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Abstract

Automated medical report generation from chest radiographs has emerged as a criti-
cal challenge in medical imaging, particularly in addressing information bottlenecks and
poor clinical accuracy for rare pathological conditions. This work presents ChestBXG, a
novel multi-modal architecture that integrates classification-guided visual encoding with
domain-adaptive language generation to bridge the semantic gap between radiographic
features and clinical text. Our approach employs EfficientNet-B4 for visual feature extrac-
tion, coupled with BioGPT for medical domain-specific text generation, interconnected
through sophisticated co-attention mechanisms that prevent information loss during cross-
modal alignment. The architecture incorporates a confidence-based classification head
that guides report generation, particularly enhancing performance on minority patho-
logical cases. Experimental evaluation on a curated subset of the MIMIC-CXR dataset
demonstrates substantial improvements across standard metrics, achieving decent results
on multiple metrics while focusing on harder samples. The proposed framework addresses
fundamental limitations in existing methodologies while maintaining computational effi-
ciency, establishing a foundation for clinically viable automated reporting systems that
enhance diagnostic accuracy and workflow efficiency in radiological practice.

Keywords: X-ray images, Vision feature extraction, Language generation, Encoder-
Decoder



Résumé

La génération automatisée de rapports médicaux à partir de radiographies thoraciques est
devenue un défi critique en imagerie médicale, particulièrement pour résoudre les goulots
d’étranglement informationnels et la faible précision clinique pour les conditions patholo-
giques rares. Ce travail présente ChestBXG, une architecture multi-modale novatrice qui
intègre l’encodage visuel guidé par classification avec la génération de langage adaptée
au domaine pour combler l’écart sémantique entre les caractéristiques radiographiques et
le texte clinique. Notre approche emploie EfficientNet-B4 pour l’extraction de caractéris-
tiques visuelles, couplé avec BioGPT pour la génération de texte spécifique au domaine
médical, interconnectés par des mécanismes de co-attention sophistiqués qui préviennent
la perte d’information durant l’alignement cross-modal. L’architecture incorpore une tête
de classification basée sur la confiance qui guide la génération de rapports, améliorant
particulièrement les performances sur les cas pathologiques minoritaires. L’évaluation
expérimentale sur un sous-ensemble sélectionné du dataset MIMIC-CXR démontre des
améliorations substantielles à travers les métriques standards, atteignant des résultats
décents sur plusieurs métriques tout en se concentrant sur les échantillons plus difficiles.
Le cadre proposé adresse les limitations fondamentales des méthodologies existantes tout
en maintenant l’efficacité computationnelle, établissant une fondation pour des systèmes
de rapportage automatisés cliniquement viables qui améliorent la précision diagnostique
et l’efficacité du flux de travail en pratique radiologique.

Mots-clés : Images radiographiques, Extraction de caractéristiques visuelles, Génération
de langage, Encodeur-Décodeur
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General Introduction

General Context

Medical imaging plays a pivotal role in modern healthcare, with chest radiographs rep-
resenting one of the most frequently performed diagnostic procedures worldwide. The
interpretation and documentation of these radiological studies through comprehensive re-
ports is essential for effective clinical decision-making, treatment planning, and patient
care continuity. However, the manual generation of radiology reports presents significant
challenges in contemporary healthcare systems.

The artificial intelligence revolution in medical imaging has witnessed unprecedented
growth, particularly in radiology. As shown in Figure 0.1, the annual number of AI
products cleared for use in radiology has experienced remarkable expansion from 2008 to
2024 [78], with significant growth starting around 2017 and peaking at 74 new products
in 2020.

Figure 0.1: Annual number of AI products cleared for use in radiology from 2008 to 2024,
showing significant growth starting in 2017 [78].

This rapid adoption is reflected in substantial market expansion, with AI in medi-
cal imaging projected to reach USD 14.46 billion by 2034 [79] (Figure 0.2). Currently,

1



GENERAL INTRODUCTION

67% of U.S. radiology departments utilize AI—doubling since 2019 [81]—demonstrating
widespread clinical acceptance.

Figure 0.2: AI in Medical Imaging market size for 2024 and projected growth until 2034 [79].

As depicted in Figure 0.3, both human radiologists and AI models possess unique
strengths that enhance overall diagnostic capabilities when combined [80].
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GENERAL INTRODUCTION

Figure 0.3: Detailed comparison of human radiologists and AI models, emphasizing the unique
strengths each brings to medical imaging tasks [80].
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Chapter 1

Literature Review

1.1 Introduction

This chapter presents a comprehensive survey of Medical Image Report Generation (MIRG),
tracing the field’s evolution from the foundation of the task to modern-day approaches.
We systematically examine seven major paradigms: pre-foundation models, attention-
based methods, transformer architectures, reinforcement learning techniques, knowledge-
enhanced approaches, and pre-trained LLMs.

Our analysis focuses on three key dimensions: architectural innovations, performance
progression, and clinical applicability. We categorize approaches by their core methodolo-
gies, evaluate their contributions and limitations, and provide comparative performance
analysis using standardized metrics across benchmark datasets. Additionally, we examine
the datasets that have shaped this field and identify critical research gaps.

The chapter concludes with insights that inform our methodological choices, high-
lighting the tension between technical sophistication and clinical utility that characterizes
current MIRG research.

1.2 Pre-Foundation Models

Initially the task started at small scale of attaching textual captions to radio-images using
the rise of CNNs that improved image feature extraction, then fused with a Recurrent
Network to predict the proper sequences of texts. This paradigm established the now-
classic encoder-decoder architecture, where the CNN "encodes" the image into a fixed-size
vector, and the RNN "decodes" this vector into a sequence of words. This approach, while
foundational, created an information bottleneck, as the entire image’s complexity had to
be compressed into a single vector representation.

4
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1.3 Attention Based Models

The foundation of the task in the form we recognize now came with the work [6] that
introduced an Encoder-Decoder architecture with CNN-RNN incorporating Co-Attention
mechanism for improved long-range information handling. This paradigm sought to over-
come the information bottleneck of earlier models by allowing the decoder to dynamically
focus on different parts of the source image at each step of the generation process. Instead
of relying on a single fixed-context vector, attention mechanisms create a direct shortcut
between the source image and the generated report, significantly improving the flow of
visual information.

1.4 Transformers Based Methods

With the introduction of transformers in "Attention is all you need" [66] and their proven
efficiency in both Medical Text Generation and Imaging, transformers shifted the perfor-
mance of all text-related tasks. For our case, their addition comes in the ability to un-
derstand denser relations between different encoded embeddings, leading multiple works
to adopt the architecture. Unlike RNNs which process data sequentially, transformers
process entire sequences at once using self-attention mechanisms. This parallelization
not only accelerates training but also provides a more holistic understanding of context,
capturing long-range dependencies within both the image and the text more effectively.

1.5 Reinforcement Learning Methods

Unlike the studies that continued in the track of Encoder-Decoder architecture, other
studies wanted to tackle the fundamental issues with the training process in the pre-
vious studies. The previous methods used mainly Cross-Entropy loss which does not
reflect the semantic accuracy, especially in cases with complex terminology like medical
language. To bypass this limitation in the training loss, some works have explored re-
inforcement learning (RL) techniques. This paradigm reframes report generation as a
sequential decision-making process. The model, or "agent," learns to generate a report
word-by-word, receiving a "reward" at the end based on the quality of the entire report,
often measured by clinical accuracy or other non-differentiable metrics.

5
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1.6 Knowledge-Enhanced Methods

Another insurgent research direction claimed that purely data-driven models might lack
the necessary medical domain expertise for generating accurate and clinically relevant
reports. This set of works focused on integrating knowledge graphs or other forms of
external medical knowledge into MIRG models.

1.7 Pre-Trained LLMs Methods

The remarkable success of Large Language Models (LLMs) pre-trained on massive text
datasets presented a new avenue for medical image report generation. These models pos-
sess sophisticated language understanding and generation capabilities, along with implicit
knowledge learned during pre-training. The core idea is to leverage the powerful linguistic
priors of these models, fine-tuning them on the specific task of report generation rather
than training a language model from scratch on limited medical data.

1.8 Native MultiModal Models Methods

The emergence of native multimodal models represents a paradigm shift from adapting
separate vision and language components to training unified architectures that naturally
handle both modalities from the ground up. Unlike previous approaches that rely on
bridging pre-trained vision encoders with language models, these methods develop inte-
grated representations where visual and textual information coexist in a shared embedding
space, enabling a more direct and nuanced interaction between modalities.

1.9 Datasets

The advancement of medical image report generation has been significantly shaped by
several key datasets that provide the foundation for training and evaluating different
approaches.

1.10 Synthesis

This review highlights significant technological progress in medical image report gener-
ation, with performance metrics like BLEU scores improving from 21.3% to over 66%

6
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across seven distinct paradigms. Each stage introduced key innovations, from founda-
tional encoder-decoder models to unified multimodal architectures,

1.11 Conclusion

Our approach draws primary inspiration from Pre-Trained LLMs Methods, building upon
the demonstrated superiority of models like BioGPT and R2GenGPT that achieved the
highest performance levels.

7



Chapter 2

Proposed Appraoch: ChestBXG

2.1 Introduction

Automated medical report generation from chest radiographs represents a critical ad-
vancement in clinical decision support systems, addressing the growing demand for timely
and accurate radiological assessments. The complexity of interpreting chest X-rays, com-
bined with the need for precise clinical documentation, presents significant challenges
that current state-of-the-art approaches have yet to fully resolve. This chapter presents
ChestBXG, a novel multi-modal architecture designed to bridge the semantic gap between
visual radiographic features and clinical text generation. Our approach addresses funda-
mental limitations inherent in existing methodologies, including information bottlenecks
that constrain visual-textual alignment, inadequate processing of multi-view radiographic
perspectives, and insufficient integration of domain-specific medical knowledge.

The proposed architecture introduces several key innovations:

• a classification-guided visual encoding pathway that explicitly incorporates medical
condition detection to inform report generation,

• an enhanced multi-view processing mechanism that leverages cross-view attention
for comprehensive radiographic analysis, and

• a specialized multi-objective training framework that balances linguistic fluency with
clinical accuracy.

Through these contributions, ChestBXG establishes a new paradigm for medical report
generation that prioritizes both computational efficiency and clinical utility.

8
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2.2 Architectural Overview

ChestBXG is a novel multi-modal architecture specifically designed for chest X-ray report
generation. The model leverages a dual-path approach that combines a visual encoding
pathway with a language generation pathway, interconnected through attention mecha-
nisms designed to maximize information transfer. The core innovation lies in integrating
a classification head directly into the visual encoder, which identifies medical conditions
to guide language generation for more clinically accurate reports. Figure ?? provides a
schematic overview of the architecture.

Figure 2.1: Overview of the ChestBXG architecture.

9
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2.2.1 Visual Encoder

The visual encoding pathway extracts clinically relevant features from chest radiographs
and supports multi-view analysis through specialized attention mechanisms. This path-
way consists of an image encoder, classification head, and multi-view processing compo-
nents designed to capture comprehensive visual understanding.

Figure 2.2: Detailed observation of the Vision Encoder of ChestBXG.

2.2.1.1 Feature Extractor

We employ an EfficientNet-B4 architecture [65] trained from scratch as our visual feature
extractor, processing raw X-ray images to extract 1024-dimensional feature representa-
tions. This choice prioritizes medical image-specific feature learning over general nat-

10
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ural image patterns. EfficientNet-B4 offers an optimal balance between computational
efficiency and representational capacity for medical imaging applications. The feature
extraction process is mathematically represented in Equation 2.1:

V = EfficientNet-B4(I) (2.1)

Where I represents the input X-ray images and V represents the extracted visual
features. A linear projection layer maps the EfficientNet-B4’s native feature dimension
to the target embedding space for compatibility with the language model.

2.2.1.2 Classification Head

Our approach incorporates a classification head that branches from the visual encoder
to identify specific medical conditions. The classification head processes raw Efficient-
Net features before projection, enabling simultaneous feature extraction and pathology
detection, as formulated in Equation 2.2:

C = ClassificationHead(Fraw) (2.2)

Where Fraw represents the raw features from EfficientNet-B4. This design enables the
model to learn task-specific visual representations while maintaining compatibility with
downstream components.

2.2.1.3 Multi-View Processing

ChestBXG processes multiple radiographic views through attention-based fusion mecha-
nisms, prioritizing PA/AP and lateral views while accommodating various view combina-
tions. The multi-view enhancement and fusion process is described by Equations 2.3 and
2.4:

Venhanced = ViewAttention(V1, V2, ..., Vn) (2.3)

Vfused = FusionLayer(CrossViewEnhancement(Venhanced)) (2.4)

Where Vi represents features from each view. The system employs self-attention mech-
anisms to identify consistencies and complementary information across different radio-
graphic perspectives, followed by cross-view enhancement and fusion layers for integrated
representation.

11
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2.2.2 Co-Attention Mechanism

The Co-Attention module represents a critical component that bridges visual and textual
modalities through sophisticated bidirectional attention mechanisms. This module di-
rectly addresses the second fundamental limitation identified in the General Introduction:
the information bottleneck during knowledge transfer between visual feature extraction
and language generation components. This design ensures that language generation re-
mains contextually aligned with visual content while preserving linguistic coherence and
medical accuracy, effectively resolving the constraint on critical visual information flow
to the text generation module. The co-attention mechanism is mathematically expressed
in Equation 2.5:

A = CoAttention(Vfused, T ) (2.5)

Where Vfused represents the fused visual features and T represents text embeddings.
The Co-Attention mechanism employs multi-head attention architecture that facilitates
bidirectional information flow between visual and textual representations through three
sequential stages:

• visual feature expansion to match textual sequence dimensions,

• computation of cross-modal attention weights, and

• application of learned transformations to enhance representational capacity.

This sophisticated cross-modal alignment effectively bridges the semantic gap between
low-level visual features and high-level clinical concepts, ensuring that nuanced clinical
observations are properly transmitted from the visual encoding pathway to the language
generation component.

2.2.3 Language Model

The language generation pathway employs a transformer-based architecture that inte-
grates visual information with autoregressive text generation to produce clinically accu-
rate and linguistically coherent radiology reports.

2.2.3.1 Core Generation Model

Our language generation employs BioGPT [64], a domain-adapted model for medical
report generation. The core generation process is formulated in Equation 2.6:

12
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L = BioGPT(T, Vprojected) (2.6)

Where T represents text embeddings, Vprojected represents projected visual features,
and L represents language model outputs. BioGPT [64] was selected for its medical
domain adaptation and superior performance in biomedical text generation compared to
general-purpose language models.

Key adaptations include specialized medical vocabulary and visual conditioning through
prepended "visual tokens" that influence the entire generation process. The model inte-
grates high-confidence classification predictions as label embeddings, dynamically adjust-
ing the contribution balance between visual features and classification knowledge based
on detection confidence.

2.2.3.2 Integration of Classification Knowledge

Classification outputs influence language generation through confidence-based embedding
injection. The probability distribution for next word prediction incorporates both visual
and classification information, as shown in Equation 2.7:

P (wt|w<t, I) = Softmax(W · ht + b) (2.7)

We implement a confidence threshold mechanism (0.65) where high-confidence classi-
fications are converted to label embeddings and concatenated with visual features before
text generation. This approach ensures that confident pathology detections strongly in-
fluence generated text while maintaining flexibility when classifications are uncertain.

2.3 Dataset Selection and Processing

Our methodology utilizes a carefully curated subset of the MIMIC-CXR dataset [68] to
train and evaluate the ChestBXG model. This section outlines our dataset selection
criteria, preprocessing steps, and the comprehensive training strategy employed. The
data preparation pipeline is illustrated in Figure 2.3.

Given the computational constraints and the need for a high-quality dataset, we im-
plemented a systematic data processing pipeline that ensures optimal sample selection,
balanced class distribution, and clean textual content. This section details the multi-stage
processing approach employed to construct our curated dataset.

13
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Figure 2.3: Data Prepartion Pipeline

14
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2.3.1 Dataset Description

We employ a subset of 10,000 chest X-ray studies from the MIMIC-CXR dataset [68] for
our experiments, representing approximately 4.5% of the complete dataset. The MIMIC-
CXR dataset represents the largest publicly available chest X-ray dataset with structured
reports, making it an ideal choice for developing and evaluating medical report generation
systems.

The MIMIC-CXR dataset offers several advantages over alternative datasets:

• comprehensive metadata including structured pathology labels across 14 medical
conditions,

• well-organized report sections (Findings, Impression) that facilitate structured learn-
ing,

• high-quality radiology reports with consistent formatting and clinical terminology,
and

• multi-view imaging data enabling comprehensive radiographic analysis.

Figure 2.4: Sample images from the MIMIC-CXR dataset showing different pathological con-
ditions and corresponding report excerpts.
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Each study 2.4 in our subset includes paired chest X-ray images with corresponding ra-
diology reports, along with multi-label pathology annotations. The dataset encompasses
diverse pathological conditions including pneumonia, pneumothorax, pleural effusion, car-
diomegaly, and other common chest abnormalities. Report sections are structured into
distinct components (Findings, Impression), enabling our model to learn the conventional
organization of radiological assessments.

2.3.2 Sample Selection Class Balance

The initial challenge involved selecting an optimal subset from the full MIMIC-CXR
dataset while maintaining clinical relevance and addressing severe class imbalance inherent
in medical datasets.

Medical Expert Consultation: We collaborated with medical experts to identify
clinically similar pathological conditions that could be meaningfully merged to facilitate
classification learning. This expert-guided approach resulted in the consolidation of re-
lated conditions such as:

• Mass and Nodule detection into a unified "Mass/Nodule" category

• Cardiomegaly and Enlarged Cardiomediastinum into "Cardiomegaly/Enlarged Car-
diomediastinum"

• Pneumonia, Consolidation, and Infiltration into "Pneumonia/Consolidation/Infiltration"

Minority Class Preservation: Our selection algorithm prioritized the inclusion of
all available samples containing rare pathological conditions (occurring in fewer than 1,000
cases), including Pneumoperitoneum, Pneumomediastinum, Pleural Other, and Fibrosis.
This approach ensures that the model maintains exposure to clinically significant but
infrequent conditions.

Balanced Sampling Strategy: For more common pathological conditions, we im-
plemented a minimum threshold of 900 positive samples per class while avoiding excessive
overrepresentation. This strategy balances computational efficiency with comprehensive
pathological coverage.

2.3.3 Image Selection Criteria

Clinical radiological practice typically involves multiple imaging perspectives to provide
comprehensive diagnostic information. Our processing pipeline implements strict criteria
for multi-view selection to ensure consistent and clinically meaningful input data.
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2.3.4 Data Organization

The MIMIC-CXR dataset organization required systematic handling of distributed file
structures to properly link imaging data with corresponding textual reports. Our pro-
cessing pipeline implements robust file path construction and data linking mechanisms to
ensure accurate image-text pairing.

2.3.5 Text Extraction Cleaning

The MIMIC-CXR reports required extensive preprocessing to extract clinically relevant
content while removing administrative artifacts and maintaining medical terminology in-
tegrity.

2.3.6 Final Dataset Statistics

The resulting processed dataset contains around 10,000 carefully selected studies with bal-
anced pathological representation and high-quality textual content. Each study includes
exactly two radiographic views (frontal and lateral) with corresponding cleaned radiology
reports focusing on diagnostic findings and clinical impressions.

2.4 Experimental Setup

2.4.1 Loss Function

Our training methodology centers on a novel multi-objective loss function, BioLoss, de-
signed to simultaneously optimize linguistic fluency, clinical accuracy, and visual-textual
alignment. This approach addresses the fundamental challenge of balancing general lan-
guage generation capabilities with domain-specific medical correctness. The complete loss
function is formulated in Equation 2.8:

Ltotal = Llm + αLcls + βLword (2.8)

Where α and β are weighting parameters optimized to balance the three training
objectives.

2.4.1.1 Language Model Loss

The foundation of our loss function employs cross-entropy with label smoothing to gen-
erate linguistically coherent reports while preventing overconfident predictions. This is
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mathematically expressed in Equation 2.9:

Llm = − 1

N

N∑
i=1

Ti∑
t=1

(1− ϵ) logP (wi,t|wi,<t, Ii) + ϵ logP (w′|wi,<t, Ii) (2.9)

Where N is the batch size, Ti is the sequence length, ϵ is the label smoothing factor,
and w′ represents a uniform distribution over the vocabulary.

2.4.1.2 Classification Loss

For multi-label pathology classification, we implement Focal Loss to address class im-
balance inherent in medical datasets. This approach directly tackles the first critical
limitation identified in the General Introduction: poor clinical accuracy for rare diseases
and minority pathological conditions. The focal loss formulation is given in Equation
2.10:

Lfocal = −α(1− pt)
γ log(pt) (2.10)

Where pt is the predicted probability, α controls class weighting, and γ focuses learning
on hard examples. This formulation prioritizes recall over precision, reflecting the clinical
imperative to avoid missing pathological findings. By down-weighting easy examples
and focusing on hard-to-classify cases, Focal Loss specifically addresses the challenge of
learning from rare pathological conditions that constitute less than 1% of training data
but are crucial for comprehensive diagnostic coverage.

2.4.1.3 Label Word Penalty/Reward

Our novel semantic alignment component enforces consistency between visual classifi-
cations and textual descriptions. The label word penalty mechanism is formulated in
Equation 2.11:

Lword =
1

N

N∑
i=1

Penalty(wi, yi, label_names) (2.11)

This mechanism evaluates whether generated reports appropriately mention detected
medical conditions by mapping classification labels to their clinical terminology variants
and applying graduated rewards/penalties based on classification confidence.

18



`CHAPTER 2. PROPOSED APPRAOCH: CHESTBXG

2.4.2 Training Strategy

Our training methodology employs specialized techniques to effectively adapt the multi-
modal architecture while preserving pretrained knowledge and preventing overfitting. The
strategy balances the distinct optimization requirements of visual and language compo-
nents through differentiated learning rates, progressive unfreezing, and comprehensive
regularization.

2.4.2.1 Progressive Training

The training configuration incorporates parameter-specific learning rates and progres-
sive unfreezing to accommodate the hybrid nature of our architecture. We implement
a strategic freezing approach where 97% of BioGPT [64] layers are initially frozen, with
progressive unfreezing of 5% of layers every three epochs. This methodology prevents
catastrophic forgetting while enabling domain adaptation.

Component-specific learning rates reflect the distinct adaptation requirements: clas-
sification head components receive higher learning rates as they are trained from scratch,
while pretrained BioGPT [64] components use conservative rates to preserve learned medi-
cal knowledge. Image encoder parameters receive intermediate rates to balance adaptation
with stability.

2.4.2.2 Regularization Optimization

Our regularization approach combines multiple techniques to prevent overfitting across
different architectural components. Gradient clipping with global norm constraint ensures
training stability, while dropout strategies in classification and cross-view enhancement
components provide structured regularization. Learning rate decay and early stopping
with validation monitoring prevent overtraining while maintaining convergence quality.

The optimization strategy employs AdamW optimizer with component-specific pa-
rameter groups, enabling fine-grained control over learning dynamics across the heteroge-
neous architecture. This approach accommodates the varying convergence requirements
of visual encoding, language generation, and classification components within a unified
training framework.

2.5 Model Evaluation

This section presents the evaluation framework used to assess ChestBXG’s performance
across multiple dimensions of medical report generation quality. Our evaluation encom-
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passes linguistic quality, clinical accuracy, and visual understanding capabilities.

2.5.1 Evaluation Metrics

We employ a comprehensive evaluation framework that measures both traditional text
generation quality and domain-specific clinical accuracy through multiple complementary
metrics.

2.5.1.1 Text Generation Metrics

BLEU Score: Measures n-gram overlap between generated and reference reports to
assess linguistic similarity and fluency in medical terminology usage. The BLEU-n score
is calculated using Equation 2.12:

BLEU-n = BP · exp

(
n∑

i=1

wi log pi

)
(2.12)

ROUGE Score: Evaluates recall-oriented overlap between generated and reference
reports, particularly effective for assessing content coverage and summary quality in med-
ical reports. ROUGE-L measures longest common subsequence overlap, while ROUGE-1
and ROUGE-2 assess unigram and bigram recall respectively. ROUGE-L is computed
using Equation 2.13:

ROUGE-L =
(1 + β2) ·Rlcs · Plcs

β2 ·Rlcs + Plcs

(2.13)

METEOR: Measures semantic similarity between generated and reference reports
through exact word matches, stemmed matches, and synonym matches. METEOR is
particularly valuable for medical report evaluation as it accounts for clinical terminol-
ogy variations and provides more nuanced assessment than pure n-gram metrics. The
METEOR score is calculated using Equation 2.14:

METEOR = (1− α) · P ·R
α · P + (1− α) ·R

(2.14)

Perplexity: Evaluates the model’s confidence in word predictions, with lower values
indicating better language modeling capability and more coherent medical report gener-
ation. Perplexity is computed according to Equation 2.15:

PPL = exp

(
− 1

N

N∑
i=1

log p(wi|w1, . . . , wi−1)

)
(2.15)
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2.5.1.2 Classification Metrics

Hamming Loss: Quantifies the fraction of incorrectly predicted labels across all pathol-
ogy classifications, providing insight into multi-label prediction accuracy. The Hamming
Loss is calculated using Equation 2.16:

Hamming Loss =
1

N · L

N∑
i=1

L∑
j=1

⊮(yij ̸= ŷij) (2.16)

F1 Scores: We evaluate classification performance using both micro and macro averaging
approaches. Micro-F1 aggregates true positives, false positives, and false negatives across
all classes for overall clinical accuracy evaluation, while Macro-F1 computes scores for each
pathology class independently then averages them, ensuring balanced evaluation across
rare and common medical conditions. These metrics are computed using Equations 2.17
and 2.18:

Micro-F1 = 2 · Micro-Precision · Micro-Recall
Micro-Precision + Micro-Recall

(2.17)

Macro-F1 =
1

L

L∑
i=1

2 · Precisioni · Recalli
Precisioni + Recalli

(2.18)

Precision and Recall Metrics: We evaluate both macro-averaged precision and re-
call to assess the model’s performance across individual pathological conditions. Precision-
Macro measures the average precision across all pathology classes, indicating diagnostic
confidence, while Recall-Macro measures the average recall, reflecting the model’s ability
to detect pathological findings. These metrics are particularly important for evaluating
performance on rare diseases, as they provide balanced assessment regardless of class
frequency.

AUC-ROC: Area Under the Receiver Operating Characteristic curve provides a com-
prehensive measure of classification performance across all decision thresholds. AUC-ROC
is particularly valuable for medical applications as it evaluates the model’s ability to dis-
criminate between pathological and normal findings regardless of the chosen classification
threshold. Higher AUC-ROC values indicate superior diagnostic discrimination capability.

2.5.1.3 Embedding Analysis

Embedding Similarity: Assesses the quality of learned visual representations by mea-
suring how well semantically similar medical conditions cluster together in the embedding
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space. The similarity metric is computed using Equation 2.19:

Similarity(x, y) =
x · y

||x|| · ||y||
(2.19)

We analyze visual embeddings through cosine similarity and dimensionality reduction
visualization to evaluate clustering patterns of medical conditions and validate the model’s
ability to learn clinically meaningful feature representations. The embedding analysis
results are visualized through PCA comparison shown in Figure 2.5.

Figure 2.5: Comparision of Embedding representations with PCA.

2.5.2 Model Hyperparameters

Our experimental configuration implements real hyperparameters derived from empirical
optimization across medical imaging tasks. The training configuration parameters are
detailed in Table 2.1, which outlines the key hyperparameters and their rationales for our
experimental setup.

The component-specific learning rates are presented in Table 2.2, showing the differ-
entiated learning strategy employed across various architectural components to balance
adaptation with knowledge preservation.

The loss function configuration parameters are summarized in Table 2.3, demonstrat-
ing the careful balance between different training objectives and the clinical considerations
underlying our multi-objective approach.
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Tableau 2.1: Training Configuration

Parameter Value Rationale
Batch Size 2 Memory constraints with multi-view processing
Number of Epochs 20 Balance training time with convergence
Max Seq-Len 253 Accommodate typical radiology report length
Image Resolution 512×512 Standard chest X-ray processing resolution
Progressive Unfreezing 5% every 3 epochs Gradual adaptation
Initial Freeze Rate 97% of BioGPT layers Preserve medical language knowledge
Gradient Clipping 1.0 Prevent gradient explosion

Tableau 2.2: Component-Specific Learning Rates

Component Learning Rate Purpose
Classification Head 5×10³ Rapid adaptation for new task
Image Encoder (EfficientNet-B4) 1×10³ Balanced visual feature adaptation
BioGPT Components 1×10 Preserve pretrained medical knowledge
Interface Components 5×10 Coordinate multi-modal alignment

Tableau 2.3: Loss Function Configuration

Parameter Value Purpose
Classification Weight () 0.5 Balance classification with generation
Label Word Weight () 0.03 Encourage semantic consistency
Focal Loss Alpha 2.0 Focus on positive medical findings
Focal Loss Gamma 2.0 Emphasize hard classification cases
Positive Sample Weight 2.0 Address medical class imbalance
Label Smoothing Factor 0.1 Prevent overconfident predictions
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2.6 Conclusion

Our ChestBXG architecture represents a significant advancement in automated chest X-
ray report generation through the strategic integration of EfficientNet-B4 [65] visual en-
coding and BioGPT [64] language generation. The architecture addresses key limitations
of previous approaches by implementing confidence-based label embedding injection, so-
phisticated multi-view processing, and a clinically-informed multi-objective loss function.
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Chapter 3

Experimental Results and Analysis

3.1 Introduction

This chapter presents a comprehensive evaluation of our ChestBXG architecture through
systematic experimentation and comparative analysis. We document the evolutionary
development process that led to our final architecture, examining the performance pro-
gression through multiple experimental phases. Our evaluation encompasses both quanti-
tative metrics and qualitative analysis, demonstrating the effectiveness of our multi-modal
approach for automated chest X-ray report generation.

3.2 Experimental Setup and Dataset Configuration

Our experimental framework utilizes a strategically selected subset of 10,000 studies from
the MIMIC-CXR dataset, representing approximately 4.5% of the complete dataset. This
subset was carefully designed to address hardware limitations while maintaining scientific
rigor through balanced representation of all 14 pathological conditions defined in the
dataset.

3.2.1 Hardware Configuration and Computational Constraints

Our experimental setup operated under significant hardware limitations that influenced
both architectural decisions and training strategies. The available computational re-
sources consisted of two GPUs with 16GB VRAM each (32GB total), which while sub-
stantial, still imposed constraints on our experimental design. Despite this considerable
memory capacity, the computational demands of our multi-modal architecture limited
us to a maximum batch size of 2, which significantly extended training times and made

25



`CHAPTER 3. EXPERIMENTAL RESULTS AND ANALYSIS

experimentation more time-consuming.
These constraints motivated several key design decisions:

• adoption of EfficientNet-B4 over larger visual encoders for optimal efficiency-performance
trade-off,

• implementation of progressive layer unfreezing to manage memory usage during
training,

• careful hyperparameter tuning to maximize convergence within computational bounds,

• development of efficient attention mechanisms that maintain performance while re-
ducing computational overhead,

• extended training schedules to compensate for the small batch size limitations that
affected gradient stability and convergence rate,

• strategic checkpointing and model versioning to preserve experimental progress
given the prolonged training cycles.

3.3 Approach Evolution : The Journey of Tweaking

Our research journey toward developing ChestBXG followed an iterative process of dis-
covery, experimentation, and refinement that spanned multiple phases of architectural
evolution. Rather than pursuing a predetermined path, we allowed the data and ex-
perimental results to guide our decisions, leading us through fascinating explorations of
different paradigms in medical image captioning. This section presents the narrative
of how our approach evolved from simple baseline implementations to the sophisticated
multi-modal architecture that ultimately became ChestBXG.

3.3.1 Phase 1: Establishing the Foundation with Traditional Encoder-

Decoder Approaches

Our exploration began with the established encoder-decoder paradigm using ResNet-50 as
the visual backbone paired with LSTM-based text decoders. The architecture processed
chest X-rays at 224×224 resolution with basic attention mechanisms and conventional
cross-entropy loss optimization.
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3.3.1.1 Performance Evaluation

The results from this baseline approach achieved BLEU-1 scores of 0.1850 and BLEU-4
scores of 0.0520, which were significantly below clinical adequacy thresholds, as detailed in
Table 3.1. The generated reports suffered from insufficient medical terminology usage and
weak visual-textual alignment, highlighting the need for more sophisticated architectural
approaches.

Tableau 3.1: Initial Baseline Architecture Performance Results

Metric Value Relative to Final Clinical Adequacy
BLEU-1 0.1850 -45.4% Insufficient
BLEU-2 0.1120 -48.3% Insufficient
BLEU-4 0.0520 -51.4% Poor
ROUGE-1 0.1720 -43.1% Insufficient
ROUGE-2 0.0620 -38.4% Poor
ROUGE-L 0.1180 -42.2% Poor
METEOR 0.1580 -41.7% Insufficient

This foundational phase established that while encoder-decoder architectures provided
a starting point, medical report generation demanded more sophisticated cross-modal
alignment approaches.

3.3.2 Phase 2: Advancing Visual Understanding and Multi-View

Integration

Recognizing visual feature extraction as a critical bottleneck, this phase focused on en-
hancing visual understanding through DenseNet-201 architecture and implementing dual-
view processing capabilities. The key advancement was transitioning from ResNet-50 to
DenseNet-201 for superior feature reuse characteristics and expanding input resolution
to 384×384 pixels. We implemented separate feature extractors for PA/AP and lateral
views with attention-based fusion mechanisms.

3.3.2.1 Performance Evaluation

Enhanced visual processing demonstrated consistent improvements across all metrics, with
BLEU-1 scores increasing to 0.2038 (+16.5% over baseline),

3.3.3 Phase 3: Exploring Self-Supervised Vision Transformers

This phase explored DINO (self-DIstillation with NO labels) vision transformers to lever-
age robust visual representations without extensive labeled data. We replaced conven-
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tional CNN architectures with DINO-ViT as the primary visual encoder, generating con-
textualized patch embeddings processed through specialized attention mechanisms for
both local anatomical details and global radiographic patterns.

3.3.3.1 Performance Evaluation

Vision transformer integration demonstrated additional improvements over the CNN ap-
proach, with BLEU-1 scores reaching 0.2185 (+7.2% over the previous phase), as pre-
sented in Table ??. However, the modest gains suggested that transformer-based visual
encoding alone was insufficient without corresponding advances in cross-modal alignment
mechanisms.

3.3.4 Phase 4: Embracing Multi-Modal Pre-training with BLIP

This phase addressed cross-modal alignment by integrating BLIP (Bootstrapping Language-
Image Pre-training), which provided extensive pre-training on image-text pairs.

3.3.4.1 Performance Evaluation

Multi-modal pre-training with BLIP represented our most significant performance leap,
with BLEU-1 scores jumping to 0.2475 (+13.3% over the transformer phase),

3.3.5 Phase 5: Achieving Clinical Excellence with Domain-Specific

Integration

Our final phase synthesized previous insights while addressing the need for medical domain
expertise.

3.4 Classification Performance Evaluation

A critical component of ChestBXG’s effectiveness lies in its integrated classification head,
which provides explicit pathology detection capabilities alongside report generation. This
dual-purpose design enables comprehensive evaluation of the model’s diagnostic under-
standing and its ability to capture pathology-specific visual features. We present detailed
classification performance metrics across all 14 pathological conditions defined in the
MIMIC-CXR dataset,
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3.4.1 Clinical Significance of Classification Results

The per-pathology analysis reveals several clinically significant patterns:
High-Performance Conditions: Pleural Effusion (F1: 0.78), Subcutaneous Em-

physema (F1: 0.69), and Cardiomegaly (F1: 0.68) demonstrate excellent diagnostic per-
formance, reflecting the model’s ability to detect conditions with distinct radiographic
presentations.

3.4.2 Integration with Report Generation

The classification head’s performance directly influences report generation quality through
several mechanisms

3.5 Ablation Studies

To validate the contribution of individual architectural components, we conducted com-
prehensive ablation studies examining the impact of key design decisions on overall per-
formance.

3.5.1 Multi-Objective Loss Function

We analyzed the contribution of our novel BioLoss formulation by comparing against
standard cross-entropy training.

Tableau 3.2: Multi-Objective Loss Function Ablation Study

Loss Configuration BLEU-4 ROUGE-L METEOR
Cross-Entropy Only 0.0806 0.1740 0.2310
BioLoss (Multi-Objective) 0.1015 0.1985 0.2625
Improvement +25.9% +14.1% +13.6%

The multi-objective loss function achieved substantial performance gains, demonstrat-
ing the importance of balancing linguistic fluency with clinical accuracy and semantic
alignment, as shown in Table 3.2.

3.6 Failed Experimental Approaches

Throughout our experimental journey, we explored numerous architectural variations that
ultimately proved unsuccessful. Documenting these failures provides valuable insights into
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the complexity of medical report generation and highlights the critical design decisions
that led to ChestBXG’s success.

Contrastive Learning Integration: We incorporated InfoNCE loss alongside stan-
dard generation objectives, constructing positive pairs from images with similar patholog-
ical findings. Despite theoretical appeal, this approach proved computationally expensive
without delivering meaningful performance improvements, significantly increasing train-
ing time while providing only marginal gains.

Large Vision Transformers: Experimenting with ViT-Large and ViT-Huge archi-
tectures as visual encoders resulted in severe overfitting behavior, catastrophically focus-
ing on only one or two dominant pathological classes while ignoring minority conditions.
The generated reports suffered from poor diversity and failed to capture the full spectrum
of medical findings.

Multi-Encoder View Fusion: Using separate specialized vision encoders for each
radiographic view followed by learned fusion mechanisms resulted in a significantly larger
model with increased computational requirements while delivering inferior performance.
The separate encoders struggled to learn complementary representations, often leading to
redundant feature extraction.

Reinforcement Learning with Automated Metrics: Policy gradient methods
using BLEU and ROUGE scores as reward signals suffered from extremely long training
times, poor sample quality with frequent text repetition, and the inherent limitations of
using automated metrics as reward signals for medical report generation.

Vision-Text-Decoder Pipeline: A three-stage pipeline approach consisting of vi-
sion encoder, text encoder, and text decoder proved computationally expensive and prone
to severe overfitting. The model catastrophically overfitted to generic report templates,
producing repetitive text while suffering from vanishing gradients during end-to-end train-
ing.

3.6.1 Performance Summary of Failed Approaches

Table 3.3 summarizes the performance of these unsuccessful approaches, demonstrating
their poor performance relative to our final ChestBXG architecture.

These failed experiments underscore the importance of balanced architectural design
in medical AI applications, showing that successful approaches require careful integration
of domain expertise, computational efficiency, and robust training strategies rather than
simply scaling up model complexity, as summarized in Table 3.3.
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Tableau 3.3: Performance Summary of Failed Experimental Approaches

Failed Method BLEU-4 Relative to Final Primary Issues
Large Vision Transformers 0.007 -93.5% Class collapse, poor diversity
Multi-Encoder View Fusion 0.015 -86.0% Redundancy, high complexity
Vision-Text-Decoder Pipeline 0.019 -82.2% Overfitting, vanishing gradients
RL with Automated Metrics 0.032 -70.1% Sample inefficiency, repetition
Contrastive Learning 0.083 -22.4% High complexity, marginal gains
ChestBXG (Final) 0.1070 Baseline Optimal balance achieved

3.7 Conclusion

This chapter demonstrated the effectiveness of ChestBXG through comprehensive ex-
perimental evaluation and comparative analysis. Our systematic approach revealed that
domain-specific integration, combined with strategic architectural choices, can achieve
competitive performance while maintaining exceptional computational efficiency and pri-
oritizing equitable representation of rare pathological conditions.
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Chapter 4

Conclusion and Future Work

This thesis presented ChestBXG, a novel multi-modal architecture designed to address
fundamental limitations in automated chest X-ray report generation. Through systematic
research and experimental validation, we developed an innovative approach that signif-
icantly advances the state-of-the-art in medical image report generation, particularly in
handling rare diseases and bridging the semantic gap between visual feature extraction
and clinical text generation.

Our research journey progressed through multiple experimental phases, evolving from
traditional encoder-decoder architectures to sophisticated multi-modal frameworks. The
final ChestBXG architecture represents a paradigm shift in medical report generation,
incorporating classification-guided visual encoding, enhanced co-attention mechanisms,
and domain-adaptive language generation to achieve clinical-grade performance.

The comprehensive experimental evaluation demonstrated substantial improvements
across all standard metrics, with our final architecture achieving BLEU-1 scores of 0.3228,
representing improvements of over 40% compared to baseline approaches. More impor-
tantly, qualitative analysis revealed significant enhancements in clinical accuracy and
medical terminology usage, particularly for rare pathological conditions that have histor-
ically challenged automated generation systems.
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