlight regions that specifically support or contradict particular tokens. The lack
of cross-attention limits the granularity of visual and textual grounding and is an inherent
constraint of the dual-encoder design adopted in this study.

6.8.5 Hard-Negative Performance Gap

While the model achieved near-ceiling discrimination of random mismatches, performance de-
clined markedly on FAISS-retrieved hard negatives (ROC-AUC approximately 0.70 compared
with approximately 0.85 for CLIP) [40, 5]. Semantically similar but non-matching documents
remain difficult to separate, and large-scale pre-trained models currently retain an advantage
in this regime.

6.8.6 Threshold Sensitivity

Consistency classification depends on a decision threshold applied to cosine similarity. Al-
though a practical operating point was selected on the validation set using Youden’s index,
performance metrics, particularly precision and recall on the minority class, are sensitive to
this choice [22]. Different cost structures may require different thresholds, and the optimal
value is not universal.

6.8.7 Statistical and External Validation

Reported metrics describe the held-out Flickr30K splits constructed for this study. Formal
significance testing and evaluation on an independent external corpus were not completed.
Comparison with CLIP is therefore descriptive within this benchmark.

6.9 Final Remarks

This thesis has presented the design, implementation, and evaluation of an explainable dual-
encoder vision-language model for multimodal consistency verification. By combining con-
trastive alignment of Vision Transformer and BERT representations with visual attention maps
and token-importance scores, and by validating the architectural choices through controlled ab-
lations, the work has demonstrated a practical approach to assessing the consistency of image
and text pairs while supporting transparent human inspection of model decisions on a public
multi-caption proxy.

The empirical results confirm that such a framework can achieve strong performance on random
mismatches and under an imbalanced class distribution, and that the accompanying explana-
tions provide complementary insight into what the model sees and what it reads. At the same
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time, the study has clarified the remaining challenges, particularly hard-negative discrimination,
algorithmically generated inconsistency labels, and the absence of cross-modal attention.

It is hoped that the methodology, findings, and recommendations presented here will con-
tribute to the continued development of trustworthy multimodal systems and will encourage
further research into explainable consistency verification across both general and specialised
domains.
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Appendix A

Budget

Table A.1: Project Requirements and Estimated Costs

# Category Sub-Category Details Estimated
Cost ($)

1 Technical
Requirements

Hardware /
Infrastructure

GPU-accelerated computing
(Tesla T4 /NVIDIA A100/H100
via cloud GCP). Training time:
100–200 hours; on-demand for
MVP.

1,000

2 Technical
Requirements

Software Stack Python 3.12+ with PyTorch,
Transformers, timm, scikit-learn,
Pandas/NumPy. Git for version
control; basic deployment (Github,
Hugging Face, Streamlit). (All
open-source)

–

3 Technical
Requirements

Data Needs 31,783 Flickr30k paired samples
(Natural images, 5- captions from
Hugging Face, open-source)

–

4 Technical
Requirements

Development
Environment

Jupyter Notebooks Google Colab
and GitHub Codespaces
configured to ensure data privacy
compliance.

–

6 Team
Requirements

Team
Composition

• Mugimba Kakure Jude
(Researcher)

(60-80
hours)
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Appendix B

Research Project timelines

Table B.1: Proposed Research Activities and Timeline for 2026
Activity Duration Timeline (2026)
Literature Review and Proposal 4 Weeks February–April
Data Collection and Preprocessing 2 Weeks May–June
Model Development and Integration 2 Weeks June–July
Experiments and Evaluation 2 Weeks July
Thesis Writing and Revisions 3 Weeks August
Defense and Submission 1 Week September
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Appendix C

Declaration of AI use

Declaration Statement:

I, Mugimba Kakure Jude, declare that I used

i. Grok AI to critique thought processes and quickly identify literature relevant to this
study.

ii. ChatGPT to identify ideas, evaluate and visualise lines of thought related to the study.

Signature:

September, 2026
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Appendix E

Alignment to national (NDPIV) and
Global SDGs

E.1 Alignment with the MSc Programme

This research strongly aligns with the objectives of the MSc programme in Data Science. The
study applies modern machine learning techniques including transformer-based models (Vi-
sion Transformer and BERT), multimodal contrastive learning (InfoNCE), and explainability
mechanisms (visual attention maps and token importance scores) to the problem of verifying
semantic consistency between images and textual documents.

It demonstrates practical skills in deep learning, multimodal representation learning, experimen-
tal design, comparative evaluation against strong baselines, and the responsible development
of transparent AI systems. By designing a dual-encoder consistency verification framework,
constructing controlled evaluation benchmark datasets, and integrating human interpretable
explanations, the research contributes to the programme’s emphasis on innovative AI meth-
ods, rigorous research methodology, and applied technology with potential for societal and
institutional impact.

E.2 Alignment with National Agendas

E.2.1 Alignment with National Development Plan IV (NDPIV) 2025/26–
2029/30

The research supports several strategic objectives of Uganda’s NDPIV, particularly under the
theme of sustainable industrialisation, digital transformation, and strengthened governance.
NDPIV prioritises productivity, private-sector development, good governance, security, and
the use of technology for efficient public service delivery.

By developing an explainable AI system for multimodal consistency verification, the study
contributes methods that can, in principle, support more reliable checking of visual and tex-
tual records in administrative settings. Potential benefits include improved data integrity,
reduced reliance on purely manual cross-checking, and greater transparency in automated de-
cision support. These outcomes align with NDPIV goals of strengthening governance, reducing
inefficiencies, and leveraging technology for better public-sector performance. The emphasis
on resource-conscious design and explainability further matches NDPIV’s interest in practical,
scalable innovations.
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E.2.2 Alignment with Uganda Vision 2040

Uganda Vision 2040 envisions transforming the country from a peasant to a modern and pros-
perous society, with strong fundamentals in science, technology, innovation, and human capital.
ICT and AI are recognised as key enablers of this transformation.

This research aligns with Vision 2040 by applying advanced ICT and AI techniques such as
multimodal transformers, contrastive learning, and explainable AI to the problem of verifying
consistency between images and text. Such capabilities may, in future work, support more
trustworthy digital systems in documentation and public administration.

E.2.3 Alignment with Other National Agendas

The study further aligns with Uganda’s Digital Transformation Roadmap and the broader
digital economy agenda, which seek to leverage ICT for service delivery, innovation, and com-
petitiveness. Transparent consistency verification methods can support efforts to improve the
integrity of digital records. In addition, the work contributes to national interests in gover-
nance and institutional strengthening by promoting systems that are not only accurate but
also interpretable by human reviewers.

E.3 Alignment with Global Agendas

E.3.1 Alignment with Sustainable Development Goals (SDGs)

This research is designed to contribute to several Sustainable Development Goals:

• SDG 9 (Industry, Innovation and Infrastructure): By advancing innovation in AI
and multimodal learning, the study promotes technological capability that can support
more reliable digital infrastructure and intelligent systems.

• SDG 8 (Decent Work and Economic Growth): More trustworthy verification of
multimodal records can, in principle, support smoother administrative processes.

• SDG 16 (Peace, Justice and Strong Institutions): The emphasis on explainable,
human-interpretable AI supports transparent decision support and accountable use of
automated systems.

• SDG 17 (Partnerships for the Goals): The research exemplifies the application
of academic AI methods to a well-specified technical problem, illustrating the value of
research methods that can later inform practice.

E.3.2 Alignment with Other Global Agendas

The research also aligns with the African Union Agenda 2063, particularly aspirations for
inclusive growth, good governance, and science, technology and innovation driven development.
Methods for multimodal consistency verification may, in future work, support more transparent
digital processes.

The present study is formulated as a general multimodal consistency verification framework
evaluated on Flickr30K. Its principles remain relevant to any later domain in which images and
textual records must be checked for semantic compatibility under human oversight.
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Appendix F

Algorithms, Code of interest

F.1 Overview

This section presents the implementation details of the proposed explainable dual-encoder
model for multimodal consistency verification. It covers data preprocessing, model architec-
ture, contrastive loss formulation, training procedure, consistency scoring, explainability mech-
anisms, and evaluation metrics. The implementation was developed in Python using PyTorch
and the Hugging Face Transformers library.

F.2 Data Preprocessing

F.2.1 Image Preprocessing

Images were resized to 224× 224 pixels and normalised using ImageNet statistics before being
converted to tensors:

Listing F.1: Image transformation pipeline

transform = transforms.Compose ([

transforms.Resize ((224 , 224)),

transforms.ToTensor (),

transforms.Normalize(

mean =[0.485 , 0.456, 0.406] ,

std =[0.229 , 0.224 , 0.225]

)

])

F.2.2 Text Preprocessing

Multi-caption documents were tokenised with the BERT tokenizer. Sequences were padded
and truncated to a fixed maximum length, and attention masks were generated:

Listing F.2: BERT tokenization

encoded = tokenizer(

text ,

padding=’max_length ’,

truncation=True ,

max_length =128,
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return_tensors=’pt’

)

input_ids = encoded[’input_ids ’]

attention_mask = encoded[’attention_mask ’]

F.3 Model Architecture

F.3.1 Image Encoder

A pre-trained Vision Transformer (ViT-B/16) produced the global image embedding from the
classification token:

Listing F.3: Vision Transformer forward pass

vision_out = self.vision_encoder(

pixel_values ,

output_attentions=True

)

image_emb = vision_out.last_hidden_state [:, 0, :] # CLS token

attentions = vision_out.attentions # for

explainability

F.3.2 Text Encoder

A pre-trained BERT-base model produced the global text embedding from the [CLS] to-
ken:

Listing F.4: BERT forward pass

text_out = self.text_encoder(

input_ids=input_ids ,

attention_mask=attention_mask ,

output_attentions=True

)

text_emb = text_out.last_hidden_state [:, 0, :] # CLS token

F.3.3 Projection to Shared Embedding Space

Both embeddings were projected into a shared 256-dimensional space and L2-normalised:

Listing F.5: Projection and normalisation

text_proj = self.text_proj(text_emb)

image_proj = self.image_proj(image_emb)

text_norm = F.normalize(text_proj , dim=-1)

image_norm = F.normalize(image_proj , dim=-1)

F.3.4 Consistency Scoring

Consistency was measured by cosine similarity between the normalised embeddings. A decision
threshold τ was applied at inference time:
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Listing F.6: Cosine similarity and decision

similarity = (image_norm * text_norm).sum(dim=-1)

decision = (similarity >= threshold).long() # 1 = consistent , 0 =

inconsistent

F.4 Contrastive Learning Objective

The model was trained with the symmetric InfoNCE loss on consistent image–document pairs.
In-batch samples served as negatives:

Listing F.7: Symmetric InfoNCE loss

logits = image_norm @ text_norm.T / temperature

labels = torch.arange(logits.size (0), device=logits.device)

loss_i2t = F.cross_entropy(logits , labels)

loss_t2i = F.cross_entropy(logits.T, labels)

loss = (loss_i2t + loss_t2i) / 2

Hard negatives generated by FAISS were reserved for evaluation and were not used in the
training objective.

F.5 Training Procedure

Training used the AdamW optimiser with a linear warmup–decay learning-rate schedule. Only
consistent pairs were used for contrastive optimisation:

Listing F.8: Training step

optimizer.zero_grad ()

loss = model(images , input_ids , attention_mask) # InfoNCE

loss.backward ()

optimizer.step()

scheduler.step()

F.6 Explainability Mechanisms

F.6.1 Visual Attention Maps

Attention weights from the Vision Transformer (CLS-to-patch) were extracted, averaged across
heads, reshaped into a spatial grid, and upsampled to produce a heatmap overlaid on the
original image.

F.6.2 Token Importance Scores

Token-level importance was obtained from the text encoder attention (or gradient-based signals)
and ranked to identify the words that contributed most strongly to the text embedding.
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F.7 Evaluation Metrics

Performance was assessed using ranking and classification metrics computed from cosine simi-
larity scores and the selected decision threshold:

Listing F.9: Evaluation metrics

roc_auc = roc_auc_score(y_true , similarities)

pr_auc = average_precision_score(y_true , similarities)

y_pred = (similarities >= threshold).astype(int)

accuracy = accuracy_score(y_true , y_pred)

precision = precision_score(y_true , y_pred , pos_label =1)

recall = recall_score(y_true , y_pred , pos_label =1)

f1 = f1_score(y_true , y_pred , pos_label =1)

Metrics were reported under three evaluation settings: balanced random negatives (50/50),
imbalanced random negatives (90/10), and FAISS hard negatives. CLIP served as the principal
baseline under identical protocols.
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