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Abstract

Automated Radiographic Report Generation (R2Gen) is a critical task aimed

at the automatic generation of a free-text description for medical images, such as

chest X-rays. This process entails producing a comprehensive and contextually

relevant summary of the image’s content and clinical significance. Given its

significant potential to alleviate the substantial workload faced by radiologists,

R2Gen has garnered increasing attention from researchers worldwide. While

significant progress has been made, R2Gen still faces several challenges: The

first challenge lies in the generation of long texts. Many current methods employ

an encoder-decoder architecture similar to image captioning for natural images.

However, in contrast to a brief description in image captioning, R2Gen needs to

generate lengthy paragraphs with intricate details. The second challenge lies in

the fine-grained image distinctions. Radiological images, such as chest X-rays,

often exhibit high similarity, making it challenging for the model to discern

differentiating features between them. The third challenge lies in the bias in

visual and textual data. Due to an over-representation of normal samples in the

training data, the model’s learning process was biased towards these samples,

limiting its ability to effectively detect abnormalities and anomalies within the

dataset.

To tackle these challenges, in this thesis, we propose several innovative ap-

proaches to improve the quality and accuracy of radiographic report generation.

First, We propose a self-boosting framework that synchronizes image and re-

port features by simultaneously training an auxiliary image-text matching task

alongside the main report generation task. This mutual training process allows

x
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each task to refine and enhance the other, leading to more accurate report gen-

eration aligned closely with ground-truth reports. We also explore sample re-

lationships between image and report features by introducing a sample-graph

consistency loss as an additional regularization into the self-boosting frame-

work. Subsequently, with the rise in popularity of the Transformer architecture,

we devised a novel mechanism to embed the image-text matching task within

a Transformer’s encoder-decoder structure, employing a pure Transformer net-

work structure in the R2Gen task for the first time. Moreover, we investigate

ways to incorporate external information to assist in the generation of reports.

To this end, we have designed a Medical Concepts Generation Network to pre-

dict fine-grained semantic concepts and integrate them into the report generation

process as guidance. Next, treating the current method as a “single expert”, we

introduced a new diagnostic captioning framework, METransformer, to emulate

the clinical scenario of “collaborative diagnosis by multiple experts”. The key

design of METransformer is the introduction of learnable expert tokens and en-

couraging them to learn complementary representations using both linear and

non-linear attentions. In the last, we propose a novel LLMs-based Radiology

report generation framework, dubbed R2GenGPT, which is the first instance of

harnessing pre-trained large language models (LLMs) for the R2Gen task. Ex-

perimental results demonstrate the effectiveness of our methods on two public

datasets, showing its superior performance over multiple state-of-the-art image

captioning and medical report generation methods.
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CHAPTER 1

Introduction

1.1 Background

The landscape of radiological imaging data is experiencing exponential growth

that far surpasses the availability of trained readers, resulting in a significant

and unsustainable surge in radiologists’ workloads. This surge in both the vol-

ume and complexity of cases places big pressure on radiologists to interpret

more studies within increasingly tight timeframes. Consequently, radiologists

are faced with extended working hours and a heightened risk of reading fatigue,

all of which significantly contribute to diagnostic errors. Notably, the situation

is particularly precarious during on-call hours for emergency radiology stud-

ies (Katzman et al., 2023). As a result, the demand for automated radiographic

report generation has soared, as it promises to alleviate the burden on radiolo-

gists, mitigate diagnostic errors, and expedite the clinical workflow (Sim et al.,

2023).

Automated Radiographic Report Generation (R2Gen) stands as a sophisticated

task in the field of artificial intelligence, aiming to generate coherent paragraphs

that encapsulate the observations and findings in a given radiology image, as

exemplified in Figure 1.1. These generated reports emulate the typical structure

of radiological reports, which usually consist of “Findings" to detail the radio-

graphic observations and “Impression" to summarize the clinical significance.

While this structural format has a degree of standardization, it is essential to
1
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recognize that report formats can indeed vary significantly across different re-

gions and countries due to diverse clinical practices and documentation stan-

dards. Figure 1.2 showcases the diversity in report formats, using a Chinese

medical report as an example. Notably, medical reports may exhibit differences

in layout, terminology, and language, which have to be considered if global

applicability is pursued. The primary focus of this thesis, however, is not to

directly address this variation. Instead, our focus is directed towards enhanc-

ing the quality of medical report generation from radiographical images while

specifically concentrating on reports in English with the standardized structure

of ’Impression’ and ’Findings’ to control the complexity of our research en-

deavors. Despite this focus, it is noteworthy that the methodologies proposed in

this thesis are language-agnostic and can be adapted to reports in any language.

The adaptability is facilitated by employing language-specific tokenizers, which

allows the core algorithm to remain unchanged.

This complex challenge is intrinsically tied to the broader area of research in

image captioning, a subfield within computer vision. In image captioning, free-

form text descriptions are generated to narrate the content of images. Research

of image captioning falls in three categories: templated based, retrieval based,

and generation based. Template-based approaches (Kisilev et al., 2015b; Kisilev

et al., 2015a; Kisilev et al., 2016) generate captions by filling a predefined tem-

plate. Despite having the merit of simplicity, this approach generates rigid sen-

tences with a fixed length, governed by human-crafted rules. Retrieval-based

approaches (Devlin et al., 2015) assume that similar images should have simi-

lar captions and generated the caption of an given image by first finding visu-

ally similar images with their captions and then retrieving from these existing

captions. These approaches have the limitation to generate image-specific and

semantically correct captions. Current image captioning research is dominated

by generation based methods using deep neural network. A basic deep neural
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Figure 1.1. An example of Chest X-ray data used in this thesis.

network model generating image captions follows the encoder-decoder struc-

ture (Vinyals et al., 2015), where the visual encoder extracts the visual features

from images and the text decoder converts the visual features to text output. The

development along this research line focuses on advancing encoder and decoder,

respectively, by employing carefully-designed attention mechanisms (Lu et al.,

2017; Anderson et al., 2018; Rennie et al., 2017), relationship among image re-

gions (Yao et al., 2018; Yang et al., 2019), improved language models (Devlin

et al., 2019; Cornia et al., 2020; Pan et al., 2020), or reinforcement learning

on language metric (Rennie et al., 2017; Liu et al., 2017; Pasunuru and Bansal,

2017). A detailed review about the deep learning based image captioning meth-

ods could be found in Section 2.1.

However, compared to the image captioning task, radiographic report genera-

tion presents several unique challenges. The first challenge lies in long text

generation. Unlike the image captioning task which generates a single sentence

description, medical report generation requires detailed and coherent paragraph-

long descriptions. This requires the model to have a robust capacity for learn-

ing long-range dependencies. The second challenge lies in fine-grained image
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Figure 1.2. An example of a Chest X-ray alongside a corresponding radiological report
in Chinese.

distinctions. Radiological images like chest X-rays often possess striking simi-

larities, making it difficult for the model to identify nuanced differences among

them. This limitation hampers the model’s capacity to accurately interpret and

report the underlying medical conditions. The third challenge lies in the bias in

visual and textual data. Due to an over-representation of normal samples in

the training data, the model’s learning process was biased towards these sam-

ples, limiting its ability to effectively detect abnormalities and anomalies within

the dataset.

Numerous R2Gen models have been proposed to address these challenges. Chen

et al. (Chen et al., 2020b) introduced additional memory modules to store past

information, which can be utilized during the decoding process to improve long-

text generation performance. Some work utilize external knowledge informa-

tion, with the most representative approach being the integration of knowledge

graphs (Li et al., 2019a; Zhang et al., 2020; Liu et al., 2021a; Yang et al.,

2021b; Li et al., 2023a; Huang et al., 2023). Zhang et al. (Zhang et al., 2020)
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and Liu et al. (Liu et al., 2021a) combined pre-constructed graphs represent-

ing relationships between diseases and organs using graph neural networks, en-

abling more effective feature learning for abnormalities. Li et al. (Li et al.,

2023a) developed a dynamic approach that updates the graph with new knowl-

edge in real-time. Huang et al. (Huang et al., 2023) incorporated knowledge

from a symptom graph into the decoding stage using an injected knowledge dis-

tiller. Apart from knowledge graphs, another method for integrating external

knowledge involves incorporating semantic information to assist report gener-

ation through multi-task learning, such as multi-label classification (Jing et al.,

2018; Jin et al., 2023; Tanida et al., 2023). Jin et al. (Jin et al., 2023) make use

of the diagnostic results from the classification via prompts to explicitly guide

the generation process. A detailed review could be found in Section 2.2.

Despite significant advancements in the field, there is still considerable room

for improvement in radiographic report generation. In this thesis, aiming at the

above-mentioned challenges, we design and propose multiple network architec-

tures and improvement strategies. These methods will be elaborated in detail

from Chapter 3 to Chapter 8.

1.2 Outline

This thesis is organized as follows:

• In Chapter 1, we introduce the importance and challenges of automated

radiographic report generation. We outline our models and main con-

tributions, setting the stage for the novel methodologies presented in

the subsequent chapters.

• In Chapter 2, we conduct a comprehensive Literature Review, cover-

ing key advancements in image captioning, radiology report genera-

tion, Transformer architectures, image-text matching techniques, and
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the emergence of large language models. This review sets the stage for

understanding the current landscape and gaps in the relevant fields.

• In Chapter 3, we present our self-boosting framework designed to im-

prove the quality of radiographic report generation. We introduce a

dual-branch network model consisting of the main task of report gen-

eration and an auxiliary task of image-text matching. The chapter ex-

plains how these two branches cooperatively influence each other to

enhance the report’s quality. The loss function, which goes beyond

word similarity to consider feature-level similarity, is also discussed.

Finally, we provide experimental results to demonstrate the method’s

effectiveness against state-of-the-art methods in both image captioning

and medical report generation.

• In Chapter 4, we extend the self-boosting framework by integrating two

novel strategies aimed at achieving better correlation between image

and text features. The first strategy involves the auxiliary task of image-

text matching (ITM), while the second strategy focuses on aligning the

sample spaces of images and reports. We elucidate how these strategies

make our framework more robust, and present additional experimental

results on medical report generation benchmarks, including the largest

dataset MIMIC-CXR.

• In Chapter 5, we address the difficulty in capturing fine-grained vi-

sual differences in radiographic images and the inadequacy of existing

methods in providing effective medical semantic features. We propose

a memory-augmented sparse attention block and a Medical Concepts

Generation Network (MCGN) to meet these challenges. Experimen-

tal validation on the MIMIC-CXR dataset shows the superiority of our

method over existing state-of-the-art solutions.

• In Chapter 6, we propose a pure transformer-based framework that en-

hances visual-textual alignment and multi-label diagnostic classifica-

tion for better report generation. We discuss novel mechanisms for
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embedding auxiliary objectives and term-weighting schemes, conclud-

ing with promising results on benchmark datasets.

• In Chapter 7, we explore the concept of "multi-expert joint diagnosis,"

introducing METransformer. This method utilizes multiple learnable

“expert” tokens for both the encoder and decoder stages in a transformer-

based architecture. We demonstrate how this approach outperforms

single-expert models on various benchmarks.

• In Chapter 8, we investigate the potential of Large Language Mod-

els (LLMs) for Radiology Report Generation (R2Gen). Introducing

R2GenGPT, we discuss how we align visual features with word em-

beddings from LLMs. We showcase the benefits of this approach in

terms of training efficiency and state-of-the-art performance.

• In Chapter 9, we conclude the thesis and discuss the future outlook.

1.3 Contributions

The main contributions of the thesis are summarized as follows.

• In Chapter 3, we develop a self-boosting framework integrating an

auxiliary task of image-text matching with medical report generation.

This tightly-coupled, mutually reinforcing approach improves the fine-

grained diagnostic capabilities of generated reports. The method intro-

duces a new loss term for evaluating feature similarity between gener-

ated and ground-truth reports.

• In Chapter 4, we extend the self-boosting framework to focus on the

fine-grained characteristics of diagnostic captioning. We introduce a

sample-graph consistency loss to enforce consistent visual and textural

feature embeddings.

• In Chapter 5, we introduce a bilinear-pooling-assisted sparse attention

block embedded in a transformer network to enhance the capture of
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fine-grained visual differences in radiographic images. We also pro-

pose a medical concepts generation network to enrich semantic infor-

mation for radiographic report generation.

• In Chapter 6, we pioneer the use of a pure transformer model for medi-

cal report generation, breaking away from the conventional CNN-based

methods. We incorporate a multi-criteria supervision scheme that in-

cludes an image-text matching loss for semantic coherence and a term-

weighting scheme coupled with multi-label classification for captur-

ing critical diagnostic information. This innovative approach maintains

simplicity without altering the transformer structure.

• In Chapter 7, we introduce METransformer, a novel "multi-expert joint

diagnosis" framework for radiology report generation. Through the use

of learnable expert tokens and both linear and non-linear attentions, the

model learns complementary representations. This carefully designed

ensemble-like approach outperforms traditional ensemble methods in

both efficiency and performance.

• In Chapter 8, we present R2GenGPT, a novel framework utilizing pre-

trained large language models (LLMs) for the Radiology report gener-

ation task. The framework introduces three methods—shallow align-

ment, delta alignment, and deep alignment—for effectively integrating

visual information into LLMs.

• Across all chapters, each of the proposed frameworks and methods

has been extensively validated and has set new performance standards

on various widely-used benchmarks, including but not limited to the

MIMIC-CXR and IU-Xray datasets. They consistently demonstrate

superior performance and hold promising potential for further advance-

ments in the field of Radiology report generation.



CHAPTER 2

Literature Review

2.1 Image Captioning

Natural image captioning task aims at automatically generating sentence de-

scription for the given image. A broad collection of methods was proposed in

the last few years (Karpathy and Fei-Fei, 2015; Vinyals et al., 2015; Donahue

et al., 2015; Xu et al., 2015; You et al., 2016; Yang et al., 2016; Lu et al.,

2017; Rennie et al., 2017; Liu et al., 2017; Anderson et al., 2018; Cornia et

al., 2020; Zhou et al., 2020; Pan et al., 2020). Most of them adopt the encoder-

decoder architecture, employing CNN as the encoder to extract the visual feature

of the image and RNN as the decoder to produce image description. Among

these methods, Show-Tell (Vinyals et al., 2015) is the most canonical neural

image captioning model, which provides an end-to-end framework by feeding

the image features extracted by CNN as the input of the LSTM (Hochreiter and

Schmidhuber, 1997) to produce image captions. On the basis of this framework,

inspired by human brain’s attention, several methods have proposed the atten-

tion mechanism (Xu et al., 2015; You et al., 2016; Yang et al., 2016; Lu et al.,

2017), allowing the model to automatically learn to fix its gaze on salient objects

while generating the corresponding words in the output sequence. For example,

in (Lu et al., 2017) an adaptive attention model was proposed to automatically

switch the focus between visual signals and the language model; in (Anderson

et al., 2018) a combined bottom-up and top-down attention mechanism calcu-

lated attention at the level of objects and salient regions. Also, in a very recent

work in (Zhou et al., 2020), it was proposed to learn attention from an additional
9
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image-text matching task and use it to regularize the image captioning task. Al-

though this work is close to our work in utilizing image-text matching for image

captioning, they are substantially different as explained in Section 3.2.5. The

superiority of our method over (Zhou et al., 2020) has also been verified in our

experiment. In addition to developing attention models, other image caption-

ing works also explore how to advance the image encoder and text decoder. To

improve the image encoder, the methods (Yao et al., 2018; Yang et al., 2019)

explicitly considered the visual relationship of the detected image regions by

constructing graphical convolutional network (GCN) or scene graph. To im-

prove the text decoder, in (Krause et al., 2017) a hierarchically structured RNN

was developed to cater for paragraph generation and the work in (Pan et al.,

2020) proposed a X-Linear attention block and integrated it into image caption-

ing structures to selectively capitalize on visual information. Recently, Trans-

former model (Vaswani et al., 2017) has been proposed to improve the limited

representation power of RNN, and has been used in image captioning tasks to

replace RNN as the text decoder (Cornia et al., 2020). Moreover, recently Re-

inforcement Learning has also been introduced to train the non-differentiable

captioning metrics (Rennie et al., 2017; Liu et al., 2017; Pasunuru and Bansal,

2017) for improvement.

Despite recent advancements in image captioning, a notable decline in perfor-

mance is often observed when directly applying these techniques to the genera-

tion of medical reports. This is primarily due to the unique challenges inherent

in radiology report generation, as opposed to general image captioning, which

we have discussed in Section 1.1. In the following section, we will explore how

current approaches in radiology report generation have been refined to effec-

tively address these challenges.
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2.2 Radiology report generation

Radiology Expert Reporting and Interpretation Process The creation of a

radiology report is the culmination of a nuanced interpretive process, blending

scientific acumen with communicative precision (Waite et al., 2019). When a

radiologist examines a radiographic image, the task involves an intricate analy-

sis that goes beyond mere observation. Each image is carefully scrutinized; the

radiologist must discern subtle variations in tissue density, structure alignment,

and other radiographic signs that may indicate underlying pathology (Hosny et

al., 2018).

To systematically construct the report, the radiologist first documents the ’Find-

ings’. This involves a detailed description of each radiographic feature noted,

which may include the size, shape, location, and any changes from previous

studies. The language used is specific and standardized, minimizing ambiguity

and ensuring consistency across the medical field.

Following the objective documentation of findings, the radiologist engages in

a higher level of cognitive synthesis to craft the ’Impression’ section. This is

where interpretative skill is paramount, as the radiologist must integrate the

findings with clinical knowledge to form a diagnostic hypothesis. The impres-

sion provides a concise summary that highlights the most clinically significant

aspects of the findings, offers a possible diagnosis, and sometimes includes a

differential diagnosis when multiple conditions could explain the radiographic

findings (Alexander et al., 2020; Hartung et al., 2020).

Furthermore, the impression may offer recommendations for further investiga-

tions, such as additional imaging studies, laboratory tests, or clinical follow-up,

providing a clear direction for subsequent patient care. These recommendations

are formulated based on the radiologist’s experience, the current clinical sce-

nario, and the latest medical guidelines and research findings.
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AI-Driven Advances in Radiology Report Generation Radiology report gen-

eration has witnessed significant advancements propelled by novel model archi-

tectures and the infusion of specialized domain knowledge. One of the main-

stays in this domain has been the hierarchical Long Short-Term Memory (LSTM)

networks (Jing et al., 2018; Yuan et al., 2019; Yin et al., 2019; Wang et al.,

2021). For instance, Jing et al.(Jing et al., 2018) innovated a hierarchical model

integrated with a co-attention mechanism and multi-task learning to automate

keyword prediction, facilitating the generation of longer paragraphs. This strand

of research is paralleled by the work of Yin et al.(Yin et al., 2019), who intro-

duced a topic-matching mechanism for better semantic alignment between sen-

tences. Contributions from Xue et al.(Xue et al., 2018; Xue and Huang, 2019)

further complement the hierarchical LSTM architecture. Xue et al. presented

a model involving a generative sentence model and a recurrent paragraph gen-

erative model to dynamically produce text (Xue et al., 2018; Xue and Huang,

2019).

Moving beyond LSTM-based architectures, an emerging trend is the adoption

of Transformer models as text decoders (Chen et al., 2020b; Liu et al., 2021a;

You et al., 2021). Notably, Chen et al. (Chen et al., 2020b) designed a memory-

driven Transformer to capture key information during the report generation pro-

cess.

A parallel line of research has aimed to integrate domain knowledge, particu-

larly through knowledge graphs (Zhang et al., 2020; Yang et al., 2021a; Yang et

al., 2021b; Liu et al., 2021b; Li et al., 2019a; Liu et al., 2021a; Li et al., 2023a;

Huang et al., 2023). For example, Yang et al.(Yang et al., 2021a) and Liu et

al.(Liu et al., 2021b) dynamically update medical knowledge bases to augment

visual feature extraction. Similarly, Zhang et al.(Zhang et al., 2020) and Liu

et al.(Liu et al., 2021a) employ pre-constructed graphs to represent relation-

ships between diseases and organs, facilitating more effective feature learning

for identifying abnormalities.
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Furthermore, multi-task learning strategies like multi-label classification have

also been introduced to guide report generation (Jing et al., 2018; Wang et al.,

2022c; Wang et al., 2022b; Jin et al., 2023; Tanida et al., 2023). Jing et al. (Jing

et al., 2018) initially connected an image encoder’s output to a disease clas-

sification network, and then used the prediction results as the LSTM’s hidden

states to guide the generation of the report. Wang et al.(Wang et al., 2022c) even

mined high-frequency medical terms from RadGraph(Jain et al., 2021) to train a

multi-label classification network, the outputs of which were then incorporated

into the decoding process.

The collective thrust of these developments showcases a multidisciplinary effort

to push the boundaries of automated medical report generation, employing both

innovative machine learning techniques and domain-specific knowledge for im-

proved performance and reliability.

2.3 Transformers

Transformers have achieved state-of-the-art (SOTA) results not only in various

natural language processing tasks but also in computer vision (Dosovitskiy et

al., 2021). The architecture has been particularly effective in image captioning,

with seminal works employing the model to exploit both semantic and visual

information (Yu et al., 2019; Li et al., 2019b; He et al., 2020; Herdade et al.,

2019; Cornia et al., 2020). Marcella et al.’s mesh-connected transformer frame-

work (Cornia et al., 2020) stands out for its unique use of each encoder layer’s

output as input for each decoder layer. Similarly, an entangled attention module

was proposed in (Li et al., 2019b) to allow the transformer to consider both vi-

sual and semantic information concurrently. Despite these advancements in the

general image captioning domain, the application of transformers in medical

report generation is still nascent but promising (Chen et al., 2020b; Liu et al.,

2021a). Chen et al.(Chen et al., 2020b) introduced a memory-driven transformer
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specifically for Chest X-ray report generation, incorporating a relational mem-

ory module to recall information from previous stages of the generation process.

Another recent work(Liu et al., 2021a) innovatively constructed three separate

transformer networks to explore and distill both posterior and prior knowledge

for medical report generation. Interestingly, although most image captioning

approaches still rely on convolutional neural networks (CNNs) to extract vi-

sual features (Yu et al., 2019; Li et al., 2019b; He et al., 2020; Herdade et al.,

2019; Cornia et al., 2020), the work by Dosovitskiy et al. (Dosovitskiy et al.,

2021) demonstrated that a pure transformer could attain SOTA performance in

image classification tasks, opening up new avenues for exploration in vision-to-

language tasks, particularly for medical report generation.

2.4 Image-Text Matching

Image-text matching aims to assess the visual-semantic similarity between tex-

tual and visual elements, and has proven integral in various applications includ-

ing image captioning and medical report generation. This section is particu-

larly pertinent to Chapter 3, Chapter 4, and Chapter 6 of this thesis, where

we leverage image-text matching networks to enhance the performance of

radiology report generation. The mainstay approach for this task involves

projecting both image and text features into a unified semantic space, where

similarity metrics such as cosine distance are applied (Kiros et al., 2014; Wang

et al., 2016; Faghri et al., 2018). Methods in this field predominantly fall un-

der two categories: those that employ global representations (Kiros et al., 2014;

Wang et al., 2016; Faghri et al., 2018) and those that focus on local, attention-

based representations like SCAN (Lee et al., 2018; Liu et al., 2019; Wang et

al., 2020). SCAN’s attention mechanism, in particular, has been adapted to en-

rich image captioning tasks (Zhou et al., 2020). Unlike the approach in (Zhou

et al., 2020), where the two tasks are trained independently, in the Chapter 3

and Chapter 4, our work leverages a unified network model for both image-text



2.5 LARGE LANGUAGE MODELS 15

matching and report generation, enabling a more synergistic learning of textual

and visual features. Recently, transformers have been introduced into the image-

text matching domain (Chen et al., 2020a), using unified transformer encoders

to process both image and text features. However, our method in Chapter 6

takes it a step further by employing both the encoder and decoder aspects of

the transformer, facilitating a nuanced approach that addresses the complexities

of both image-text matching and medical report generation within a singular

framework.

2.5 Large language Models

Recently, there has been a surge of interest in Large Language Models (LLMs)

due to their superior efficacy in a wide array of Natural Language Processing

(NLP) tasks. This section is especially relevant to Chapter 8, where we in-

vestigate the use of Large Language Models in the generation of radiol-

ogy reports. This began with transformer models like BERT (Su et al., 2020),

GPT (Radford et al., 2018), and T5 (Raffel et al., 2020), each designed with

distinct pre-training objectives. The introduction of GPT-3 (Brown et al., 2020)

marked a significant shift, demonstrating the model’s impressive zero-shot gen-

eralization capabilities, owed to a scaled-up parameter and data volume, which

allowed it to excel in tasks it had not previously encountered. This catalyzed the

development of several LLMs such as OPT (Zhang et al., 2022), BLOOM (Scao

et al., 2022), PaLM (Chowdhery et al., 2022), and LLaMA (Touvron et al.,

2023), heralding the triumph of LLMs. In a parallel endeavor, Ouyang et al. (Ouyang

et al., 2022) introduced InstructGPT, which brought human instruction and feed-

back into alignment with GPT-3. These advancements have been leveraged by

applications like ChatGPT, which enables human-like dialogue interactions by

responding to a vast spectrum of complex and nuanced questions and instruc-

tions.



CHAPTER 3

A Self-boosting Framework for Automated Radiographic

Report Generation

Automated radiographic report generation is a challenging task since it requires

to generate paragraphs describing fine-grained visual differences of cases, espe-

cially for those between the diseased and the healthy. Existing image captioning

methods commonly target at generic images, and lack mechanism to meet this

requirement. To bridge this gap, in this chapter, we propose a self-boosting

framework that improves radiographic report generation based on the cooper-

ation of the main task of report generation and an auxiliary task of image-text

matching. The two tasks are built as the two branches of a network model

and influence each other in a cooperative way. On one hand, the image-text

matching branch helps to learn highly text-correlated visual features for the re-

port generation branch to output high quality reports. One the other hand, the

improved reports produced by the report generation branch provide additional

harder samples for the image-text matching branch and enforce the latter to im-

prove itself by learning better visual and text feature representations. This, in

turn, helps improve the report generation branch again. These two branches

are jointly trained to help improve each other iteratively and progressively, so

that the whole model is self-boosted without requiring external resources. Ad-

ditionally, in the loss function, our model evaluates the quality of the generated

reports not only on the word similarity as common approaches do (via min-

imizing a cross-entropy loss), but also on the feature similarity at high-level,

16
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which is provided by the report encoder of the image-text matching branch. Ex-

perimental results demonstrate the effectiveness of our method on two public

datasets, showing its superior performance over multiple state-of-the-art image

captioning and medical report generation methods.

3.1 Introduction

The rising demand for radiologists to interpret an ever-increasing volume of

medical images has made automated medical report generation an essential area

of research. While traditional image captioning techniques offer some promise,

when directly applying image captioners for medical report generation, there is

often a visible performance decline. This is because compared with generic im-

ages, radiographic images are more similar to each other and fine-grained visual

differences, such as the findings of clinic importance, need to be narrated. This

requires further tightening the visual and text representations. In addition to

linking image and text by attention mechanism, some medical report generation

methods (Jing et al., 2018; Yin et al., 2019) additionally train classifiers to learn

visual representations by predicting tags of medical reports or disease-class la-

bels. This often requires additional annotations and external medical datasets or

knowledge, which are task-specific and often unavailable, limiting the general-

ization of these methods. Moreover, either tags or disease classes only sparsely

cover the reports’ information, leading to relatively loosely correlated visual and

text features.

To bridge this gap, in this chapter, we propose a self-boosting framework to pro-

mote radiographic report generation. It utilizes an auxiliary task to predict the

match of an image-report pair (i.e., image-text matching) by explicitly learning

strongly correlated visual and text features. These features could better serve

the fine-grained recognition task in radiographic report generation. More im-

portantly, the auxiliary image-text matching task is deeply coupled with the
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main report generation task through our proposed self-boosting framework so

that these two tasks could mutually and progressively boost each other via the

cooperative interactions between them. Specifically, these two tasks are built as

two branches of a neural network model and jointly trained. During the training

iterations, the image-text matching branch provides better features to the report

generation branch to generate ground-truth-like reports, and these improved re-

ports, in turn, serve as additional harder samples to push the image-text match-

ing branch to become stronger by learning better features. In this way, the whole

network is gradually self-boosted and improves the ultimate report generation

performance.

Our main contributions are summarized as follows.

First, we utilize an auxiliary task of image-text matching to help learn text-

correlated visual features that could help capture the fine-grained visual differ-

ences of diagnostic importance. This improves the main task of report gen-

eration without requiring additional annotations, external medical datasets, or

external task-specific knowledge.

Secondly and more importantly, we propose a self-boosting framework that

leverages the cooperation between image-text matching and report generation to

mutually boost each other progressively. These two tasks are tightly coupled and

jointly trained, while the stronger features learned by image-text matching help

improve report generation, and the improved reports, as additional harder sam-

ples, in turn enforce image-text matching to continue improving feature learning

so that the finer mismatch between an image and its generated report could be

identified.

Third, additionally utilizing image-text matching also allows us to learn an ef-

fective text feature extractor, which is used to evaluate the feature similarity

between the generated reports and the ground-truth, providing a new loss term

to further promote the report generation.
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Fourth, our approach shows promising performance on two benchmarks, gener-

ating reports from both classic Chest X-ray images and CT images with COVID-

19.

3.2 Method

In this section, we first give an overview of the proposed model. Then two

important branches of our model, i.e., image-text matching and medical report

generation, are presented. Following that, we describe how these two branches

achieve joint training and mutual improvement.

3.2.1 Overview

A typical radiographic report consists of a conclusive “impression” part and a

descriptive “finding” part. Taking a medical image as input, our model generates

a long-paragraph diagnostic report with both parts. As mentioned in Section 3.1,

our model improves report generation by taking advantage of the interactions

between the main task of report generation and the auxiliary task of image-text

matching. Our model is trained in a self-boosting manner.

Figure 3.1 provides an overview about our framework. In general, our model

consists of two entangled branches: medical report generation (main task) and

image-text matching (auxiliary task). As for the main task, our report genera-

tion branch (RG-branch) follows the encoder-decoder architecture. The visual

encoder detects image regions with an unsupervised method, extracts regional

features using CNN, and refines these visual features based on the regional rela-

tionships learnt through self-attention. The text decoder takes the refined visual

features as input, passes them through a hierarchical LSTM model catering for

both the topic-level and word-level decoding, and generates the final paragraph-

ical report. As for the auxiliary task, taking the image-report pairs as input, our
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Figure 3.1. An overview of the proposed framework comprising of a medical report
generation branch (RG-branch, the gray part) and an auxiliary image-text matching
branch (ITM-branch, the green part). RG-branch consists of two components: a region-
level image encoder (shared with ITM-branch) to extract visual features from medical
images, and a hierarchical LSTM to generate diagnose reports. ITM-branch consists
of an image encoder (shared with RG-branch) and a report encoder based on Sentence-
BERT. It compares the similarity of visual and text features for match. The two branches
are designed to have cooperative interactions during training. ITM-branch provides
RG-branch text-correlated visual features for report generation and its report encoder
for measuring the feature level loss of the generated reports. In turn, with the improved
generated reports, RG-branch supplies ITM-branch harder and harder samples to force
the latter to evolve for better feature learning. In this way, the whole model is self-
boosted.

image-text matching branch (ITM-branch) consists of an image encoder and a

report encoder, learning the visual and the text features, respectively, in order to

predict if the input image and report match each other.

The two branches interact with each other in three ways. First, they share the

visual encoder, so that the text-correlated visual features learned by ITM-branch

could also be utilized to improve the RG-branch to generate high-quality reports.

Second, the report encoder learnt by the ITM-branch is also utilized by the RG-

branch to evaluate and minimize the feature-level loss between the generated

and the ground-truth reports. Third, during the training, the improved reports

generated by RG-branch are passed to the ITM-branch as additional harder sam-

ples, which enforces the ITM-branch to improve itself by enhancing the feature
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learning. These three interactions last for the training course, making the whole

model gradually boost itself. At inference stage, only RG-branch is used, which

receives a test image and generates the corresponding report.

3.2.2 Report Generation (RG) Branch

The ultimate target of our model is to generate ground-truth-like diagnostic re-

ports from radiographic images. Therefore, report generation is our main task.

Like most image-captioning methods, our RG-branch consists of a visual en-

coder and a successive text decoder, with enhanced characteristics. They are

elaborated as follows.

Visual encoder Although some generic image captioners use Faster R-CNN (Ren

et al., 2017a) to encode image regions at object-level, existing medical report

generation methods extract visual features from the whole image rather than

image regions, due to the lack of supervised information. Differently, given an

input image of size 3 × H × W , we employ the selective search algorithm to

generate region proposals unsupervisely, and then refine these region proposals

by: 1) excluding regions smaller than 2000 pixels; 2) excluding regions where

the background ratio exceeds 70%. This leads to roughly M = 30 regions

for one image. After that, we adopt ResNet-101 to produce a set of vectors

v1, · · · , vM ∈ RD with a dimention D = 2048 for each region. Compared with

image-level features, using regional features can “look closer” to the image,

thus better suits the fine-grained pattern description. It is found that modeling

region relationship is beneficial for visual representation. Unlike some image-

captioning methods (Yao et al., 2018; Yang et al., 2019) that rely on the Visual

Genome dataset to learn GCN or scene graph for generic images, we employ

self-attention (Vaswani et al., 2017) to learn the relationships among regions

and transform regional visual features V into relationship-enhanced ones Vh

for refinement. These relationship-enhanced regional features are then passed
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through a region pooling layer to generate the pooled vector vp. We further in-

put the pooled vector vp through a 2048-dimensional fully-connected layer to

produce the final representation: If = Wfvp + bf . The output of the visual

encoder If is then sent to the text decoder in RG-branch for report generation,

as well as to ITM-branch for predicting image-text matching.

Text decoder To generate paragraphical report, we adopt a hierarchical struc-

tured LSTM, which includes a sentence LSTM and a word LSTM (Krause et

al., 2017). The sentence LSTM takes the visual features as input, produces a

topic vector for each sentence in the report paragraph, and determines when to

stop generating the topic vector. Those topic vectors are then fed into the word

LSTM to produce the sentences. More details are as follows.

The sentence LSTM is a single layer LSTM with a hidden size H = 512. It

takes the image feature If as input, and in turn generates a sequence of hidden

states h1 · · ·hN ∈ RH , one for each sentence in the paragraph: hi+1, ci+1 =

LSTM(If , (hi, ci)), i ∈ {0, · · · , N − 1}, where ci denotes the memory cells

of LSTM, and N is the number of sentences in the paragraph. Based on the hid-

den state hi, a topic vector ti ∈ RP is obtained as: ti = tanh(Wthi+bt) i ∈

{1, · · · , N}. In addition, the hidden state hi is also mapped from H dimension

to two dimension by a linear projection to produce a probability qi through a

sigmoid function, determining whether the ith sentence is the last sentence in

the paragraph. qi can be learnt by minimizing the cross entropy loss for a binary

classification of being continued or not. In our work, when the “impression”

part is available in the reports, we further use this information to guide the gen-

eration of the topic vectors, since “impression” implies a global topic about the

report. Specifically, a single layer LSTM is first trained to generate “impres-

sion”, and then the attained weights are utilized to initialize the weights of the

sentence LSTM.
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The word LSTM is also a single layer LSTM with hidden size H = 512 and the

initial hidden and cell states of the word LSTM are set to zero. It takes the topic

vectors produced by the sentence LSTM as the input and generates detailed

sentences. Given the ith topic ti, the hidden and cell states of the word LSTM

are updated by hi+1, ci+1 = LSTM(s
(i)
j−1, (hi, ci)), where j ∈ {0, · · · ,M + 2},

and M is the number of word in ith sentence. It should be noted, when j = 0,

si−1 represents the topic vector ti; when j > 0, sij represents the word embedding

of the jth word in the ith sentence. In particular, s0 and sM+1 represent the word

embedding of the special token ⟨start⟩ and ⟨end⟩ respectively. After obtaining

the hidden state of word LSTM, the probability pij = Softmax(Wphj + bp)

can be learnt, predicting the probability of jth word in ith sentence, where i ∈

{1, · · · ,M} , j ∈ {1, · · · , N}.

Loss function Most image captioning and medical report generation methods

construct the loss functions evaluating the difference between the generated and

the ground-truth reports at the word-level (cross-entropy based loss).

In this chapter, we further argue that a generated report with high-quality should

also be similar to the ground-truth at the semantic feature levels. That is, they

should stay similar after they are passed through a text feature extractor pro-

ducing features corresponding to high-level semantics. In our work, such a text

feature extractor could be readily achieved by utilizing the report encoder learnt

in the auxiliary ITM-branch, which is well trained to effectively encode the most

critical text features correlated to the visual contents. Specifically, given K re-

ports, the loss function used in our RG-branch consists of two terms as follows:

LRG = λCE

K∑
k=1

L(k)
CE + λfeat

K∑
k=1

L(k)
feat, (3.1)

where λCE and λfeat are hyper-parameters balancing the two terms.

The first loss term L(k)
CE is the cross-entropy loss used to measure the word-

level difference for the kth report. Since we use a hierarchical LSTM as the
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text decoder, the L(k)
CE is the sum of the cross-entropy loss L(k)

S of the sentence

LSTM and the cross-entropy loss L(k)
W of the word LSTM. The loss L(k)

S =

−
∑N

i=0

[
l
(k)
i · log(q(k)i ) + (1− l

(k)
i ) · log(1− q

(k)
i ))

]
, where q(k)i and l

(k)
i are the

predicted and the ground-truth labels, respectively, indicating if the ith sentence

is the last sentence in the kth report. The loss L(k)
W = −

∑N
i=1

∑M
j=1 y

(k)
ij log(p

(k)
ij ),

where y
(k)
ij refers to the ground-truth and p

(k)
ij refers to the prediction of the jth

word in the ith sentence within the kth report.

The second loss term L(k)
feat =∥ ΦITM−R(T̂(k)) − ΦITM−R(T(k)) ∥2 measures

the difference at the feature level, where T̂(k) and T(k) are the predicted para-

graph and the ground-truth for the kth report, respectively. Here the mapping

ΦITM−R(·) denotes the embedding function of the report encoder in ITM-branch

(see Section 3.2.3 for more details), which is highly nonlinear.

In addition, following literature (Rennie et al., 2017), we also apply reinforce-

ment learning with CIDEr as the reward to further boost the performance of our

RG-branch.

3.2.3 Image-Text Matching (ITM) Branch

To promote the main task of report generation, we also introduce an auxiliary

task of image-text matching to learn highly correlated visual and text features.

Our ITM-branch takes an image-report pair as input and tells whether the image

and the report match. It consists of an image encoder and a report encoder,

detailed as follows.

Image encoder Our ITM-branch shares its image encoder with our RG-branch.

As mentioned above, the image encoder extracts visual features from regions,

refines these features with regional relationship, and outputs the image repre-

sentation on top of an additional region pooling. It is worth mentioning that,

sharing the image encoder between ITM-branch and RG-branch enables our



3.2 METHOD 25

model to both learn image-text correlated features and fine-tune these features

for the main report generation task.

Report encoder We considered BERT’s (Devlin et al., 2019) model as the re-

port encoder, which is a multi-layer bidirectional Transformer (Vaswani et al.,

2017) and has set a new state-of-the-art performance on various NLP tasks.

However, we do not directly use the vanilla BERT. As mentioned, the report

encoder in ITM-branch is also employed by RG-branch to compare the feature

similarity between the generated and the ground-truth reports. Taking this into

account, we adapt a

Sentence-BERT (Reimers and Gurevych, 2019) model to constructing our re-

port encoder, because Sentence-BERT employed a siamese and triplet network

structure (Schroff et al., 2015) for BERT, making it more suitable to derive se-

mantically meaningful sentence embeddings.

Sentence-BERT has been well pre-trained on two large broad-coverage cor-

pus (Bowman et al., 2015; Williams et al., 2018) for various textual similar-

ity tasks. Moreover, on top of the pretrained Sentence-BERT, we stack an-

other fully connected layer to fine-tune the text features towards our image-text

matching task and generate a text feature embedding Tf that has the same di-

mension as the image feature embedding If output by the image encoder. In

sum, Tf = ΦITM−R(T) = σ(WR × Sent-Bert(T)), where σ(·) is the sigmoid

function.

Loss function Based on the image feature embedding If and the text feature

embedding Tf , we minimize a triplet loss similar to that in (Faghri et al., 2018;

Lee et al., 2018) as follows.

Lmatch = [α− S(If ,Tf ) + S(If , T̄f )]++

[α− S(If ,Tf ) + S(Īf ,Tf )]+ ,
(3.2)
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where S(If ,Tf ) =
If ·Tf

∥If∥·∥Tf∥ , measuring the cosine similarity between the

image and the text features. The symbol [·]+ denotes the function [x]+ =

max(x, 0); and α serves as a margin parameter. T̄f and Īf represent the hard-

est negative samples (Faghri et al., 2018) in a mini-batch for the positive pair

(If ,Tf ).

Minimizing this triple loss requires that the distance from If to Tf be smaller

than that from If to T̄f by a margin α, and vice versa.

Moreover, it is noticed that negative mining (Faghri et al., 2018) has a crucial

impact on the performance of the image-text matching. In our model, we uti-

lize the generated reports from RG-branch as hard negative samples to further

improve ITM-branch. As the quality of the generated reports improves over

iterations, they become more and more similar to the ground-truth ones, and

therefore harder and harder to be differentiated by ITM-branch. When they are

used to gradually join the training of image-text matching task, ITM-branch will

be enforced to enhance its feature learning so that even finer mismatch between

the image and the report could be identified. For this purpose, we additionally

introduce a self-boosted triplet loss as follows:

Lmatch−gen = [α− S(If ,Tf ) + S(If ,T
g
f )]++

[α− S(If ,T
g
f ) + S(If , T̄f )],

(3.3)

where Tg
f refers to the text embedding of the generated report from RG-branch

and other symbols remain the same as used in Eqn. 3.2. Minimizing this self-

boosted triplet loss enforces ITM-branch to learn effective feature embedding

so that in the embedding space, the generated report Tg
f stays closer to its cor-

responding image If than other reports T̄f ; at the same time Tg
f is still farther

than its ground-truth Tf to the image If in order to enforce ITM-branch to dif-

ferentiate the generated and the ground-truth reports. During our training, the
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Lmatch−gen is only employed after k number of epochs since the generated re-

ports from RG-branch are of poor quality at the early iterations and they cannot

assist as hard samples.

3.2.4 Self-boosted Training

The overall objective function of our model combines the loss terms from both

RG-branch and ITM-branch:

Lall = λCELCE + λfeatLfeat + λITMLITM , (3.4)

where

LITM =

 Lmatch, epoch ∈ (0, k]

Lmatch−gen, epoch ∈ (k,N ]
(3.5)

The hyper-parameters λCE , λfeat, and λITM are simply set to balance the three

loss terms, and their values are given in Section 3.3. For a detailed experimental

analysis of the hyperparameter k, please refer to Table 4.8

To simplify the optimization, we update RG-branch and ITM-branch in an alter-

native way. That is, in some iterations we fix RG-branch and learn ITM-branch,

and in next iterations we fix ITM-branch and learn RG-branch. This pattern

is repeated throughout the whole training procedure. Please note that, as the

two branches are highly entangled in our model, the update of ITM-branch will

affect the visual encoder and the loss of RG-branch; while the update of RG-

branch will affect the image encoder of ITM-branch and generate harder sam-

ples to the latter. In this way, our training ends up with a self-boosting manner:

the improvement of ITM-branch enhances RG-branch and the improvement of

RG-branch in turn pushes ITM-branch to evolve.
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At the first glance, the interaction between our RG-branch and ITM-branch re-

sembles that observed in Generative Adversarial Networks (GANs). Our RG-

branch is like the generator that produces realistic reports while our ITM-branch

is like the discriminator that differentiates the generated and the ground-truth re-

ports. However, we would like to point out that our self-boosting mechanism

is essentially different from the adversarial training in GANs. First, our RG-

branch and ITM-branch do not compete but help with each other. On the con-

trary, GANs play the two-player min-max game between the generator and the

discriminator so that the generator minimizes the reward of the discriminator.

Such adversarial loss is not used in our approach. Second, in most GANs (if

not all), the generator and the discriminator are two separated networks linked

by the adversarial loss, while our RG-branch and ITM-branch share their vi-

sual/image encoder as one way of communication.

3.2.5 Remarks

It is noticed that in a very recent work (Zhou et al., 2020), the image-text match-

ing was also used to help image captioning, however, in a substantially differ-

ent way as ours. In (Zhou et al., 2020) the attentions pretrained by image-text

matching are used to regularize the attentions used in report generation, while

we communicate the visual and text features between the two tasks throughout

the training. Moreover, in (Zhou et al., 2020) the image-text matching and report

generation are two separate steps and they are not tightly coupled and interact

with each other, which is in a sharp contrast to our self-boosting framework.

We also experimentally compare these two methods in Section 3.3. Our results

clearly exhibit the superiority of our learning strategy over that of (Zhou et al.,

2020) by communicating both the features and the generated samples between

the two tasks for progressive mutual improvement.
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3.3 Experiments

3.3.1 Datasets

In this experiment, two datasets are used for the performance evaluation. One

(IU-Xray) represents the most widely used benchmark for medical report gen-

eration, while the other (COV-CTR) is employed to validate model performance

on the newly discovered disease COVID-19.

IU-Xray Indiana University Chest X-ray Collection (IU-Xray) (Demner-Fushman

et al., 2016) is the most widely used publicly accessible dataset in medical re-

port generation task. It contains 3955 fully de-identified radiology reports, each

of which is associated with a frontal and/or lateral chest X-ray images, and

7470 chest X-ray images in total. Each report is comprised of several sections:

Impression, Findings and Indication etc. In this work, we filtered out reports

without two complete image views or without complete sections of “findings”

and “impression”, resulting in a smaller dataset with 3195 reports associated

with 6390 images. We tokenized all the words in “findings” and “impression”

and obtained 2076 unique words. In addition, two special tokens, ⟨start⟩ and

⟨end⟩, are added to indicate the start and the end of a sentence. We randomly

picked 311 (10%) reports to form the test set, which is comparable to the works

in the literature (Jing et al., 2018; Xue et al., 2018). All evaluations are done on

the test set.

COV-CTR COVID-19 CT Report dataset (COV-CTR)(Li et al., 2023b) con-

tains lungs CT images paired with their corresponding diagnostic chinese re-

ports, in which the lungs CT images are collected by (Yang et al., 2020a) during

the outbreak time of COVID-19 and Li et al.(Li et al., 2023b) provided the

corresponding diagnostic report, constructing a new medical report dataset. The

COV-CTR dataset includes 728 images in total, in which 349 for COVID-19 and
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379 for Non-COVID. We used the “jieba” software tool1 to tokenize all report

words, leading to 328 unique words or phrases in total. For a fair comparison,

we follow (Li et al., 2023b) to randomly split the data into training, validation,

and test sets with the radio 7:1:2.

3.3.2 Experimental Settings

Evaluation Metrics To evaluate the quality of the generated text report, we

utilize the widely used BLEU scores(Papineni et al., 2002), ROUGE-L(Lin,

2004) and CIDER(Vedantam et al., 2015) as evaluation metric. We compute

those metrics by the standard image captioning evaluation tool2.

Implementation Details We use the paired data as the input for IU-Xray dataset

and concatenate the features of frontal and lateral images. The margin parameter

α in Eqn. 3.2 and 3.3 is set to 0.2 and λCE, λfeat, λITM = 2, 10, 1 in Eqn. 3.4,

respectively. The word embedding size and topic vector size were respectively

set to 300 and 512. We train our model using Adam optimizer (Kingma and

Ba, 2015) with mini-batch size of 16. The learning rate are set to be 0.0001 and

0.0002, respectively, for RG-branch and ITM-branch with a total 30 epochs. We

set k = 10 in Eqn. 3.3, training ITM branch with the regular triplet loss for the

first 10 epochs and the self-boosted triple loss for the rest.

3.3.3 Results and Discussion

Comparison with SOTA We compare our model with 7 state-of-the-art im-

age captioning methods. These include the classic model Show-tell (Vinyals

et al., 2015), different attention-based methods including AdaAtt (Lu et al.,

2017), Att2in (Anderson et al., 2018), and Topdown (Rennie et al., 2017),

methods using advanced NLP models including Transformer (Devlin et al.,

1https://github.com/fxsjy/jieba
2https://github.com/tylin/coco-caption
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Table 3.1. Comparison on IU-Xray (upper part) and COV-CTR datasets (lower part).
† indicates the results are quoted from the published literature. Specifically, we quote
the results from (Li et al., 2019a) for IU-xray, and from (Li et al., 2023b) for COV-
CTR. For other methods in comparison, their results are obtained by re-running the
publicly released codes on these two datasets using the same training-test partition as
our method.

Dataset Methods BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE CIDEr
Show-Tell 0.346 0.214 0.141 0.095 0.320 0.239
Att2in 0.399 0.249 0.172 0.126 0.321 0.341
AdaAtt 0.436 0.288 0.203 0.150 0.354 0.265
Topdown 0.375 0.237 0.167 0.123 0.319 0.336
Transformer 0.422 0.264 0.177 0.120 0.338 0.268

IU-Xray M2transformer 0.463 0.318 0.214 0.155 0.335 0.349
Grounded 0.446 0.301 0.237 0.176 0.343 0.395
CoAtt† 0.455 0.288 0.205 0.154 0.369 0.277
HGRG-Agent† 0.438 0.298 0.208 0.151 0.322 0.343
KERP† 0.482 0.325 0.226 0.162 0.339 0.280
Ours 0.487 0.346 0.270 0.208 0.359 0.452
Show-Tell 0.665 0.613 0.578 0.549 0.684 0.631
Att2in 0.674 0.614 0.574 0.542 0.588 0.686
AdaAtt 0.689 0.636 0.596 0.563 0.709 0.729
Topdown 0.705 0.663 0.622 0.586 0.720 0.968
Transformer 0.683 0.636 0.590 0.558 0.719 0.721

COV-CTR M2transformer 0.733 0.662 0.620 0.582 0.750 1.289
Grounded 0.753 0.708 0.665 0.627 0.776 1.381
CoAtt† 0.709 0.645 0.603 0.552 0.718 0.672
Vision-BERT† 0.710 0.653 0.606 0.558 0.747 0.684
ASGK† 0.712 0.659 0.611 0.570 0.746 0.680
Ours 0.810 0.766 0.721 0.679 0.790 2.371

2019) and M2transformer (Cornia et al., 2020), and the very recent method

Grounded (Zhou et al., 2020) that also takes advantage of the image-text match-

ing task to improve image captioning but in a completely different manner as

ours. For these methods, we download the codes released publicly and re-run

them on these two datasets with the same experiment setting as ours. More-

over, we also compare with 3 state-of-the-art medical report generation mod-

els: CoAtt (Jing et al., 2018), HGRN-Agent (Li et al., 2018), KERP (Li et al.,

2019a). Since medical report generation models do not release the codes, we

have to quote their performance from (Li et al., 2019a) that is often referred to

in this field.
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Figure 3.2. Examples of the generated report on IU-xray(upper part) and COV-CTR
dataset (lower part). We compare our results with the ground truth report and the other
two methods: Show-Tell (Vinyals et al., 2015) and Grounded (Zhou et al., 2020). High-
lighted sentences are the key information in the ground truth report that is only gener-
ated by our method.

As shown in Table 3.1, on both datasets, our self-boosting method achieves the

best performance over almost all evaluation metrics among the comparing meth-

ods. The two very recent image captioning methods M2transformer (Cornia et

al., 2020) and Grounded (Zhou et al., 2020) perform better than other existing

methods, but still lose to ours. Especially, our advantages over Grounded (Zhou

et al., 2020) fully demonstrate the benefit to jointly train the two tasks of report

generation and image-text matching in our proposed self-boosting manner. It

is also noted that, our performance improvement on CIDEr is most significant.

Cross-referring to Table 3.2, even without the reinforcement learning on CIDEr

(denoted as Ours-RL), our method is still the best performer on CIDEr on both

datasets and the advantage is pronounced3. This is a positive sign for radio-

graphic reports, since CIDEr focuses on key information by down-weighting

the common words in all reports.

In addition, we also conduct qualitative comparison among our method, the

classic ShowTell model (Vinyals et al., 2015), and the most recent and closest

method of Grounded (Zhou et al., 2020). Two examples of the generated reports

are visually compared in Figure 3.2, one from each of the two datasets. A

3It is noted that Grounded (Zhou et al., 2020) also uses RL on CIDEr for refinement.
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wider visual comparison among more examples and methods is provided in our

supplement. Please note that COV-CTR reports are generated and evaluated

in Chinese.They are simply translated into English by Google Translate4 for

display. As can be observed, our proposed model can significantly improve the

quality of the generated reports, consistent with the above quantitative analysis.

For example, our generated report correctly describes “the osseous structures”

in the first example, and points out “the boundary is fuzzy” and “the density

is uneven” in the second example, while the other two methods missed such

information.

Dataset Model B@4 Rouge CIDEr
baseline 0.128 0.307 0.359
baseline+ITM 0.155 0.321 0.372
baseline+ITM+FLL 0.169 0.330 0.391

IU-Xray baseline+ITM+STL 0.176 0.345 0.418
Ours-RL 0.193 0.352 0.426
Ours 0.208 0.359 0.452
baseline 0.573 0.659 0.722
baseline+ITM 0.611 0.704 1.243

COV-CTR baseline+ITM+FLL 0.637 0.729 1.617
baseline+ITM+STL 0.658 0.761 1.953
Ours-RL 0.672 0.783 2.014
Ours 0.679 0.790 2.371

Table 3.2. Ablation studies. “Baseline” refers to RG-branch only. “ITM”, “FLL”,
“STL” and “RL” stand for “Image-Text Matching”, “Feature Level Loss” (Lfeat in
Eqn. 3.1), “Self-boosted Triplet Loss” (Eqn. 3.3), and “Reinforcement Learning”, re-
spectively. B@4 is the BLEU score uses 4-grams.

Ablation Study We conduce an ablation study to single out the contributions of

each component in our proposed method, as presented in Table 3.2. We take the

RG branch of our proposed pipeline as the baseline to verify the performance

improvements brought by ITM-branch and our self-boosted training strategy.

In Table 3.2, there are four components: ITM, FLL, STL and RL, representing

Image-Text matching, Feature-Level Loss, Self-boosted Loss and Reinforce-

ment Learning, respectively. The symbols “+” or “-” indicate the inclusion

or exclusion of the following component. The benefit of using the auxiliary
4https://translate.google.com/
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image-text matching task can be well reflected by the improvement from “base-

line” to “baseline+ITM”. As shown, the performance can be further boosted by

additionally utilizing feature-level loss (“baseline+ITM+FLL”) in RG-branch

and the self-boosted triplet loss (“baseline+ITM+STL”) in ITM-branch, proving

their indispensability in our proposed method. Moreover, as mentioned, even re-

moving the refinement by reinforcement learning, our model still significantly

outperforms the comparing methods in Table 3.1.

Hyper-Parameter Study A sensitivity analysis was conducted to assess the

impact of hyperparameters within the IU-Xray dataset. We fixed λITM = 1 and

adjusted λCE and λfeat by a factor of 1.5, both increasing and decreasing. Accord-

ing to the results presented in Table 3.3, our method consistently outperforms

all state-of-the-art (SOTA) methods listed in Table 3.1 on the IU-Xray dataset,

even when these hyperparameters are varied within a significantly broad range.

Table 3.3. Hyper-parameter study using IU-Xray (λITM = 1) . B@4 is the BLEU
score uses 4-grams.

λCE λfeat B@4 Rouge CIDEr
2.0 10.0 0.208 0.359 0.452
1.3 (2 / 1.5) 10.0 0.194 0.351 0.416
3.0 (2×1.5) 10.0 0.197 0.349 0.412
2.0 6.7 (10 / 1.5) 0.195 0.348 0.413
2.0 15.0 (10×1.5) 0.203 0.352 0.421
Best SOTA (Grounded (Zhou et al., 2020)) 0.176 0.343 0.395

3.4 Conclusions

In this work, we improve the diagnostic report generation by additionally utiliz-

ing an auxiliary image-text matching task to learn strongly correlated visual and

text features to describe fine-grained differences among radiographic images.

We show how to achieve this by deeply coupling the two tasks and encouraging

the cooperative interactions between them. By communicating the learned fea-

tures and the newly generated samples, the two tasks could mutually boost each
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other in a progressive way. As experimentally verified, our generated reports

could better capture the subtle but critical information in radiographic images.



CHAPTER 4

Diagnostic Captioning by Cooperative Task Interactions and

Sample-graph Consistency

Radiographic images are similar to each other, making it challenging for di-

agnostic captioning to narrate fine-grained visual differences of clinical impor-

tance. In this chapter, we propose a self-boosting framework integrating two

novel strategies to learn tightly correlated image and text features for diagnostic

captioning. The first strategy explicitly aligns image and text features through

training an auxiliary task of image-text matching (ITM) jointly with the main

task of report generation (RG) as two branches of a network model. The ITM

branch explicitly learns image-text alignment and provides highly correlated vi-

sual and textual features for the RG branch to generate high-quality reports. The

high-quality reports generated by RG branch, in turn, are utilized as additional

harder negative samples to push the ITM branch to evolve towards better image-

text alignment. These two branches help improve each other progressively, so

that the whole model is self-boosted without requiring external resources. The

second strategy aligns image-sample space and report-sample space to achieve

consistent image and text feature embeddings. To achieve this, the sample graph

of the embedded ground-truth reports is built and used as the target to train the

sample graph of the embedded images so that the fine discrepancy in the ground-

truth reports could be captured by the learned visual feature embeddings. Our

proposed framework demonstrates its superiority on two medical report gener-

ation benchmarks, including the largest dataset MIMIC-CXR.

36
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4.1 Introduction

Building upon the foundational work outlined in Chapter 3, this chapter aims

to further evolve our self-boosting framework for automated radiographic report

generation. While Chapter 3 laid the groundwork by introducing the auxiliary

task of Image-Text Matching (ITM) in conjunction with the main task of Report

Generation (RG), this chapter introduces innovative extensions and optimiza-

tions to tackle the challenges associated with fine-grained diagnostic captioning.

In this context, several advancements stand out. First, we replace the hierar-

chical LSTM used as the text decoder in the Chapter 3 with a more power-

ful memory-augmented Transformer. This modification is geared to make our

framework more adept at nuanced text generation, aligning more closely with

the complexity of clinical language. Second, in response to some of the limi-

tations observed in Chapter 3, we introduce a novel sample-graph consistency

loss. This element of the model is inspired by the benefits observed in retrieval-

based approaches in the broader image captioning domain. This sample-graph

consistency loss serves as an additional regularization layer within our self-

boosting framework and is designed to further fine-tune the alignment between

visual and text features. In addition, we extend our evaluation metrics to include

MIMIC-CXR, the largest newly published chest X-ray dataset. This allows us to

scrutinize our model’s efficacy under more challenging conditions and against

more competitive baselines. We also delve into new ablation studies, examining

the impact of various hyper-parameters that were not addressed in the previous

chapter.

Comparing with Chapter 3, the main contributions of this chapter are summa-

rized as follows.
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Figure 4.1. Compared with the common encoder-decoder structure used for report gen-
eration (a), our self-boosting framework for diagnostic captioning (b) jointly trains two
tasks: the main task of report generation (RG), and the auxiliary task of image-text
matching (ITM), built as two branches of a deep learning model. The RG branch (in-
dicated by the solid line) takes an image as the input and outputs the generated report.
The ITM branch (indicated by the dash line) takes an image-report pair as the input and
predicts whether they are a true match. The RG-branch and the ITM branch share the
same image encoder. They gradually help improve each other through their cooperative
interactions.

1) Building upon the hierarchical LSTM text decoder introduced in Chapter 3,

this chapter explores two additional backbones. One employs the memory-

augmented Transformer as the text decoder to enhance medical report genera-

tion, while the other incorporates our proposed strategies into the X-Transformer

backbone to assess their efficacy in general image captioning tasks. Both show

marked improvements in our experimental evaluations.

2) Extending the self-boosting strategy initially described in Chapter 3, this

chapter introduces a novel sample-graph consistency loss. This loss function
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leverages sample relationships to regularize interactions between image and re-

port features. Its effectiveness has been validated through empirical studies and

has been integrated into our self-boosting framework in this chapter.

3) We expand our experimental study to include the largest chest X-ray dataset

MIMIC-CXR (Johnson et al., 2019), compare our method with more compet-

itive approaches, and assess the clinical correctness of the generated reports

using the medical terms in Radgraph, which were not considered in Chapter 3.

4) We conduct new ablation studies to investigate the impact of hyper-parameters

to our model performance, including those parameters balancing loss terms, the

parameter controlling the alternating optimisation, and the parameter switching

the two triplet losses. We also add visualisation to show the effectiveness of the

newly proposed sample-graph consistency loss.

5) Last but not least, we also validate our proposed two strategies for general

image captioning task in the Chapter. Specifically, we incorporate our strategies

to the X-Transformer backbone, and evaluate its performance on a large image

captioning benchmark COCO. The experimental results demonstrate that our

model outperforms many state-of-the-arts image captioning models as well.

4.2 Method

In this section, we first give an overview of the proposed model. Then two

important branches of our model, i.e., image-text matching and medical report

generation, are presented. Following that, we describe how these two branches

achieve joint training and mutual improvement. At last, to further augment our

self-boosting framework, we introduce a sample-graph consistency loss and de-

scribe how this loss can drive the feature encoders of the two modalities to learn

consistent visual and text embeddings.
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4.2.1 Overview

A typical radiographic report consists of a conclusive “impression” part and a

descriptive “finding” part. Taking a medical image as input, our model gener-

ates a long-paragraph diagnostic report with both parts. As mentioned in Sec-

tion 4.1, our model improves report generation by taking advantage of the in-

teractions between the main task of report generation and the auxiliary task of

image-text matching, while the report generation task is additionally supervised

by a sample-graph consistency loss to ensure consistent visual and text feature

embeddings. Our model is trained in a self-boosting manner.

Figure 4.2 provides an overview about our framework. In general, our model

consists of two entangled branches: medical report generation (main task) and

image-text matching (auxiliary task). As for the main task, our report genera-

tion branch (RG-branch) follows the encoder-decoder architecture. The visual

encoder detects image regions with an unsupervised method, extracts regional

features using CNN, and refines these visual features based on the regional rela-

tionships learnt through self-attention. The text decoder takes the refined visual

features as input, passes them through a memory-augmented Transformer de-

coder or a hierarchical LSTM model catering for both the topic-level and word-

level decoding, and generates the final paragraphical report. As for the auxiliary

task, taking the image-report pairs as the input, our image-text matching branch

(ITM-branch) consists of an image encoder and a report encoder, learning the

visual and the text features, respectively, in order to predict if the input image

and report match each other.

The two branches interact with each other in three ways. First, they share the

visual encoder, so that the text-correlated visual features learned by ITM-branch

could also be utilized to improve the RG-branch to generate high-quality reports.

Second, the report encoder learnt by the ITM-branch is also utilized by the RG-

branch to extract textual features to i) evaluate and minimize the feature-level
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Figure 4.2. An overview of the network structure of the proposed framework with a
Transformer-based decoder. It comprises of a medical report generation branch (RG-
branch, the upper part) and an auxiliary image-text matching branch (ITM-branch,
the lower part). RG-branch consists of two components: a region-level image en-
coder (shared with ITM-branch) to extract visual features from medical images, and
a memory-augmented Transformer decoder to generate diagnose reports. ITM-branch
consists of an image encoder (shared with RG-branch) and a report encoder based on
Sentence-BERT. It compares the similarity of visual and text features for match. The
two branches are designed to have cooperative interactions during training. ITM-branch
provides RG-branch text-correlated visual features for report generation and its report
encoder for measuring the feature level loss of the generated reports. In turn, with the
improved generated reports, RG-branch supplies ITM-branch harder and harder sam-
ples to force the latter to evolve for better feature learning. In this way, the whole model
is self boosted.

loss between the generated and the ground-truth reports, contributing to our

feature-level loss Lfeat; and ii) regularize the consistency of the visual and the

textual feature embeddings, contributing to our sample graph consistency loss

Lgraph. Third, during the training, the improved reports generated by RG-branch

are passed to the ITM-branch as additional harder samples, which enforces the

ITM-branch to improve itself by enhancing the feature learning. These three

interactions last for the training course, making the whole model gradually boost

itself. At inference stage, only RG-branch is used, which receives a test image

and generates the corresponding report.
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4.2.2 Report Generation (RG) Branch

The ultimate target of our model is to generate ground-truth-like diagnostic re-

ports from radiographic images. Therefore, report generation is our main task.

Like most image-captioning methods, our RG-branch consists of a visual en-

coder and a successive text decoder, with enhanced characteristics. They are

elaborated as follows.

Visual encoder Although some generic image captioners use Faster R-CNN (Ren

et al., 2017a) to encode image regions at object-level, existing medical report

generation methods extract visual features from the whole image rather than

image regions, due to the lack of supervised information. Differently, given an

input image of size 3 × H × W , we employ the selective search algorithm to

generate region proposals unsupervisely, and then refine these region proposals

by: 1) excluding regions smaller than 2000 pixels; 2) excluding regions where

the background ratio exceeds 70%. This leads to roughly M = 30 regions

for one image. After that, we adopt ResNet-101 to produce a set of vectors

v1, · · · , vM ∈ RD with a dimention D = 2048 for each region. Compared with

image-level features, using regional features can “look closer” to the image,

thus better suits the fine-grained pattern description. It is found that modeling

region relationship is beneficial for visual representation. Unlike some image-

captioning methods (Yao et al., 2018; Yang et al., 2019) that rely on the Visual

Genome dataset to learn GCN or scene graph for generic images, we employ

self-attention (Vaswani et al., 2017) to learn the relationships among regions

and transform regional visual features V into relationship-enhanced ones Vh

for refinement. These relationship-enhanced regional features are then passed

through a region pooling layer to generate the pooled vector vp. We further in-

put the pooled vector vp through a 2048-dimensional fully-connected layer to

produce the final representation: If = Wfvp + bf . The output of the visual

encoder If is then sent to the text decoder in RG-branch for report generation,

as well as to ITM-branch for predicting image-text matching.



4.2 METHOD 43

Text decoder To generate paragraphical report, we explore two different struc-

tures decoder model: a hierarchical structured LSTM (HLSTM) and a memory

augmented transformer (MATM) (Chen et al., 2020b). HLSTM includes a sen-

tence LSTM and a word LSTM (Krause et al., 2017). The sentence LSTM takes

the visual features as input, produces a topic vector for each sentence in the re-

port paragraph, and determines when to stop generating the topic vector. Those

topic vectors are then fed into the word LSTM to produce the sentences. MATM

is built by integrating a memory-bank module into Transformer which can bet-

ter record the information from previous processes to cater for long paragraph

generation. More details are as follows.

HLSTM. For the hierarchical LSTM, the sentence LSTM is a single layer LSTM

with a hidden size H = 512. It takes the image feature If as input, and in turn

generates a sequence of hidden states h1 · · ·hN ∈ RH , one for each sentence in

the paragraph: hi+1, ci+1 = LSTM(If , (hi, ci)), i ∈ {0, · · · , N − 1}, where

ci denotes the memory cells of LSTM, and N is the number of sentences in the

paragraph. Based on the hidden state hi, a topic vector ti ∈ RP is obtained as:

ti = tanh(Wthi+bt) i ∈ {1, · · · , N}. In addition, the hidden state hi is also

mapped from H dimension to two dimension by a linear projection to produce a

probability qi through a sigmoid function, determining whether the ith sentence

is the last sentence in the paragraph. qi can be learnt by minimizing the cross

entropy loss for a binary classification of being continued or not.

The word LSTM is also a single layer LSTM with hidden size H = 512 and the

initial hidden and cell states of the word LSTM are set to zero. It takes the topic

vectors produced by the sentence LSTM as the input and generates detailed

sentences. Given the ith topic ti, the hidden and cell states of the word LSTM

are updated by hi+1, ci+1 = LSTM(s
(i)
j−1, (hi, ci)), where j ∈ {0, · · · ,M + 2},

and M is the number of word in ith sentence. It should be noted, when j = 0,

si−1 represents the topic vector ti; when j > 0, sij represents the word embedding

of the jth word in the ith sentence. In particular, s0 and sM+1 represent the word
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embedding of the special token ⟨start⟩ and ⟨end⟩ respectively. After obtaining

the hidden state of word LSTM, the probability pij = Softmax(Wphj + bp)

can be learnt, predicting the probability of jth word in ith sentence, where i ∈

{1, · · · ,M} , j ∈ {1, · · · , N}.

MATM. For the memory-augmented Transformer decoder, it is built upon the

vanilla Transformer (Vaswani et al., 2017), including two critical components:

relational memory module (RM) and memory-driven conditional layer normal-

ization module (MCLN). The RM module is designed to explore the relation be-

tween image-report pairs and record the information computed during the gener-

ation process, while the MCLN module is designed to integrate the RM module

into Transformer. Mathematically, the t-th word in generated report can be ob-

tained by: yt = MAMT(Vh,MCLN(RM(y1, y2, . . . , yt−1))), where MAMT

refers to the memory-augmented Transformer decoder, Vh is the relationship-

enhanced visual features extracted from the visual encoder, and yi represents

the ith predicted word. More details about RM and MCLN module could be

referred to the work in (Chen et al., 2020b).

Loss function Most image captioning and medical report generation methods

construct the loss functions evaluating the difference between the generated and

the ground-truth reports at the word-level (cross-entropy based loss). In this

chapter, we further argue that a generated report with high-quality should also

be similar to the ground-truth at the semantic feature levels. That is, they should

stay similar after they are passed through a text feature extractor producing fea-

tures corresponding to high-level semantics. In our work, such a text feature

extractor could be readily achieved by utilizing the report encoder learnt in the

auxiliary ITM-branch, which is well trained to effectively encode the most crit-

ical text features correlated to the visual contents. Specifically, given K reports,

the loss function used in our RG-branch consists of three terms as follows:

LRG = λCE

K∑
k=1

L(k)
CE + λfeat

K∑
k=1

L(k)
feat + λgc

K∑
k=1

L(k)
graph, (4.1)
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where λCE , λfeat and λgraph are hyper-parameters balancing the three terms.

The first loss term L(k)
CE is the cross-entropy loss used to measure the word-

level difference for the kth report. Since we use a hierarchical LSTM as the

text decoder, the L(k)
CE is the sum of the cross-entropy loss L(k)

S of the sentence

LSTM and the cross-entropy loss L(k)
W of the word LSTM. The loss L(k)

S =

−
∑N

i=0

[
l
(k)
i · log(q(k)i ) + (1− l

(k)
i ) · log(1− q

(k)
i ))

]
, where q(k)i and l

(k)
i are the

predicted and the ground-truth labels, respectively, indicating if the ith sentence

is the last sentence in the kth report. The loss L(k)
W = −

∑N
i=1

∑M
j=1 y

(k)
ij log(p

(k)
ij ),

where y
(k)
ij refers to the ground-truth and p

(k)
ij refers to the prediction of the jth

word in the ith sentence within the kth report.

The second loss term L(k)
feat =∥ ΦITM−R(T̂(k)) − ΦITM−R(T(k)) ∥2 measures

the difference at the feature level, where T̂(k) and T(k) are the predicted para-

graph and the ground-truth for the kth report, respectively. Here the mapping

ΦITM−R(·) denotes the embedding function of the report encoder in ITM-branch

(see Section 4.2.3 for more details), which is highly nonlinear.

The third loss term L(k)
graph measures the consistency between the image sample-

graph and the (ground-truth) report sample-graph constructed in their respective

feature embedding spaces. Please see Section 4.2.5 for details.

In addition, following literature (Rennie et al., 2017), we also apply reinforce-

ment learning with CIDEr as the reward to further boost the performance of our

RG-branch.

4.2.3 Image-Text Matching (ITM) Branch

To promote the main task of report generation, we also introduce an auxiliary

task of image-text matching to learn highly correlated visual and text features.

Our ITM-branch takes an image-report pair as input and tells whether the image
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and the report match. It consists of an image encoder and a report encoder,

detailed as follows.

Image encoder Our ITM-branch shares its image encoder with our RG-branch.

As mentioned above, the image encoder extracts visual features from regions,

refines these features with regional relationship, and outputs the image repre-

sentation on top of an additional region pooling. It is worth mentioning that,

sharing the image encoder between ITM-branch and RG-branch enables our

model to both learn image-text correlated features and fine-tune these features

for the main report generation task.

Report encoder We considered BERT’s (Devlin et al., 2019) model as the re-

port encoder, which is a multi-layer bidirectional Transformer (Vaswani et al.,

2017) and has set a new state-of-the-art performance on various NLP tasks.

However, we do not directly use the vanilla BERT. As mentioned, the report

encoder in ITM-branch is also employed by RG-branch to compare the feature

similarity between the generated and the ground-truth reports. Taking this into

account, we adapt a Sentence-BERT (Reimers and Gurevych, 2019) model to

constructing our report encoder, because Sentence-BERT employed a siamese

and triplet network structure (Schroff et al., 2015) for BERT, making it more

suitable to derive semantically meaningful sentence embeddings. Sentence-

BERT has been well pre-trained on two large broad-coverage corpus (Bowman

et al., 2015; Williams et al., 2018) for various textual similarity tasks. Moreover,

on top of the pretrained Sentence-BERT, we stack another fully connected layer

to fine-tune the text features towards our image-text matching task and generate

a text feature embedding Tf
1 that has the same dimension as the image fea-

ture embedding If output by the image encoder. In sum, Tf = ΦITM−R(T) =

σ(WR × Sent-Bert(T)), where σ(·) is the sigmoid function.

1The subscript “f” in Tf and If indicates the feature space, instead of the sample index.
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Loss function Based on the image feature embedding If and the text feature

embedding Tf , we minimize a triplet loss similar to that in (Faghri et al., 2018;

Lee et al., 2018) as follows.

Lmatch = [α− S(If ,Tf ) + S(If , T̄f )]++

[α− S(If ,Tf ) + S(Īf ,Tf )]+ ,
(4.2)

where S(If ,Tf ) =
If ·Tf

∥If∥·∥Tf∥ , measuring the cosine similarity between the

image and the text features. The symbol [·]+ denotes the function [x]+ =

max(x, 0); and α serves as a margin parameter. T̄f and Īf represent the hard-

est negative samples (Faghri et al., 2018) in a mini-batch for the positive pair

(If ,Tf ). Minimizing this triple loss requires that the distance from If to Tf be

smaller than that from If to T̄f by a margin α, and vice versa.

Moreover, it is noticed that negative mining (Faghri et al., 2018) has a crucial

impact on the performance of the image-text matching. In our model, we uti-

lize the generated reports from RG-branch as hard negative samples to further

improve ITM-branch. As the quality of the generated reports improves over

iterations, they become more and more similar to the ground-truth ones, and

therefore harder and harder to be differentiated by ITM-branch. When they are

used to gradually join the training of image-text matching task, ITM-branch will

be enforced to enhance its feature learning so that even finer mismatch between

the image and the report could be identified. For this purpose, we additionally

introduce a self-boosted triplet loss as follows:

Lmatch−gen = [α− S(If ,Tf ) + S(If ,T
g
f )]++

[α− S(If ,T
g
f ) + S(If , T̄f )],

(4.3)

where Tg
f refers to the text embedding of the generated report from RG-branch

and other symbols remain the same as used in Eqn. 4.2. Minimizing this self-

boosted triplet loss enforces ITM-branch to learn effective feature embedding
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so that in the embedding space, the generated report Tg
f stays closer to its cor-

responding image If than other reports T̄f ; at the same time Tg
f is still farther

than its ground-truth Tf to the image If in order to enforce ITM-branch to dif-

ferentiate the generated and the ground-truth reports. During our training, the

Lmatch−gen is only employed after k number of epochs since the generated re-

ports from RG-branch are of poor quality at the early iterations and they cannot

assist as hard samples.

4.2.4 Self-boosted Training

The overall objective function of our model combines the loss terms from both

RG-branch and ITM-branch:

Lall = λCELCE + λfeatLfeat + λSGCLLgraph + λITMLITM , (4.4)

where

LITM =

 Lmatch, epoch ∈ (0, k]

Lmatch−gen, epoch ∈ (k,N ]
(4.5)

The hyper-parameters λCE , λfeat, λSGCL and λITM are simply set to balance

the four loss terms, and their values are given in Section 4.3.

To simplify the optimization, we update RG-branch and ITM-branch in an al-

ternative way. Specifically, we trained the ITM-branch for a fixed number of

epochs, denoted as m, and subsequently trained the RG-branch for the same

number of epochs, with this pattern being repeated iteratively throughout the

training process. In our experiments, we set the value of m to 5. Please note

that, as the two branches are highly entangled in our model, the update of ITM-

branch will affect the visual encoder and the loss of RG-branch; while the update

of RG-branch will affect the image encoder of ITM-branch and generate harder
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samples to the latter. In this way, our training ends up with a self-boosting man-

ner: the improvement of ITM-branch enhances RG-branch and the improvement

of RG-branch in turn pushes ITM-branch to evolve.

At the first glance, the interaction between our RG-branch and ITM-branch re-

sembles that observed in Generative Adversarial Networks (GANs). Our RG-

branch is like the generator that produces realistic reports while our ITM-branch

is like the discriminator that differentiates the generated and the ground-truth re-

ports. However, we would like to point out that our self-boosting mechanism

is essentially different from the adversarial training in GANs. First, our RG-

branch and ITM-branch do not compete but help with each other. On the con-

trary, GANs play the two-player min-max game between the generator and the

discriminator so that the generator minimizes the reward of the discriminator.

Such adversarial loss is not used in our approach. Second, in most GANs (if

not all), the generator and the discriminator are two separated networks linked

by the adversarial loss, while our RG-branch and ITM-branch share their vi-

sual/image encoder as one way of communication.

4.2.5 Sample-graph Consistency Loss

As introduced in Section 4.1, it is difficult for the current image captioning

or diagnostic captioning methods to perceive two very similar images with es-

sential difference in their reports. To further improve the perceptual resolution

of diagnostic captioning models, we propose a sample-graph consistency loss

to align image metric space and report metric space to obtain consistent visual

and textual embeddings, so that the distance between two report sample em-

beddings could be reflected by the distance between their corresponding image

sample embeddings. The basic idea is illustrated in Figure 4.3. Specifically,

we first build both the image sample-graph (with image sample embeddings as

the nodes) and the report sample-graph (with report sample embeddings as the

nodes) to reflect sample relationship. By requiring the two graphs to have the
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Figure 4.3. Illustration of our sample-graph consistency loss. Blue and green indicate
the image modality and the report modality, respectively. The images and the reports
are mapped into their respective feature spaces by the image encoder hI and the report
encoder hT . In the feature spaces, both the sample-graph WI of the images and the
sample-graph WT of the reports are constructed. The graph nodes sharing the same
symbol in WI and WT belong to one image-report pair and the edge length between
two nodes (i.e., samples) of a graph represents their distance in the embedding space.
Initially, in the image feature space, the embeddings of two Chest-Xray images may
be very close due to the fine-grained visual difference, despite the essential difference
in their corresponding reports. Our sample-graph consistency loss takes the sample-
graph WT of the ground-truth reports as the supervision, and minimizes the difference
between the two sample-graphs WT and WI so that two similar images with different
ground-truth reports could stay apart in the feature embedding space.

same structure, we utilise the graph of the embedded ground-truth reports as

the target to train the graph of the embedded images. In this way, two simi-

lar but different ground-truth reports will correspond to two close but different

visual embeddings. Also, as the generated reports are regularized by the ground-

truth reports in the training set, they could better conform to the distribution of

the ground-truth reports. Considering the computational efficiency, the graph-

consistency loss is evaluated at batch level. The proposed approach is elaborated

as follows.
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Let us consider a batch of B training samples χ = {Ii,Ti}Bi=1, where Ii and

Ti refer to the image and the report of the i-th sample. Let Iif = hI(I
i) and

Ti
f = hT (T

i) denote the visual and the textual feature embeddings of the i-th

sample, and hI(·) and hT (·) are the embedding functions. Assuming the textual

feature embedding hT (·) is known (e.g., using the embedding function of the

report encoder in the ITM-branch), a report sample-graph could be constructed

with a similarity matrix WT whose element Wij
I = exp(Ti

f · Ti
f/σ). The

ground-truth report sample-graph serves as the target to train the image-based

graph, and consequently the image feature embedding hI(·). More specifi-

cally, the similarity matrix WI for the image sample-graph is computed by:

Wij
T = exp(Iif · Iif/σ) = exp(hI(I

i) · hI(I
j)/σ)). The two graphs WI and WT

are normalized so that each row of WI and WT sums to 1. The embedding

function hI(·) could be trained by minimizing the cross-entropy between the

two normalized graphs ŴI and ŴT :

Lgraph = −
B∑
i=1

B∑
j=1

Ŵij
I log(Ŵ

ij
T ) (4.6)

where Ŵij
T = Wij

T /
∑B

j=1 W
ij
T and Ŵij

I = Wij
I /

∑B
j=1W

ij
I , so that the struc-

ture difference between the two graphs is minimized. The sample-graph con-

sistency loss is imposed as another regularization of the RG-branch for report

generation.

4.3 Experiments

4.3.1 Datasets

In the experiment, two datasets are used for the performance evaluation. One

(IU-Xray) represents the most widely used benchmark for medical report gen-

eration, while the other (MIMIC-CXR) is a recently released largest dataset to

date.
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IU-Xray Indiana University Chest X-ray Collection (IU-Xray) (Demner-Fushman

et al., 2016) is the most widely used publicly accessible dataset in medical re-

port generation task. It contains 3955 fully de-identified radiology reports, each

of which is associated with a frontal and/or lateral chest X-ray images, and

7470 chest X-ray images in total. Each report is comprised of several sections:

Impression, Findings and Indication etc. In this work, we filtered out reports

without two complete image views or without complete sections of “findings”

and “impression”, resulting in a smaller dataset with 3195 reports associated

with 6390 images. We tokenized all the words in “findings” and “impression”

and obtained 2076 unique words. In addition, two special tokens, ⟨start⟩ and

⟨end⟩, are added to indicate the start and the end of a sentence. We randomly

picked 311 (10%) reports to form the test set, which is comparable to the works

in the literature (Jing et al., 2018; Xue et al., 2018). All evaluations are done on

the test set.

MIMIC-CXR The recently released MIMIC-CXR (Johnson et al., 2019) is the

largest public dataset containing both the chest radiographs and free-text re-

ports. In total, it consists of 377110 chest x-ray images and 227835 reports

from 64588 patients of the Beth Israel Deaconess Medical Center examined be-

tween 2011 and 2016. In our experiment, we adopt MIMIC-CXR’s official split

following the work (Chen et al., 2020b) for a fair comparison, resulting in a

total of 222758 samples for training, and 1808 and 3269 samples for valida-

tion and test, respectively. We convert all tokens to lowercase characters and

remove non-word illegal characters and the words whose occurring frequency

lower than 10, counting to 4030 unique words remaining in the dataset.

4.3.2 Experimental Settings

Evaluation Metrics To evaluate the quality of the generated text report, we uti-

lize the widely used BLEU scores(Papineni et al., 2002), ROUGE-L(Lin, 2004),

METEOR (Banerjee and Lavie, 2005) and CIDEr(Vedantam et al., 2015) as
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evaluation metric. We compute those metrics by the standard image captioning

evaluation tool2.

Implementation Details We use the paired data as the input for IU-Xray dataset

and concatenate the features of frontal and lateral images. The margin pa-

rameter α in Eqn. 4.2 and 4.3 is set to 0.2 and λCE, λfeat, λSGCL, λITM =

2, 10, 2.2, 1 in Eqn. 4.4, respectively. The word embedding size and topic vec-

tor size were respectively set to 300 and 512. We train our model using Adam

optimizer (Kingma and Ba, 2015) with mini-batch size of 16. The learning rate

are set to be 0.0001 and 0.0002, respectively, for RG-branch and ITM-branch

with a total 30 epochs. We set k = 10 in Eqn. 4.3, training ITM branch with the

regular triplet loss for the first 10 epochs and the self-boosted triple loss for the

rest.

4.3.3 Results and Discussion

Comparison with SOTA We compare our model with 7 state-of-the-art im-

age captioning methods. These include the classic model Show-tell (Vinyals

et al., 2015), different attention-based methods including AdaAtt (Lu et al.,

2017), Att2in (Anderson et al., 2018), and Topdown (Rennie et al., 2017),

methods using advanced NLP models including Transformer (Devlin et al.,

2019) and M2transformer (Cornia et al., 2020), and the very recent method

Grounded (Zhou et al., 2020) that also takes advantage of the image-text match-

ing task to improve image captioning but in a completely different manner as

ours. For these methods, we download the codes released publicly and re-run

them on these two datasets with the same experiment setting as ours. More-

over, we also compare with 8 state-of-the-art medical report generation mod-

els: CoAtt (Jing et al., 2018), HGRN-Agent (Li et al., 2018), KERP (Li et

al., 2019a), R2Gen (Chen et al., 2020b), R2GenCMN (Chen et al., 2021), PP-

KED (Liu et al., 2021a), AlignTransformer (You et al., 2021) and CSK (Yang et
2https://github.com/tylin/coco-caption
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Dataset Methods BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE METEOR CIDEr
Show-Tell 0.346 0.214 0.141 0.095 0.320 0.161 0.239
Att2in 0.399 0.249 0.172 0.126 0.321 0.165 0.341
AdaAtt 0.436 0.288 0.203 0.150 0.354 0.168 0.265
TopDown 0.375 0.237 0.167 0.123 0.319 0.164 0.336
Transformer 0.422 0.264 0.177 0.120 0.338 0.163 0.268
M2Transformer 0.463 0.318 0.214 0.155 0.335 0.171 0.349
Grounded 0.446 0.301 0.237 0.176 0.343 0.176 0.395
X-Transformer 0.467 0.322 0.235 0.169 0.351 0.178 0.393

IU-Xray ViTCAP 0.474 0.329 0.248 0.181 0.376 0.184 0.401
CoAtt† 0.455 0.288 0.205 0.154 0.369 - 0.277
HGRG-Agent† 0.438 0.298 0.208 0.151 0.322 - 0.343
KERP† 0.482 0.325 0.226 0.162 0.339 - 0.280
R2Gen 0.445 0.283 0.202 0.155 0.362 0.173 0.353
R2GenCMN 0.451 0.292 0.208 0.159 0.363 0.177 0.374
PPKED† 0.483 0.315 0.224 0.168 0.376 0.187 0.351
AlignTransformer† 0.484 0.313 0.225 0.173 0.379 0.204 -
GSK† 0.496 0.327 0.238 0.178 0.381 - 0.382
Ours(HLSTM) 0.483 0.348 0.272 0.210 0.362 0.193 0.457
Ours(MATM) 0.489 0.356 0.281 0.217 0.364 0.197 0.459
Show-Tell 0.308 0.190 0.125 0.088 0.256 0.122 0.096
Att2in 0.314 0.198 0.133 0.095 0.264 0.122 0.106
AdaAtt 0.314 0.198 0.132 0.094 0.267 0.128 0.131
Transformer 0.316 0.199 0.140 0.092 0.267 0.129 0.134
M2Transformer 0.332 0.210 0.142 0.101 0.264 0.134 0.142
Grounded 0.352 0.219 0.147 0.105 0.274 0.144 0.167

MIMIC-CXR X-Transformer 0.356 0.221 0.148 0.109 0.277 0.148 0.185
ViTCAP 0.367 0.225 0.152 0.113 0.282 0.156 0.233
R2Gen 0.353 0.218 0.145 0.103 0.277 0.142 0.141
R2GenCMN 0.353 0.218 0.148 0.106 0.278 0.142 0.143
PPKED† 0.36 0.224 0.149 0.106 0.284 0.149 0.237
AlignTransformer† 0.378 0.235 0.156 0.112 0.284 0.158 -
GSK† 0.363 0.228 0.156 0.115 0.284 - 0.203
Ours(HLSTM) 0.376 0.235 0.157 0.119 0.287 0.159 0.294
Ours(MATM) 0.387 0.251 0.177 0.129 0.291 0.164 0.342

Table 4.1. Comparison on IU-Xray (upper part) and MIMIC-CXR datasets (lower
part). † indicates the results are quoted from the published literature. Specifically,
we quote the results of CoAtt (Jing et al., 2018) and HGRG-Agent (Li et al., 2018)
for IU-Xray dataset from (Li et al., 2019a) while other methods we cite results from
their respective papers. For methods without dagger tags in comparison, their results
are obtained by re-running the publicly released codes on these two datasets using the
same training-test partition as our method.

al., 2021b). Among these methods, R2Gen (Chen et al., 2020b) and R2GenCMN (Chen

et al., 2021) have officially released codes, and we re-run them with the same ex-

periment setting as ours since the CIDEr score was not provided in the original

paper. For other models which did not release the codes, we quote the results of

CoAtt (Jing et al., 2018) and HGRG-Agent (Li et al., 2018) for IU-Xray dataset

from (Li et al., 2019a) while other methods we cite results from their respec-

tive papers. Please note that since IU-Xray dataset has no official training-test
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partition, the performances on IU-Xray cited from the original papers may not

be strictly comparable and are provided here only for reference. Differently, on

MIMIC-CXR, since PPKED (Liu et al., 2021a), AlignTransformer (You et al.,

2021) and CSK (Yang et al., 2021b) follow the MIMIC-CXR official training-

test partition, their cited performances are comparable.

As shown in Table 4.1, on both datasets, our self-boosting method achieves

the best performance over almost all evaluation metrics among the comparing

methods. The two very recent image captioning methods M2transformer (Cor-

nia et al., 2020) and Grounded (Zhou et al., 2020) perform better than other

image captioning methods, but still lose to ours with either HLSTM decoder

or MATM decoder. Especially, our advantages over Grounded (Zhou et al.,

2020) fully demonstrate the benefit to jointly train the two tasks of report gen-

eration and image-text matching in our proposed self-boosting manner. It is

also noted that, our performance improvement on CIDEr is most significant.

Cross-referring to Table 4.4, even without the reinforcement learning on CIDEr

(denoted as Ours-RL), our method is still the best performer on CIDEr on both

datasets and the advantage is pronounced3. This is a positive sign for radio-

graphic reports, since CIDEr focuses on key information by down-weighting the

common words in all reports. Moreover, both Ours(HLSTM) and Ours (MATM)

win three recent medical report generation methods PPKED (Liu et al., 2021a),

AlignTransformer (You et al., 2021) and CSK (Yang et al., 2021b) on MIMIC-

CXR in terms of all the evaluation metrics in Table 4.1. Ours (MATM) also

achieves better results (except ROUGE) than these methods on IU-Xray, while

it is again worth mentioning that the cited performances on IU-Xray may not

be strictly comparable as obscure training-test partitions were used by different

methods. All these three methods explore and build additional knowledge graph

to enhance radiographic report generation, while ours have not taken advantage

3It is noted that Grounded (Zhou et al., 2020) also uses RL on CIDEr for refinement.
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Figure 4.4. Examples of the generated reports on IU-xray dataset. We compare our
results with the ground truth report, our baseline using RG-branch only with the cross-
entropy loss (denoted as RG-branch(CE only)), and another three competitive methods:
M2transformer (Cornia et al., 2020), Grounded (Zhou et al., 2020) and R2Gen (Chen et
al., 2020b). The highlighted sentences with red, blue and green color in the generated
reports represent incorrectly predicted sentences, sentences not exactly consistent with
ground-truth, and sentences that completely match the ground-truth, respectively.

of such additional information yet. This further demonstrates the effectiveness

of the proposed self-boosting framework.

In addition, we conduct qualitative comparison between ours (MATM) and three

comparing methods: the image captioning methods M2transformer (Cornia et

al., 2020) and Grounded (Zhou et al., 2020) and the medical report generation

method R2Gen (Chen et al., 2020b). These three methods are recently pub-

lished with released codes. The examples of the generated reports are visually

compared in Figure 4.4 and Figure 4.5 for IU-Xray dataset and MIMIC-CXR

dataset, respectively. To facilitate comparison, we highlighted the sentences

with red, blue and green color in the generated reports to represent incorrectly

predicted sentences, sentences not exactly consistent with ground-truth, and sen-

tences that completely match the ground-truth, respectively. As can be observed,

compared with our baseline (RG branch only) and the other three competitive
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Figure 4.5. Examples of the generated reports on MIMIC-CXR dataset. We com-
pare our results with the ground truth report, our baseline using RG-branch only with
the cross-entropy loss (denoted as RG-branch(CE only)), and another three competi-
tive methods: M2transformer (Cornia et al., 2020), Grounded (Zhou et al., 2020) and
R2Gen (Chen et al., 2020b). The highlighted sentences with red, blue and green color
in the generated reports represent incorrectly predicted sentences, sentences not exactly
consistent with ground-truth, and sentences that completely match the ground-truth, re-
spectively.

methods, our proposed model can significantly improve the quality of the gen-

erated reports, i.e., producing more sentences in green and less sentences in red,

consistent with the above quantitative analysis.

We also report the model’s training time and capacity in Table 4.2. Specifically,

we trained the models on two Nvidia 3090 GPUs in a total of 30 epochs with a

batch size of 16. Show-tell, Att2in, TopDown, and Transformer are reproduced

by this code base 4, R2Gen and R2GenCMN are reproduced from their respec-

tive publicly available code bases. As can be seen, compare with R2Gen (Chen

et al., 2020b), our model has a smaller number of parameters (790.9 vs 1200)

and higher training efficiency (1.65h vs 1.79h), while achieving better perfor-

mance.

Evaluation on Image Captioning To investigate the generalization ability of

our model, we further evaluate the performance of our model on the general

4https://github.com/ruotianluo/self-critical.pytorch
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Table 4.2. Model running time and capacity trained on IU-Xray dataset.

Method Running Time Model Capacity BLEU_4 CIDEr
Show-Tell 1.15h 51.1M 0.095 0.239
Att2in 1.26h 55.1M 0.126 0.341
TopDown 1.35h 198.8M 0.123 0.336
Transformer 1.58h 219.3M 0.120 0.268
R2Gen 1.79h 1200M 0.155 0.353
R2GenCMN 1.82h 978M 0.159 0.374
Ours(HLSTM) 1.32h 485.5M 0.210 0.457
Ours(MATM) 1.65h 790.9M 0.217 0.459

image captioning task. We conduct all the experiments on the most popu-

lar image captioning benchmark COCO (Lin et al., 2014), and we adopt the

widely adopted Karpathy split (Karpathy and Fei-Fei, 2015) for offline evalua-

tion. There are 113287 training images, 5000 validation images, and 5000 test-

ing images in the Karpathy split. Following (Pan et al., 2020), we pre-process all

training sentences by converting them into lower case and dropping the words

that occur less than 6 times, leading to the final vocabulary with 9488 unique

words.

For a fair comparison, we take a SOTA image captioning model X-Transformer (Pan

et al., 2020) as the backbone model and incorporate our proposed self-boosting

and sample-graph consistency strategies into X-Transformer framework to in-

vestigate its effectiveness. As shown in Table 4.3, our enhanced approach signif-

icantly improves the performance of the baseline X-Transformer model. Specif-

ically, the BLEU-4 score increases from 0.370 to 0.376, the METEOR score

from 0.287 to 0.290, the ROUGE score from 0.575 to 0.581, and the CIDEr

score from 1.200 to 1.226. We compare Ours(X-Transformer) with 7 state-

of-the-art general image captioning methods, including TopDown (Anderson

et al., 2018), LBPF (Qin et al., 2019), SGAE (Yang et al., 2019), SGAE-

KD (Yang et al., 2020b), AoANet (Huang et al., 2019a) and two latest models

TopDown+DCR (Wang et al., 2022a) and ViTCAP (Fang et al., 2022) (with-

out pretraining for a fair comparison). As can be seen, Ours(X-Transformer)
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achieves the best performance over all evaluation metrics among the meth-

ods in comparison. It should be noted that pre-training-based methods like

VinVL (Zhang et al., 2021) outperform our X-Transformer model with scores

of 0.382 for Bleu4, 0.303 for Rouge, and 1.293 for CIDEr. This superior per-

formance is attributed to their use of extensive external datasets for pre-training.

However, these methods require extensive data and are computationally inten-

sive, resulting in time-consuming training.

Table 4.3. Performance comparisons on COCO Karpathy test split.

Methods Conf&Year BLEU-4 METEOR ROUGE CIDEr
TopDown CVPR2018 0.359 0.275 0.562 1.113
TopDown+DCR TPAMI2022 0.363 0.278 0.565 1.114
LBPF CVPR2019 0.374 0.281 0.575 1.164
SGAE CVPR2019 0.369 0.277 0.572 1.167
SGAE-KD TPAMI2020 0.373 0.281 0.574 1.171
AoANet ICCV2019 0.372 0.284 0.575 1.198
ViTCAP CVPR2022 0.357 0.288 0.576 1.218
X-Transformers CVPR2020 0.370 0.287 0.575 1.200
Ours(X-Transformers) - 0.376 0.290 0.581 1.226

Ablation Study We conduct an ablation study to single out the contributions of

each component in our proposed method, as presented in Table 4.4. We take

the RG branch (with only the traditional cross-entropy loss) of our proposed

pipeline as the baseline to verify the performance improvements brought by

ITM-branch and our self-boosted training strategy. In Table 4.4, there are five

components: ITM, FLL, STL, RL and SGCL, representing Image-Text match-

ing, Feature-Level Loss, Self-boosted Loss, Reinforcement Learning, and Sam-

ple Graph Consistency Loss, respectively. The symbols “+” or “-” indicate the

inclusion or exclusion of the following component. The benefit of using the

auxiliary image-text matching task can be well reflected by the improvement

from “RG-branch(CE only)” to “RG-branch(CE only)+ITM”. As shown, the

performance can be further boosted by additionally utilizing feature-level loss

(“RG-branch(CE only)+ITM+FLL”) in RG-branch and the self-boosted triplet
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Dataset Model BLEU-4 ROUGE METEOR CIDEr
RG-branch(CE only) 0.146 0.319 0.171 0.365
RG-branch(CE only)+ITM 0.162 0.330 0.178 0.387
RG-branch(CE only)+ITM+FLL 0.170 0.334 0.181 0.396

IU-Xray RG-branch(CE only)+ITM+STL 0.184 0.348 0.184 0.424
RG-branch(CE only)+ITM+STL+SGCL 0.197 0.356 0.187 0.433
Ours-RL 0.203 0.361 0.189 0.438
Ours 0.217 0.364 0.197 0.459
RG-branch(CE only) 0.103 0.267 0.143 0.169
RG-branch(CE only)+ITM 0.106 0.271 0.147 0.193
RG-branch(CE only)+ITM+FLL 0.108 0.272 0.150 0.205

MIMIC-CXR RG-branch(CE only)+ITM+STL 0.112 0.276 0.153 0.231
RG-branch(CE only)+ITM+STL+SGCL 0.116 0.282 0.157 0.245
Ours-RL 0.118 0.284 0.158 0.253
Ours 0.129 0.291 0.164 0.342

Table 4.4. Ablation studies. We use our RG-branch only with the traditional cross
entropy-loss as our baseline model for ablation experiments, which is denoted as “RG-
branch(CE only)”. Here “CE”, “ITM”, “FLL”, “STL” , “RL”, and “SGCL” stand
for “Cross-entropy Loss”, “Image-Text Matching”, “Feature Level Loss” (Lfeat in
Eqn. 4.1), “Self-boosted Triplet Loss” (Eqn. 4.3), “Reinforcement Learning”, and
“Sample Graph Consistency Loss”(Lgraph in Eqn. 4.1), respectively.

Table 4.5. Top 10 Anatomy entities and Observation entities with the highest frequency
in Radgraph (Jain et al., 2021)

Top-10 Anatomy entities Top-10 Observation entities
pleural normal
lung unchanged

pulmonary clear
silhouette atelectasis
contours effusion

mediastinal opacity
lobe mild

cardiac edema
hilar cardiomegaly
heart unremarkable

loss (“RG-branch(CE only)+ITM+STL”) in ITM-branch, proving their indis-

pensability in our proposed method. In addition, as can be seen, using our

sample-graph consistency loss (“RG-branch(CE only)+ITM+STL+SGCL”), our

model could further elevate the performance in all three metrics. Moreover, as

mentioned, even removing the refinement by reinforcement learning, our model

still significantly outperforms the comparing methods in Table 4.1.
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Hyper-Parameters study We conducted a sensitivity analysis on hyperparam-

eters on the MIIMC-CXR dataset. First, we fixed the λITM=1, λSGCL=0 and

increasing/decreasing λCE , λfeat by 1.5 times to evaluate the sensitivity of the

model to the first three hyperparameters λCE , λfeat and λITM . As can be ob-

served from Table 4.6, when λCE and λfeat vary over a reasonably wide range,

the performance of the model does not show significant fluctuations. Then,

we fixed three hyperparameters: λCE=2, λfeat=10, λITM=1, and increased and

decreased our newly introduced hyperparameter λSGCL by 25% and 50%, re-

spectively. The experimental results are shown in Table 4.7. We observed that

the model is not sensitive to changes in the parameter when it is increased and

decreased by 25%, with fluctuations of 0.7% and -3.1% for BLEU_4 and -5.8%

and -1.2% for CIDEr, respectively. However, when the parameter is decreased

by 50%, there is a significant drop in model performance. This may be due to

the fact that the weight of Lgraph is set too small, leading to insufficient training

of the Sample-graph consistency loss.

Table 4.6. Hyper-parameter study using MIMIC-CXR (fix λITM = 1 and λSGCL = 0)

λCE λfeat BLEU-4 Rouge METEOR CIDEr
2.0 10.0 0.121 0.285 0.160 0.290
1.3 (2 / 1.5) 10.0 0.117 0.280 0.156 0.285
3.0 (2×1.5) 10.0 0.122 0.283 0.160 0.288
2.0 6.7 (10 / 1.5) 0.120 0.283 0.158 0.289
2.0 15.0 (10×1.5) 0.119 0.281 0.159 0.287

Table 4.7. Hyper-parameter study using MIMIC-CXR (fix λITM = 1, λCE = 2 and
λfeat = 10)

λSGCL BLEU-4 ROUGE METEOR CIDEr
2.2 0.129 0.291 0.164 0.342
1.10 (2.2 × 0.5) 0.122 0.286 0.160 0.292
1.65 (2.2 × 0.75) 0.125 0.288 0.161 0.322
2.75 (2.2 × 1.25) 0.130 0.290 0.163 0.338
2.00 (2.2 × 1.5) 0.127 0.289 0.162 0.334

We conducted further analysis on the impact of parameter k on model perfor-

mance. We set k to four different values: 0, 10, 20, and 30. Specifically, when
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k=0, it indicates that we do not use Lmatch−gen, while k=30 means that we only

use Lmatch−gen. By examining Table 4.8, we can see that setting k to 30 (train-

ing solely with Lmatch−gen from the start) results in a significant decrease in

model performance, emphasizing the importance of preheating with Lmatch. On

the other hand, when k is set to 0 (training solely with Lmatch), compared with

training with both Lmatch and Lmatch−gen, the model performance is affected,

which validates the effectiveness of our proposed matching strategy.

Table 4.8. Performance using different parameter k on MIMIC-CXR dataset.

K (epoch=30) BLEU-4 METEOR ROUGE CIDEr
0 0.124 0.283 0.159 0.324

20 0.127 0.290 0.162 0.336
30 0.120 0.279 0.155 0.312
10 0.129 0.291 0.164 0.342

We further explore the impact of the alternate stride m on model performance

on the MIMIC-CXR dataset. Specifically, we set m to 1, 3, 5, and 7, respec-

tively, and train the model for a total of 30 epochs, with the original value of 5

epochs serving as a reference point. As observed in Table 4.9, when we set m to

1, the model performance shows a significant decline. This could be attributed

to the unstable model training caused by the high switching frequency of RG

branch and ITM branch, which prevents either branch of the model from being

fully trained. Increasing the stride M to 3 significantly improved the model’s

performance, which supports our hypothesis. Notably, these results were con-

sistent with the performance achieved with a stride of 5, which was the default

value used in our original study. However, setting m to 7 resulted in a slight de-

crease in performance, possibly due to insufficient interaction between the two

branches.

Clinical accuracy evaluation In addition to the most commonly used met-

rics, like BLEU and CIDEr, we further provide Keyword Accuracy (KA) in

Table 4.10 by following the works (Xue et al., 2018; Huang et al., 2019b) to

evaluate the Clinical Correctness of the generated reports. KA is the ratio of
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Table 4.9. Performance using different alternate stride on MIMIC-CXR dataset.

M (epoch=30) BLEU-4 METEOR ROUGE CIDEr
1 0.114 0.283 0.157 0.279
3 0.126 0.292 0.163 0.343
7 0.122 0.288 0.161 0.334
5 0.129 0.291 0.164 0.342

Table 4.10. Clinical accuracy evaluation. Keyword Accuracy (KA) is used to evaluate
Clinical Correctness of the generated report, which is the ratio of the number of cor-
rectly generated keywords to the number of all keywords in the ground truth findings.

Dataset Model Keyword Accuracy
M2Transformer 0.863
Grounded 0.870

MIMIC-CXR R2Gen 0.864
R2GenCMN 0.869
Ours(HLSTM) 0.884
Ours(MATM) 0.890

the number of correctly generated keywords to the number of all keywords in

the ground truth findings. We compare our model with two image caption-

ing methods M2Transformer (Cornia et al., 2020) and Grounded (Zhou et al.,

2020), and two medical report generation models R2Gen (Chen et al., 2020b)

and R2GenCMN (Chen et al., 2021), all of which are recently published with

released codes. Since the works (Xue et al., 2018; Huang et al., 2019b) did

not release their keywords or the selection criteria, we constructed a keyword

dictionary with 768 keywords based on Radgraph’s (Jain et al., 2021) high

frequency entities. Radgraph contains carefully selected entities annotated by

three board-certified radiologists, including the Anatomy entities refers to an

anatomical body part that occurs in a radiology report, such as a “lung”, and

the Observation entities which are associated with visual features, identifiable

pathophysiologic processes, or diagnostic disease classifications, such as “effu-

sion”. We list the Top-10 Anatomy entities and Observation entities with the

highest frequency in Radgraph in Table 4.5 for reference. As seen in Table 4.10,
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both Ours(HLSTM) and Ours(MATM) achieve significantly better KA values,

suggesting high fidelity of our models in clinic correctness.

4.4 Conclusions

In this work, we improve the diagnostic report generation by additionally utiliz-

ing an auxiliary image-text matching task to learn strongly correlated visual and

text features to describe fine-grained differences among radiographic images.

We show how to achieve this by deeply coupling the two tasks and encourag-

ing the cooperative interactions between them. By communicating the learned

features and the newly generated samples, the two tasks could mutually boost

each other in a progressive way. Moreover, we further improve the report gener-

ation task by minimizing the losses of feature-level similarity and sample-graph

consistency. The former requires the generated reports to stay similar to the

ground-truth reports at high semantic levels. The latter requires the sample re-

lationships remain similar between the report samples and the image samples in

the feature embedding space, and uses the sample relationship of the ground-

truth reports to guide the learning of the visual features. As experimentally

verified, our generated reports could better capture the subtle but critical infor-

mation in radiographic images.



CHAPTER 5

A Medical Semantic-Assisted Transformer for Radiographic

Report Generation

Automated radiographic report generation is a challenging cross-domain task

that aims to automatically generate accurate and semantic-coherence reports to

describe medical images. Despite the recent progress in this field, there are still

many challenges at least in the following aspects. First, radiographic images

are very similar to each other, and thus it is difficult to capture the fine-grained

visual differences using CNN as the visual feature extractor like many existing

methods. Further, semantic information has been widely applied to boost the

performance of generation tasks (e.g. image captioning), but existing methods

often fail to provide effective medical semantic features. Toward solving those

problems, in this chapter, we propose a memory-augmented sparse attention

block utilizing bilinear pooling to capture the higher-order interactions between

the input fine-grained image features while producing sparse attention. More-

over, we introduce a novel Medical Concepts Generation Network (MCGN)

to predict fine-grained semantic concepts and incorporate them into the report

generation process as guidance. Our proposed method shows promising perfor-

mance on the recently released largest benchmark MIMIC-CXR. It outperforms

multiple state-of-the-art methods in image captioning and medical report gener-

ation.

65
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5.1 Introduction

While significant progress has been made in the field of automated radiographic

report generation, as discussed in previous chapters, nuanced challenges spe-

cific to this domain persist. First, unlike natural images, radiographic images

are very similar to each other. The medical report generation methods using the

CNN-based image encoder extract image-level features due to the lack of image

region annotations in such applications, which could not well cater for the lo-

cal details reflecting the fine-grained image patterns of clinic importance. This

problem could be somewhat mitigated by employing the recently developed Vi-

sion Transformer model (Dosovitskiy et al., 2021) that explores the dependency

of image regions without generating regional proposals. However, there still

lacks mechanism to better treat fine-grained patterns. Second, the differences

between medical reports are also fine-grained, that is, the reports are dominated

by similar sentences describing the common content of the images while the

disease-related words may be submerged. A possible remedy is to incorporate

semantic textual concepts into the model training to guide the report genera-

tion. However, such information has not been well explored for medical report

generation, especially in the recently popular transformer-structured models.

To cope with the limitations mentioned above, we propose the following solu-

tions to advance radiographic report generation. Firstly, we carefully deal with

the fine-grained differences existed in radiographic images from two aspects.

On the one hand, we utilize CLIP (Radford et al., 2021) rather than ResNet as

our visual feature extractor. The advantage of CLIP is two-fold: i) it is built upon

Vision Transformer that extracts regional visual features and relationships, and

ii) it is trained by matching image-text pairs and thus produces text-enhanced

image features. On the other hand, more importantly, we introduce an memory-

augmented sparse attention for high-order feature interactions and embed it into

the transformer encoders and decoders. This attention makes use of bilinear

pooling that proves to be effective for fine-grained visual recognition (Lin et al.,
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2015), memorizes historical information for long report generation, and pro-

duces sparse attention for efficient report generation.

Second, to incorporate semantic textual concepts, we introduce a novel light-

weight medical concepts generation network to predict fine-grained semantic

concepts and incorporate them into medical report generation process, which is

different from the usage of sparse medical tags in the existing methods (Jing et

al., 2018). In sum, our main contributions include: 1) We introduce a bilinear-

pooling-assisted sparse attention block and embed it into a transformer network

to capture the fine-grained visual difference existed between radiographic im-

ages; 2) We propose a medical concepts generation network to provide enriched

semantic information to benefit radiographic report generation; 3) We exten-

sively validate our model on the recently released largest dataset MIMIC-CXR.

5.2 Method

The proposed framework adopts the encoder-decoder paradigm, where the trans-

former encoder and decoder are embedded with a Memory-augmented Sparse

Attention block (MSA) to capture the higher-order interactions between the in-

put fine-grained image features. Meanwhile, a Medical semantic Concepts Gen-

eration Network (MCGN) is incorporated into the report generation model to

further improve the performance. In the following, we first introduce the MSA

block in Section 5.2.1 and how the MSA block are embedded into the encoder

and decoder in Section 5.2.2 and Section 5.2.4, and our proposed MCGN in

Section 5.2.3.
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Figure 5.1. An overview of the proposed framework, which comprises an Image En-
coder, a Medical Concepts Generation Network (MCGN) and a Report Decoder. The
transformer encoder and decoder are embedded with a Memory-augmented Sparse non-
linear Attention (MSA) to capture the higher-order interactions between the input fine-
grained image features. Meanwhile, we inject a medical concepts generator to provide
semantic information to facilitate report generation.

5.2.1 Memory-augmented Sparse Attention of High-order

Interaction

Given the three input matrices, queries Q ∈ RN×Dq , keys K ∈ RN×Dk and

values V ∈ RN×Dv , the conventional self-attention block (Vaswani et al., 2017)

employed by transformer first computes the dot products (element-wise sum)

of each query with all keys and then applies a softmax function to obtain the

weights on the values. Formally, the attention is calculated by:

Attention(Q,K,V) = softmax(
QKT

√
dk

)V (5.1)

It exploits only 1st order interaction of the input vectors since the weight is

derived from the linear fusion of the given query and keys via element-wise sum.

However, the linear attention may not be sufficient to capture the fine-grained

visual differences among the input radiographic images. Inspired by the recent

success of bilinear pooling applied in fine-grained visual recognition, we inject

bilinear-pooling into the self-attention to capture the 2nd or even higher-order

(by stacking these blocks) interactions of the input fine-grained visual features.
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Specifically, we assume the global feature as the query Q ∈ RDq , the regional

features as the key K ∈ RN×Dk and value V ∈ RN×Dv . To record the histori-

cal information, we extent the set of keys and values with additional “memory-

slots” to encode and collect the features from all the previous processes. The key

and value of our memory-augment attention can be defined as: K̂ = [K,Mk]

and V̂ = [V,Mv], respectively, where Mk and Mv are learnable matrices with

nm rows, and [·, ·] indicates concatenation. Then, a low-rank bilinear pool-

ing (Kim et al., 2017) is performed to obtain the joint bilinear query-key Bk

and query-value Bv by

Bk = σ(WkK̂)⊙ σ(Wk
qQ), Bv = σ(WvV̂)⊙ σ(Wv

qQ) (5.2)

where Wk ∈ RDB×Dk , Wv ∈ RDB×Dv , Wk
q ∈ RDB×Dq and Wv

q ∈ RDB×Dv

are learning parameters, σ denotes ReLU unit, and ⊙ represents element-wise

multiplication. Next, we use a linear layer to project Bk ∈ RDc×DB into a

intermediate representation B́k = σ(Wk
BBk), then use another linear layer to

map B́k from Dc dimension to 1 dimension to obtain the spatial-wise attention

weight αs ∈ RDc×1. Unlike (Pan et al., 2020) using softmax to normalize αs,

we utilized another ReLU unit to prune out all negative scores of low query-key

relevance, automatically ensuring the sparse property of the attention weight

βs = σ(αs). Meanwhile, we perform a squeeze-excitation operation (Hu et

al., 2018) to B́k to obtain channel-wise attention βc = sigmoid(Wc)B̄, where

Wc ∈ RDB×Dc is learnable parameters and B̄ ∈ RDB×1 is an average pooling

of B́k. The output attended features of our memory-augmented sparse attention

integrate the enhanced bilinear values with spatial and channel-wise bilinear

attention Q̂ = Attention(K,V,Q) = βc ⊙ LN(βsBv). where LN(·) denotes

variants of layer normalization (Ba et al., 2016).

Such structure design benefits the model in three ways. First, it can explore

higher-order interactions between the input single-model (in the encoder) or

multi-model (in the decoder) features, resulting in a more robust representative
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capacity of the output attended features. Second, the memory tokens we em-

bed into the MSA block can record the previous generation process and collect

historical information, which can be valuable for our task’s long report gener-

ation. Third, we propose a softmax-free sparse attention module, pruning out

all negative attention scores and producing sparse attention of transformer de-

coder with higher efficiency in the process of report generation. We measured

the speedup per training step on 500 steps with about 16 samples per batch to

compare the running efficiency of softmax-base attention and our sparse Relu-

based attention. We perform three runs on a single NVIDIA TESLA V100 and

report average results. Without performance degradation, our sparse attention

can reduce the training time from 0.497s per batch to 0.488s per batch.

5.2.2 Image Encoder

Let’s denote an input image by I. The pre-trained CLIP model (ViT-B/16) is

utilized to extract the regional features of I: f = CLIP(I), where f ∈ RDc×Df .

We take the mean-pooled feature embedding f as the initial Q(0) = 1
Nc

∑Nc

i=1 fi,

and f as the initial K(0) and V(0), and feed them into the encoding layers.

Encoding Layer We embed our memory-augmented sparse attention into a

Transformer-like layer. Formally, for the m-th transformer encoder TEm, we

take the previous output attended feature Q̂(m−1) as the input query, couple

it with the current input keys Km−1 =
{
k
(m−1)
i

}N

i=1
, and values V(m−1) ={

vm−1
i

}N

i=1
, which could be expressed as:

K(m),V(m),Q(m) = TEm(K
(m−1),V(m−1), Q̂(m−1)) (5.3)

where Q̂(m) = Attention(K(m−1),V(m−1), Q̂(m−1)) computed by MSA block(

see sec. 5.2.1). Then, all the keys and values are further updated conditioned on

the new attended feature Q̂(m) by equation: k(m)
i = LN(σ(Wk

m[Q̂
(m),k

(m−1)
i ])+

k
(m−1)
i ) and v

(m)
i = LN(σ(Wv

m[Q̂
(m),v

(m−1)
i ]) + v

(m−1)
i ), respectively, where

Wk
m and Wv

m are learnable parameters. [, ] indicates concatenation. This means
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that each key or value is concatenated with the new attended feature, followed

with a residual connection and layer normalization (Ba et al., 2016). Noted that

the entire image encoder consists of M = 6 encoding layers in this chapter. In

particular, when m = 1, Q̂(0) = Q(0) = 1
Nc

∑Nc

i=1 fi.

5.2.3 Medical Concepts Generation Network

In order to train the Medical Concepts Generation Network (MCGN), we uti-

lize RadGraph (Jain et al., 2021) to extract the pseudo-medical concepts as the

ground-truth for multi-label classification (MLC). Specifically, the RadGraph is

a knowledge graph of clinic radiology entitles and relations based on full-text

chest x-ray radiology reports. We use these entities as the medical semantic con-

cepts and finally select 768 concepts according to their occurrence frequency.

Our MCGN consists of an MSA block for processing the intermediate features

generated by the m-th Encoding layer of Image Encoder. The output of MSA is

Vc = Attention(K(m−1),V(m−1), Q̂(m−1)), where m ∈ [1,M ] denotes the m-

th encoding layer. Then, a linear projection maps Vc from D to K dimensions,

where K is the number of medical concepts. The overall medical concepts

classification loss can be expressed as:

LMLC = − 1

K
·
∑
i

yi · log((1 + exp(−xi))
−1)

+(1− yi) · log
(

exp(−xi)

1 + exp(−xi)

)
,

(5.4)

where xi is the prediction for ith medical concept (i ∈ {0, 1, · · · , K}), and yi

is the ground-truth label for ith medical concept where yi ∈ {0, 1}, with yi = 1

meaning the input image has the corresponding medical concept while yi = 0

meaning the opposite.
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5.2.4 Report Decoder

The report decoder aims to generate the output report conditioned on the at-

tended visual embeddings Vi = Q̂(m)
M

m=0 from image encoder and the medical

concepts embeddings Vc from MCGN. Therefore, we first fused those embed-

dings by the equation: vf = Wf [Q̂
(0), Q̂(1), · · · , Q̂(M)] + Vc, where Wf is a

learnable parameter. The input of transformer decoder is thus set as the con-

catenation of the fused feature vf , the regional features K(M) and V(M) output

by image encoder, and the input word wt. Generally, the first decoder sub-layer

takes vf as the query to calculate sparse nonlinear attention with the word em-

beddings (taken as keys and values) of wt to obtain the visual-enhanced word

embeddings. Then the output of the first sub-layer will be coupled with the

image encoder’s output K(M) and V(M) as Q, K, V input to another sparse at-

tention block and repeat this process. Note that we employ residual connections

around each sub-layers similar to the encoder, followed by layer normalization.

The decoder is also composed of a stack of N = 6 identical layers.

We train our model parameters θ by minimizing the negative log-likelihood of

P(T ) given the image features:

LCE = −
N∑
i=1

logPθ(ti|I, ti−1, · · · , t1) (5.5)

where P(ti|I, ti−1, · · · , t1) represents the probability predicted by the model

for the i-th word based on the information of the image I and the first (i − 1)

words.

Overall objective function Our overall objective integrates the two losses re-

garding report generation and multi-class classification, which is defined as:

Lall = λCELCE + λMLCLMLC (5.6)

The hyper-parameters λCE and λMLC balance the two losses terms, and their

values are given in Section. 5.3.
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5.3 Experiments

5.3.1 Data Collection

MIMIC-CXR (Johnson et al., 2019) is the recently released largest dataset

to date containing both chest radiographs and free-text reports. It consists of

377110 chest x-ray images and 227835 reports from 64588 patients of the Beth

Israel Deaconess Medical Center. In our experiment, we adopt MIMIC-CXR’s

official split following (Chen et al., 2020b; Liu et al., 2021a) for a fair com-

parison, resulting in a total of 222758 samples for training, and 1808 and 3269

samples for validation and test, respectively. We convert all tokens to lowercase

characters and remove non-word illegal characters and the words whose occur-

ring frequency is lower than 5, counting to 5412 unique words remaining in the

dataset.

5.3.2 Experimental Settings

Evaluation Metrics Following the standard evaluation protocol1, we utilise the

most widely used BLEU scores (Papineni et al., 2002), ROUGE-L (Lin, 2004),

METEOR (Banerjee and Lavie, 2005) and CIDER (Vedantam et al., 2015) as

the metrics to evaluate the quality of the generated text report.

Implementation Details We extract our pre-computed image features by a pre-

trained “CLIP-B/16” (Radford et al., 2021) 2 model, resulting in a regional fea-

ture matrix f ∈ R768×196 (reshaped from 768×14×14). The number of memory

vectors is set to 3. The number of the layers in both the image transformer en-

coder and the text transformer decoder is set to 6 and the number of heads in

multi-head attention is set to 8. The hyper-parameters λCE , λMLC are set as 1

and 5, respectively. We train our model using Adam optimizer (Kingma and

1https://github.com/tylin/coco-caption
2https://github.com/openai/CLIP/
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Table 5.1. Performance comparison on MIMIC-CXR dataset.
Methods Bleu-1 Bleu-2 Bleu-3 Bleu-4 ROUGE METEOR CIDEr

Show-Tell 0.308 0.190 0.125 0.088 0.256 0.122 0.096
Att2in 0.314 0.198 0.133 0.095 0.264 0.122 0.106
AdaAtt 0.314 0.198 0.132 0.094 0.267 0.128 0.131

Transformer 0.316 0.199 0.140 0.092 0.267 0.129 0.134
M2Transformer 0.332 0.210 0.142 0.101 0.264 0.134 0.142

R2Gen 0.353 0.218 0.145 0.103 0.277 0.142 0.141
R2GenCMN 0.353 0.218 0.148 0.106 0.278 0.142 0.143

PPKED† 0.360 0.224 0.149 0.106 0.284 0.149 0.237
Self-boost 0.359 0.224 0.150 0.109 0.277 0.141 0.270
baseline 0.352 0.215 0.145 0.105 0.264 0.133 0.240

baseline+MSA 0.369 0.231 0.159 0.117 0.280 0.142 0.297
Ours(baseline+MSA+MCGN) 0.373 0.235 0.162 0.120 0.282 0.143 0.299

Ours+RL 0.413 0.266 0.186 0.136 0.298 0.170 0.429

Ba, 2015) on eight NVIDIA TESLA V100 with a mini-batch size of 32 for each

GPU. The learning rates is set to be 5e − 5, and the model is trained in a total

of 60 epochs. At the inference stage, we adopt the beam search strategy and set

the beam size as 3. In addition, following (Rennie et al., 2017), we also apply

reinforcement learning with CIDEr as the reward and further train the model for

20 epochs to boost the performance.

5.3.3 Results and Discussion

Comparison with SOTA Table 5.1 summarizes the performance comparisons

between the state-of-the-art methods and our proposed model on the MIMIC-

CXR Official test split. Specifically, there are five SOTA image captioning meth-

ods in the comparison, including Show-tell (Vinyals et al., 2015), AdaAtt (Lu et

al., 2017), Att2in (Anderson et al., 2018), Transformer (Vaswani et al., 2017),

and M2transformer (Cornia et al., 2020). Moreover, we also compare with

four SOTA medical report generation methods: including R2Gen (Chen et al.,

2020b), R2GenCMN (Chen et al., 2021), PPKED (Liu et al., 2021a) and Self-

boost (Wang et al., 2021). For PPKED (Liu et al., 2021a), we quote the perfor-

mance from their paper (marked with † in Table. 5.1) since this model does not

release the code. For the other methods in comparison, we download the codes
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released publicly and re-run them on the MIMIC-CXR dataset with the same

experimental setting as ours, so they are strictly comparable.

As shown in Table 5.1, our proposed method is the best performer over almost

all evaluation metrics among the comparing methods, even without the rein-

forcement learning. Specifically, the two very recent medical report generation

models, R2Gen (Chen et al., 2020b) and Self-boost (Wang et al., 2021), per-

form better than other image captioning methods but still lose to ours. R2Gen

adopts a memory-augmented transformer decoder, but its image encoder still

relies on the CNN model, which may fail to identify fine-grained differences

of radiographic images. For the Self-boost model, despite utilizing an image-

text matching network to help the image encoder learn fine-grained visual dif-

ferences, it builds upon CNN and LSTM and does not incorporate semantic

information into the report generation process like ours. It is also noted that

although performing slightly inferior than PPKED (Liu et al., 2021a) on Meteor

and Rouge, our models shows clear advantages over PPKED on Bleu and CIDEr

metrics. PPKED is a transformer based model and encodes semantic concepts

into an external knowledge graph to guide the report generation. However, this

knowledge graph is sparse with only 25 nodes (concepts) and requires extra ef-

forts to construct, while our fine-grained medical concepts can be easily picked

up from the reports.

Figure 5.2. An example report generated by the proposed model. The correctly pre-
dicted medical concepts and the key information in the report are marked red.
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Ablation Study Table. 5.1(lower part) shows the results of the ablation study

to single out the contributions of each component of our model. We remove

MCGN from our model and replace MSA with conventional self-attention (Vaswani

et al., 2017) as the baseline to verify the performance improvements brought by

the proposed attention and our concepts generation network. In table 5.1, there

are three components: MSA, MCGN, and RL, representing Memory-augmented

Sparse Attention, Medical Concepts Generation Network, and Reinforcement

Learning, respectively. The symbols “+” or “-” indicate the inclusion or exclu-

sion of the following component. The benefit of using MSA block can be well

reflected by the improvement from “baseline” to “baseline+MSA”. As shown,

the performance can be further boosted by additionally introducing medical con-

cepts (“baseline+MSA+MCGN”). Moreover, as mentioned, even removing re-

inforcement learning, our model still significantly outperforms the comparing

methods in Table 5.1. Our proposed model produces more accurate and de-

scriptive findings compared with baseline, as the qualitative results show in Fig-

ure. 5.2.

5.4 Conclusions

We propose a medical report generation model utilizing sparse nonlinear atten-

tion in the transformer-structured encoder-decoder paradigm. Compared with

prior arts, our proposed model considers higher-order interactions across the in-

put feature vectors and thus can better cater for the fine-grained radiographic

images. Our proposed Medical Concepts Generation Network introduces rich

semantic concepts and encodes them as semantic information to benefit the ra-

diographic report generation task. Extensive experimental results demonstrate

that our approach surpasses the state-of-the-art with a large margin.



CHAPTER 6

Automated Radiographic Report Generation Purely On

Transformer: A Multi-criteria Supervised Approach

Automated radiographic report generation is challenging in at least two aspects.

First, medical images are very similar to each other and the visual differences of

clinic importance are often fine-grained. Second, the disease-related words may

be submerged by many similar sentences describing the common content of the

images, causing the abnormal to be misinterpreted as the normal in the worst

case. To tackle these challenges, this chapter proposes a pure transformer-based

framework to jointly enforce better visual-textual alignment, multi-label diag-

nostic classification, and word importance weighting, to facilitate report genera-

tion. To the best of our knowledge, this is the first pure transformer-based frame-

work for medical report generation, which enjoys the capacity of transformer in

learning long range dependencies for both image regions and sentence words.

Specifically, for the first challenge, we design a novel mechanism to embed an

auxiliary image-text matching objective into the transformer’s encoder-decoder

structure, so that better correlated image and text features could be learned to

help a report to discriminate similar images. For the second challenge, we inte-

grate an additional multi-label classification task into our framework to guide the

model in making correct diagnostic predictions. Also, a term-weighting scheme

is proposed to reflect the importance of words for training so that our model

would not miss key discriminative information. Our work achieves promising

performance over the state-of-the-arts on two benchmark datasets, including the

largest dataset MIMIC-CXR.

77
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6.1 Introduction

Medical report generation roots in a more general research topic of image cap-

tioning. A comprehensive review is given in Section 2.1. Despite their achieve-

ments, it is known that current image captioning methods usually generate overly

rigid reports which do not work well on discriminating similar images and tend

to repeat the phrases that frequently appear in the training set (Wu et al., 2020).

This makes them difficult to be effectively applied to radiographic report gener-

ation due to two challenges. First (Challenge I), medical images are very similar

to each other and clinic importance is often reflected via fine-grained visual dif-

ferences. Second (Challenge II), the disease-related words may be submerged

by many similar sentences describing the common content of the images. This

could cause the abnormal to be misinterpreted as the normal in the worst case.

Existing medical report generation methods have made extra efforts, such as

training additional classifiers to predict disease labels or medical tags (Jing et

al., 2018; Yin et al., 2019) or ultilising knowledge graph as prior (Zhang et

al., 2020), to improve the report quality. In addition, since medical reports are

long narratives of multiple sentences, efforts have also been spent in developing

models, such as hierarchical LSTM (Krause et al., 2017; Jing et al., 2018), for

long paragraph generation.

To advance radiographic report generation, we propose a multi-criteria super-

vised transformer in this chapter. The whole model is built purely upon trans-

former without the need of CNN. Different from common image captioners us-

ing CNN to extract visual features, our transformer based visual encoder circum-

vents the limited receptive field of CNNs, so that long-range visual dependency

could be effectively learned. As for our text decoder, a memory-augmented

transformer replaces the commonly used hierarchical LSTM for long paragraph

generation, which could fully explore word relationship in long range. More-

over, to respond to the two challenges mentioned above, we bring forward a
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multi-criteria supervision framework to better train our transformer for report

generation. Specifically, for Challenge I, an objective of image-text matching

is tactically proposed to force strongly correlated visual and text features to be

learned, so that the generated reports could discriminate similar images. For

Challenge II, a multi-label classification objective for medical tag prediction is

employed to regularise report generation, as well as a proposed term weighting

scheme that adjusts the importance of words for training. Our contributions are

summarized as follows.

First, to the best of our knowledge, this is the first work that generates med-

ical reports purely based on a transformer model. Transformer, as arguably

the next generation scalable vision model, has made its first step in completely

replacing CNN for image classification (Dosovitskiy et al., 2021). Our work

demonstrates the possibility for a pure transformer model (under the proposed

multi-criteria supervision) to achieve the state-of-the-art performance in med-

ical report generation without using CNN, which has considerable referential

importance to successive works. Compared with almost all existing medical re-

port generation methods (Jing et al., 2018; Yin et al., 2019; Yuan et al., 2019;

Xue et al., 2018; Xue and Huang, 2019) that rely on a pretrained ResNet (He

et al., 2016) or DenseNet (Huang et al., 2017) to extract image-level features

for visual representation, our pure-transformer based approach extracts regional

features without the need of generating region proposals, and explicitly consid-

ers the relationship among image regions for better visual representation. Please

note that, although some CNN-based image captioning methods (Anderson et

al., 2018; Cornia et al., 2020; Zhou et al., 2020; Yao et al., 2018) use pretrained

Fast-RCNN model (Ren et al., 2017b) to detect object regions for regional fea-

tures, they have to step back to image-level features for medical report genera-

tion since such datasets rarely have ground-truth object bounding-boxes to allow

fine-tuning Faster-RCNN, while the latter is pretrained on natural images that

do not share common object classes with medical images. Building upon the
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pure transformer architecture, our method could avoid this problem by circum-

venting the generation of region proposals when exploring regional features and

relationships.

Second, we propose to utilise the image-text matching loss to enforce our model

to learn strongly correlated image and text features for report generation. The

image-text matching loss explicitly measures the semantic similarity between

a given image-text pair by classifying whether they are a true pair or not. In

our approach, an image and its corresponding ground-truth report form a true

(positive) pair, while an image and the report of any other images form a false

(negative) pair. Differentiating whether a report matches the given image helps

correlate the learned visual and textual features. Moreover, we design a novel

mechanism that enables us to effectively embed the image-text matching task

into the transformer framework with end-to-end training. Please note that this

is not trivial to be achieved in a unified network since report generation and

image-text matching have different ways of utilizing image and text features.

With our design, we could effectively achieve this without the need to alter the

transformer structure or introduce a separate branch for image-text matching,

avoiding increasing the complexity of the network model while improving the

quality of the generated reports.

Third, we bring in a term-weighting scheme and a multi-label classification ob-

jective to further supervise our model to accurately capture critical diagnostic

information and generate reports. Specifically, the term-weighting scheme re-

weights the importance of words in the reports, increasing the weight of discrim-

inative terms that occur relatively rarely, while the multi-label classification is

performed to predict the medical tags of the given image so that such informa-

tion could be catered for in the feature learning.
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Figure 6.1. An overview of the proposed framework which comprises of a vision trans-
former encoder and a memory augmented text transformer decoder. The whole model
is supervised by three criteria: 1) a term weighting loss for the main task of report
generation (RG loss), 2) an image-text matching loss with temporal-weighting (ITM
loss), which facilitates report generation by enforcing the model to learn strongly cor-
related visual and textual features, and 3) a multi-label classification loss (MLC loss)
that regularises the report generation by ensuring the model to make correct diagnostic
prediction.

6.2 Method

Figure 6.1 shows the overview of our proposed model. It follows the trans-

former’s encoder-decoder architecture and consists of a vision transformer en-

coder and a text transformer decoder. The vision encoder splits an image into

patches as the input and uses a pure transformer to extract visual features. Its

output is fed into both the text decoder to produce a report and the multi-label

classification (MLC) network for diagnostic prediction. The text decoder is built

upon a memory-augmented transformer which applies a memory-driven layer

normalization module (Chen et al., 2020b) to explore and preserve the relation

between the words in a report. The generated reports are evaluated by the report
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generation (RG) loss via a term-weighting scheme. In addition to the main RG

loss and the auxiliary MLC loss, another auxiliary image-text matching (ITM)

loss is jointly assessed for training. It evaluates whether a given image-report

pair is a true pair, enforcing strongly correlated visual and textual features to be

learned for this case. The ITM task shares the same transformer structure as the

RG task, with a temporal-weighted matching loss carefully designed by scruti-

nising transformer’s masked self-attention mechanism. Our model components

are elaborated as follows.

6.2.1 Structure of the Proposed Model

Vision Transformer Encoder. Let’s denote an input image by I ∈ RC×H×W ,

where C is the number of channels and H and W stand for image height and

width, respectively. I is reshaped as a sequence of flattened 2D image patches

collectively represented by Ip ∈ RNp×P 2C , where “p” is short for “patch”, Np =

HW
P

is the total number of patches and P is the length of the side of a patch. In

other words, the input image is represented by a vector with the dimensions of

NpP
2C. The input image can now be viewed as a sequence of Np image patch

tokens, while the size of each token equals P 2C.

These image patches are further processed by a linear projection layer and their

embedding can be collectively expressed as Ep = IpW
⊤
p , where Wp ∈ RD×P 2C

and therefore Ep is in the size of Np×D. Furthermore, at the head of patch em-

bedding, we concatenate a special [CLS] token Ecls like as in Bert (Devlin et

al., 2019). It is a learnable one-dimensional embedding of the length D and

its output from the transformer encoder (shown as the red block in Figure 6.1)

serves as the representation of the entire input image for classification. The con-

catenated patch embedding [Ecls;Ep] is then added with a standard learnable 1D

position embeddings Epos ∈ R(Np+1)×D that carries the positional information,
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forming the input V0 to the transformer encoder:

Z0 = [Ecls;Ep] + Epos, (6.1)

where “;” indicates concatenation. Z0 consists of (Np+1) row vectors {zi0}
Np+1
i=1 ,

each of which represents the feature vector from an image patch.

As shown in Figure 6.1, our vision transformer (Vaswani et al., 2017) encoder

consists of three encoder layers (as indicated by “3×” to the left of Figure 6.1)

and each layer contains several key components: multi-head self-attention (MSA),

Feed Forward (FF), and Layer normalization (LN). The fundamental operation

of MSA relies on the concept of self-attention, which is built upon three vec-

tors: queries q, keys k and values v. They are obtained by mapping the input

zi0 into a metric space through a linear projection: qi = Wqz
i
0, ki = Wkz

i
0,

and vi = Wvz
i
0, where matrices Wq, Wk, and Wv are learnable parame-

ters. The output of the MSA operation on zi0 is ai = softmax
(

q⊤
i k√
dk

)
vi, where

i ∈ [1, Np + 1] and k =
[
k1, · · · ,kNp+1

]
, which can be considered as a

weighted sum of the value vector while the weight is computed using a softmax

activation function over the inner product of the query with the corresponding

keys. All the computations can be performed in parallel and expressed as

Att(Q,K,V) = softmax

(
QKT

√
dk

)
V. (6.2)

The output of our transformer encoder is as follows:

Ẑl = MSA(LN(Zl−1) + Zl−1), l = 1, · · · , Le

Zl = FF(LN(Ẑl−1)) + Ẑl−1, l = 1, · · · , Le

(6.3)

where Le (i.e., 3 in our model) is the total number of encoder layers. Ẑl and Zl

represent the outputs from the MSA and FF blocks in the l-th layer of the trans-

former encoder. The last output of the transformer encoder ZLe contains two

parts: the [CLS] token embedding ZCLS
Le

and the image patch embedding Zpat
Le

.

The ZCLS
Le

is fed into a multi-label classification task to predict the medical tags
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of the input image while the Zpat
Le

is fed into the transformer decoder for report

generation.

Text Transformer Decoder The input of our text transformer decoder includes

the vision encoder’s output Zpat
Le

and the right-shifted text sequence embedding

T0, which is the sum of the word embedding and the positional embedding,

as done in common practice. As shown in Figure 6.1, in addition to the com-

mon MSA and FF, we employ a memory-driven conditional layer normalization

(MLN) (Chen et al., 2020b). Compared with the traditional layer normaliza-

tion, MLN incorporates the relational memory module proposed in (Chen et

al., 2020b) by feeding its output m to γ and β. Consequently, this design can

take the benefit from the memory while preventing it from influencing too many

parameters of Transformer so that some core information for generation is not

affected. The expression of the memory-driven conditional layer normalization

is shown as the follows.

MLN = γ̂ ⊙ r − µ

σ
+ β̂ (6.4)

where γ̂ and β̂ are expressed as γ̂ = γ+fmlp(m), β̂ = β+fmlp(m), respectively,

in which fmlp(·) is a linear projection function.

Our text decoder consists of three decoder layers Ld = 3, and the outputs of all

previous layers are reused as the input in the successive layers. The outputs T̂l,

T̂Zl and TZl of the three blocks in each decoder layer are

T̂l = MSA(MLN(Tl−1)) +Tl−1

T̂Zl = MSA(MLN(Zpat
Le

,Zpat
Le

, T̂l)) + T̂l

TZl = FF(MLN(T̂Zl)) + T̂Zl

(6.5)

where l ∈ {1, · · · , Ld} indexes the decoder layer.
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Instead of just utilising the last decoder layer’s output, we compute the average

of the outputs from all the three decoder layers as the fused features of the image

and text. This caters for both the general information contained in the earlier

decoder layers and the task specific information contained in the later decoder

layers.

6.2.2 Multi-criteria Objectives

Term-weighted report generation loss. In medical report generation, the vo-

cabulary of the reports usually faces the long-tail issue, that is, the key discrim-

inative words occur at a low frequency in the reports while the less important

words could appear much more frequently. In this case, treating each word

equally will hurt the capability of the model in generating important informa-

tion in a report. Therefore, assigning term weight to each word becomes neces-

sary. The well-established TF-IDF measure in information retrieval is a natural

choice for this purpose.

Let’s denote the medical report and the vocabulary as {Tk}NK

k=1 and {ts}NS

s=1,

respectively. Tk is the kth report in the corpus, and ts is the sth word in the

vocabulary. Let nsk be the total number of words ts in a report Tk. Term

Frequency and Inverse Document Frequency are defined as

TFsk =
nsk∑NS

s=1 nsk

; IDFs = log
NK

|{k|ts ∈ Tk}|
. (6.6)

The term weight of word ts in report Tk is obtained as

twsk = TFsk · IDFs. (6.7)

We pre-compute the term weight of each word in a report as {twi}Ni=1, where

N denotes the total number of words in the report. By incorporating them into
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Figure 6.2. (a) The shift-right mask: blue indicates “1” and white indicates “0”. (b)
x-axis is the masking step, while y-axis is the ratio of text information (i.e., Str) in the
similarity score. Due to the shift-right masked self-attention, this ratio increases with
steps. Accordingly, we assign higher weight (green curve) to the similarity score of
later steps to compute image-text matching loss.

the cross-entropy loss commonly used in report generation, we produce a term-

weighted report generation loss as follows.

Ltw
RG = −

∑N
i=1 twi · logP (ti|I, ti−1, · · · , t1)∑N

i=1 twi

. (6.8)

where P (ti|I, ti−1, · · · , t1) represents the probability predicted by the model for

the i-th word based on the information of the image I and the first (i−1) words.

Temporal-weighted ITM loss Some visual language tasks such as image-text

matching explicitly learn image-text alignment. Compared with image cap-

tioning, those tasks do not have to consider sentence grammar and have more

objective training losses (Zhou et al., 2020). In this chapter, we leverage the

joint training of image-text matching and report generation to learn strongly-

correlated visual and textual features to facilitate report generation.

Image-text matching has to be tactically incorporated into our pure transformer-

based report generation framework. As discussed in Section 2.4, the sole image-

text matching task could be be easily embedded into transformer structure as
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this only touches the transformer’s encoder and both the visual features and the

text embedding are fed into the encoders concurrently. However, the situation

becomes more complicated in our case as the image-text matching task is now

entangled with the report generation task which contains both the encoder and

decoder of the transformer. In this case, we propose to use the encoder for

visual feature extraction and incorporate text embedding through the decoder.

However, such incorporation is not straightforward since the report generation

task and the image-text matching task share the same network model but have

different ways of using the image and text features. For report generation, the

transformer decoder takes the visual features and the embedding of the previous

word as the input to generate the next word. This is implemented by covering

the word embedding of the input sentence with a shift-right mask in order to

generate the predicted word step by step and meanwhile, compute in parallel,

which is known as masked self-attention (Figure 6.2 (a)). However, this shift-

right mask will cause an imbalance issue between image and text information

during their feature fusion for image-text matching, since in the early steps of

the masked self-attention (corresponding to the bottom rows of the mask matrix)

a large portion of the sentence is masked off so that only a small portion of

text information is used to match the whole image. The text information will

gradually increase when more and more words are unmasked (corresponding to

the top rows of the mask matrix) and finally the whole sentence is taken into

account.

Scrutinising the masked self-attention mechanism, we design a temporal-weighted

loss to compensate the imbalance of image and text information. The weight-

ing function is a monotonically increasing one, giving higher weight to the later

fused feature since it contains more textual content. It is formally expressed as

follows.

Let TE and TD be the embedding functions of the transformer’s encoder and de-

coder. Let T0 = {ti}Nr

i=1 be the shifted right input sequence of a report, where Nr
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is the sequence length. The decoder output is denoted as F = TD(TE(Z0),T0),

where F = {fi}Nr
i=1 can be considered as the shift-righted fusion features. Specif-

ically, f1 is the fusion feature coming from the visual feature Z0 and the first

word t1, while fNr is the fusion feature from Z0 and the whole input sentence

T0.

A linear projection layer S = WfF is further applied to map the fusion feature

F ∈ RNr×dk from dk dimensions to one dimension. We interpret S = {si}Nr
i=1

as the similarity scores of the visual feature Z0 with the shift-right word tokens.

As shown in Figure 6.2 (b), with the increase of the step i, higher weight is

assigned to the similarity score si. The overall similarity score S(I,T) between

the input image I and the input text sequence T is defined as

S(I,T) =

∑Nr

i=1 λ
i
ITM · si∑Nr

i=1 λ
i
ITM

, (6.9)

where λi
ITM = (Nr − i + 1)−α increases temporally with step i. α is a preset

hyper-parameter (e.g., 0.5 in this chapter).

We train the image-text matching task with a triplet loss:

LITM = [max(0, S(I,Tpos)− S(I,Tneg) + ϵ)]+

µITM · [S(I,Tneg)
2 + S(I,Tpos)

2],
(6.10)

where Tpos (Tneg) is the positive (negative) text sample that matches (mis-

matches) the given image I. The negative samples are obtained by pairing each

image with the report of another image from a min-batch. ϵ is a parameter of

margin and µITM is a hyper-parameter for L2-regularization.

Multi-label classification loss. Upon the output of the transformer encoder, we

introduce a multi-label classification (MLC) task to predict the medical tags of

the input image to regularise report generation. Specifically, we only utilise the

embedding of the [CLS] token as the global representation of the image for this
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task, denoted as V cls
L ∈ Rb×D, where b is the number of images in a mini-batch

and D is the dimensions of the [CLS] embedding. A linear projection maps

V cls
L from D to K dimensions, where K is the number of multi-label classes.

The MLC loss is defined as

LMLC = − 1

K
·
∑
i

yi · log((1 + exp(−xi))
−1)

+(1− yi) · log
(

exp(−xi)

1 + exp(−xi)

)
,

(6.11)

where xi is the prediction for tag i (i ∈ {0, 1, · · · , K}), and yi is the ground-

truth label for tag i where yi ∈ {0, 1}, with yi = 1 meaning the input image has

the corresponding tag while yi = 0 meaning the opposite.

Overall objective function Our overall objective integrates the three losses re-

garding report generation, image-text matching, and classification, which is de-

fined as

Lall = λRGLtw
RG + λITMLITM + λMLCLMLC . (6.12)

The hyper-parameters λRG, λITM and λMLC balance the three loss terms, and

their values are given in Section. 6.3.

6.3 Experiments

6.3.1 Datasets

In this chapter, we evaluate the performance of our proposed model and com-

pare it with the state-of-the-arts (SOTA) image captioning and medical report

generation methods on two public datasets.

IU-Xray As the most widely used benchmark for medical report generation

task, Indiana University Chest X-ray Collection (IU-Xray) (Demner-Fushman

et al., 2016) contains 3955 fully de-identified radiology reports, each with a
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frontal and/or lateral chest X-ray images, counting to 7470 chest X-ray images

in total. Each report is composed of sections such as “Impression”, “Findings”

and “Tags”, where “Impression” is a single sentence description of the image,

“Findings” is a long paragraph with detailed description of the evidence and

“Tags” are the keywords which are identified using the Medical Text Indexer 1.

In this work, by considering only the reports with two complete image views and

the complete sections of “Findings” and “Impression”, we work on a smaller

dataset with 3195 reports and 6390 images. All words in “Findings” and “Im-

pression” are tokenised into 2076 unique words, with two special tokens, ⟨start⟩

and ⟨end⟩, indicating the start and the end of a sentence. Following (Jing et al.,

2018; Xue et al., 2018), 10% of reports are randomly picked to form the test set.

All evaluations are done on the test set.

MIMIC-CXR The recently released MIMIC-CXR (Johnson et al., 2019) is the

largest public dataset containing both the chest radiographs and free-text re-

ports. In total, it consists of 377110 chest x-ray images and 227835 reports

from 64588 patients of the Beth Israel Deaconess Medical Center examined be-

tween 2011 and 2016 (Pavlopoulos et al., 2022). In our experiment, we adopt

MIMIC-CXR’s official split following the work (Chen et al., 2020b) for a fair

comparison, resulting in a total of 222758 samples for training, and 1808 and

3269 samples for validation and test, respectively. We convert all tokens to low-

ercase characters and remove non-word illegal characters and the words whose

occurring frequency lower than 10, counting to 4030 unique words remaining in

the dataset. In addition, the structured labels provided by this dataset, including

“No Finding” and other 13 descriptive labels, are used as the 14 tags to train our

MLC task. Each label contains one of the four values: 1, 0, −1, or “missing”,

representing “positively mentioned”, “negatively mentioned”, “mentioned with

uncertainty” and “no mention”, respectively. We only keep the labels with the

values 1 and 0 when training the MLC task.

1https://ii.nlm.nih.gov/MTI/
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6.3.2 Experimental Settings

Evaluation Metrics Following the standard evaluation protocol2, we utilise the

most widely used BLEU scores (Papineni et al., 2002), ROUGE-L (Lin, 2004)

and CIDEr (Vedantam et al., 2015) as the metrics to evaluate the quality of the

generated text report.

Implementation Details We use paired images as the input for IU-Xray and

concatenate the features of the frontal and lateral views, while use single im-

age input for MIMIC-CXR to ensure consistency with the experiment settings

in (Chen et al., 2020b). We also adopted the same preprocessing to the reports as

paper (Chen et al., 2020b), removed irregular characters and uniformly replaced

the connectors between sentences in the report with “. ”. For vision transformer

encoder, we resize the input image to 448×448 and set the patch size to 32. The

number of the layers in both the vision transformer encoder and the text trans-

former decoder is set to 3 and the number of heads in multi-head attention is set

to 8. The hyper-parameters ϵ and µReg
ITM in Eqn. 6.10 are set to 0.05 and 0.025,

while λRG, λMLC , and λITM in Eqn. 6.12 are set as 1, 2, and 5, respectively. We

train our model using Adam optimizer (Kingma and Ba, 2015) with mini-batch

size of 16. The learning rates are set to be 5e − 5 and 1e − 4, respectively, for

the vision encoder and the rest parameters. The model is trained in a total of

30 epochs. These settings are equally applied to both datasets. For the model’s

efficiency, in the training phase, we use two NVIDIA 2080Ti GPUs and trained

aour model for bout 48 hours on the MIMIC-CXR dataset and 3 hours on the

IU-Xray dataset in a total of 30 epochs. In the inference phase, the inference

time per batch is about 4.5 seconds, with a batch size of 32 and a maximum

report length of 60.

2https://github.com/tylin/coco-caption
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Table 6.1. Comparison on IU-Xray (upper part) and MIMIC-CXR datasets (lower
part). † indicates the results are quoted from the published literature. Specifically,
we quote the results from (Li et al., 2019a) for IU-xray, and from (Chen et al., 2020b)
for MIMIC-CXR. For other methods in comparison, their results are obtained by re-
running the publicly released codes on these two datasets using the same training-test
partition as our method so that they are strictly comparable.

Dataset Methods BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE CIDEr
Show-Tell 0.346 0.214 0.141 0.095 0.320 0.239
Att2in 0.399 0.249 0.172 0.126 0.321 0.341
AdaAtt 0.436 0.288 0.203 0.150 0.354 0.265
Topdown 0.375 0.237 0.167 0.123 0.319 0.336
Transformer 0.422 0.264 0.177 0.120 0.338 0.268
M2transformer 0.463 0.318 0.214 0.155 0.335 0.349

IU-Xray Grounded 0.446 0.301 0.237 0.176 0.343 0.395
MRMA 0.415 0.315 0.223 0.166 0.349 0.176
R2Gen 0.445 0.283 0.202 0.155 0.372 0.353
CoAtt† 0.455 0.288 0.205 0.154 0.369 0.277
HGRG-Agent† 0.438 0.298 0.208 0.151 0.322 0.343
CMAS-RL† 0.464 0.301 0.210 0.154 0.362 0.275
Ours 0.496 0.319 0.241 0.175 0.377 0.449
Show-Tell† 0.299 0.184 0.121 0.084 0.263 -
Att2in† 0.325 0.203 0.136 0.096 0.276 -
AdaAtt† 0.299 0.185 0.124 0.088 0.266 -

MIMIC-CXR Transformer† 0.314 0.192 0.127 0.090 0.265 -
M2transformer 0.212 0.128 0.083 0.058 0.240 0.074
Grounded 0.271 0.174 0.122 0.094 0.257 0.150
R2Gen 0.347 0.212 0.143 0.103 0.271 0.142
Ours 0.351 0.223 0.157 0.118 0.287 0.281

6.3.3 Results and Discussion

Comparison with SOTA Methods Table 6.1 shows the performance compari-

son between our proposed model and existing SOTA methods in image caption-

ing and medical report generation.

On IU-Xray, there are seven SOTA image captioning methods in the compari-

son, including Show-tell (Vinyals et al., 2015), AdaAtt (Lu et al., 2017), Att2in (An-

derson et al., 2018), Topdown (Rennie et al., 2017), Transformer (Vaswani et

al., 2017), M2transformer (Cornia et al., 2020), and Grounded (Zhou et al.,

2020). The results of these methods are obtained based on our re-running of the

publicly released codes under the same experiment setting as ours, so they are

strictly comparable. Moreover, we also compare with five SOTA medical report

generation methods: including CoAtt (Jing et al., 2018), HGRN-Agent (Li et
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al., 2018), KERP (Li et al., 2019a), MRMA (Xue et al., 2018), and the very re-

cent method R2Gen (Chen et al., 2020b) which incorporated transformer (as the

text decoder) for Chest X-ray report generation. For MRMA (Xue et al., 2018)

and R2Gen (Chen et al., 2020b), we download the publicly released code and

re-run it using the same experiment setting as ours. For the rest three methods

CoAtt (Jing et al., 2018), HGRN-Agent (Li et al., 2018) and KERP (Li et al.,

2019a), we have to directly quote their results from (Li et al., 2019a; Chen et

al., 2020b) since we could not access their codes. These results were chosen

because the performance of the basic Show-Tell method reported in (Li et al.,

2019a; Chen et al., 2020b) is close to that obtained in our experiment, implying

certain comparison base. However, since the data split is unknown, the quoted

results of CoAtt (Jing et al., 2018), HGRN-Agent (Li et al., 2018) and KERP (Li

et al., 2019a) may not be strictly comparable with that of our method, and they

were listed just for reference. As shown in Table 6.1 (upper part), on IU-Xray,

our proposed method achieves the best performance over almost all evaluation

metrics among the comparing methods. It outperforms the second best per-

former Grounded (Zhou et al., 2020) that also makes use of image-text match-

ing for image captioning over all metrics except BLEU-4. This demonstrates

the advantages of our joint training of image-text matching and report gener-

ation over the separated manipulation of the two tasks in (Zhou et al., 2020).

Meanwhile, it is noted that our proposed model also beats the three transformer

based models Transformer (Vaswani et al., 2017), M2transformer (Cornia et al.,

2020), and R2Gen (Chen et al., 2020b) in comparison.

On MIMIC-CXR, we compare with R2Gen (Chen et al., 2020b) and another six

image captioners as shown in Table 6.1 (lower part). Except M2transformer (Cor-

nia et al., 2020), Grounded (Zhou et al., 2020) and R2Gen (Chen et al., 2020b),

the results of other comparing methods are quoted from (Chen et al., 2020b).

Please note that since the official split of MIMIC-CXR is used in all these meth-

ods and ours, the results are comparable. Again, our model is overall the best
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Table 6.2. Ablation study on key components using IU-Xray. Here “baseline” refers to
our pure transformer framework without the three criteria. “MLC”, “ITM”, “TW”, and
“TmW” stand for “Multi-Label Classification”, “Image-text Matching”, “Term Weight-
ing”, and “Temporal-Weighting”. BLlue-4 is the BLUE score computed with 4-grams.

Model B@4 Rouge CIDEr
baseline 0.151 0.367 0.355
baseline+MLC 0.162 0.372 0.381
baseline+ITM+MLC 0.169 0.375 0.421
Ours\TmW 0.157 0.354 0.399
Ours\ITM 0.164 0.371 0.407
Ours (baseline+ITM+MLC+TW) 0.175 0.377 0.449

performer on this largest benchmark. It wins the vanilla Transformer (Devlin

et al., 2019), M2transformer (Cornia et al., 2020), and R2Gen (Chen et al.,

2020b), all of which still need CNNs in addition to transformer.

From the results on the two benchmarks, we observe that our proposed model

could especially improve CIDEr that down-weights common words in all re-

ports. This reflects the effectiveness of our strategies in tightly aligning visual

and textual features and weighting the importance of words.

Ablation Study Based on IU-Xray, We conduct an ablation study on the key

components of our proposed model, singling out the contributions of each com-

ponent. For this purpose, we remove the three criteria from our proposed method

as the baseline, which is a pure transformer model (with the memory-augmented

module) supervised by the common cross-entropy loss for report generation, to

verify the performance improvements brought by Temporal-weighted ITM su-

pervision, MLC supervision and the term-weighted RG supervision. In addition,

to further investigate the ITM loss with our proposed temporal-weighting, we

also test two variants: one completely removes the ITM loss (together with the

temporal weighting) and is denoted as “Ours\ITM”; the other keeps the ITM

loss but switches off the temporal weighting in our proposed model by setting

all temporal weights to 1, and is denoted as “Ours\TmW”. As can be seen, using

our supervision criteria, our model could significantly elevate the performance
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ϵ µITM Bleu-4 Rouge CIDEr
0.05 0.025 0.175 0.377 0.449

0.025(0.05/2) 0.025 0.173 0.374 0.437
0.1(0.05*2) 0.025 0.177 0.378 0.452

0.05 0.0125(0.025/2) 0.170 0.372 0.413
0.05 0.05(0.025*2) 0.174 0.375 0.434

Table 6.3. Ablation studies on hyper-parameters of Eqn. 6.9 using IU-Xray

of our baseline transformer model in all three metrics. The most remarkable

overall improvement is in CIDEr, which increases from 0.355 to 0.449. This is

a favorable property since CIDEr focuses more on those words that discriminate

across reports. Specifically, the regularisation from MLC loss could improve

the baseline in all three metrics, with BLUE-4 from 0.151 to 0.162, Rouge from

0.367 to 0.372, and CIDEr from 0.355 to 0.381. This performance could be

further increased by the addition of the ITM loss, with BLUE-4 from 0.162 to

0.169, Rouge from 0.372 to 0.375, and more significantly CIDEr from 0.381

to 0.421. Eventually, the best performance is achieved by our proposed whole

model (denoted as “Ours”) that further employs term weighting to raise the im-

portance of key words. Furthermore, comparing “Ours” and “Ours\TmW”, it

can be seen that our proposed temporal weighting in ITM loss could signifi-

cantly improves BLUE4 from 0.157 to 0.175, and CIDEr from 0.399 to 0.449,

verifying our analysis in ITM supervision. The importance of the temporal

weighting to the ITM loss could also be reflected by comparing the results of

“Ours\ITM” and “Ours\TmW”. It implies that without the proposed tempo-

ral weighting, the addition of ITM loss may negatively affect the performance,

which is consistent with our observation that the report generation task and the

ITM task have different ways of using the fused image and text features and thus

integrating them in the same network structure has to be carefully designed like

in our approach.

we further perform an ablation study to analyze the hyper-parameters in Eqn. 6.9.

The Eqn. 6.9 contains two hyper-parameters: ϵ and µITM , where ϵ is the margin
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of triplet loss and µITM is a hyper-parameter for L2-regularization. We fix one

hyper-parameter and increase/decrease the other parameter by 2 times, respec-

tively. As shown in Table 6.3, we can achieve a better result when we set ϵ and

µITM as 0.1 and 0.025 respectively.

Finally, we perform another ablation study based on IU-Xray to investigate the

influence of key hyper-parameters λRG, λITM , and λMLC used to balance our

proposed three supervision criteria. We fix λRG = 1, and vary the other two

parameters as in Table 6.4 for investigation. As can be seen, when these hyper-

parameters vary in a reasonably large range, our model can still perform better

than most of the methods in comparison in Table 6.1 (upper part).

Qualitative Results Figure 6.3 and Figure 6.4 exhibit the generated reports on

the IU-Xray dataset and MIMIC-CXR dataset, respectively. To facilitate com-

parison, we highlight the key information in ground truth reports in bold. Mean-

while, in the generated reports, sentences are highlighted with different colors:

red for incorrect generations (content not existing in the ground-truth reports),

blue for partially correct generations (similar meaning but with different ex-

pressions), and green for completely correct generations (same expressions).

As can be observed, compared with the baseline and the other three competitive

methods, the report generated by our full model captures more key information

under the supervision of the three criteria, producing more sentences in green,

which indicates our generated reports are more consistent with the ground-truth

reports.

Table 6.4. Ablation studies on hyper-parameters using IU-Xray. We fix λRG = 1
and vary λITM and λMLC for the investigation. The default values are: λRG = 1,
λITM = 5, and λMLC = 2.

λITM λMLC Bleu-4 Rouge CIDEr
1 1 0.165 0.367 0.401
5 2 0.175 0.377 0.449
10 2 0.157 0.302 0.374
5 4 0.171 0.373 0.422
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Figure 6.3. Examples of the generated reports on IU-xray dataset. We compare our
results with the ground truth report, baseline and the other three most competitive
methods: M2transformer (Cornia et al., 2020) ,Grounded (Zhou et al., 2020) and
R2Gen (Chen et al., 2020b). The highlighted sentences with red, blue and green color in
the generated reports respectively represent: incorrectly predicted sentences; sentences
not exactly consistent with ground-truth; sentences that completely match the ground-
truth.

We also add two failure cases as shown in Figure 6.5 for IU-Xray (upper) and

MIMIC-CXR (lower) datasets. After analyzing the failure cases, we think one

important reason causing the failures might be the long-tailed distribution of

sentences/terms in the reports of these datasets. The most commonly used tem-

plates in IU-Xray are counted in paper (Jing et al., 2019), including: “The lungs

are clear”, “There is no pleural effusion or pneumothorax.”, “No evidence of fo-

cal consolidation, pneumothorax, or pleural effusion”, etc. Just like the failure

case shown in Figure 6.5, those sentences (marked in red) are more likely be

predicted by the model since they appear frequently in the report. Furthermore,

for the MIMIC-CXR dataset, we did our own statistics from 222758 training

reports to analyze the case shown in Figure 6.5 (lower part). For the gener-

ated report, the sentence “pa and lateral views of the chest” appeared 22678

times in the training set, “the lungs are clear” appear 40038 times, the sequence

“mild pulmonary edema” appear 5109 times; For the ground-truth report, the
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Figure 6.4. Examples of the generated reports on MIMIC-CXR dataset. We compare
our results with the ground truth report, baseline and the other three most competi-
tive methods: M2transformer (Cornia et al., 2020) ,Grounded (Zhou et al., 2020) and
R2Gen (Chen et al., 2020b). The highlighted sentences with red, blue and green color in
the generated reports respectively represent: incorrectly predicted sentences; sentences
not exactly consistent with ground-truth; sentences that completely match the ground-
truth.

term “mild-to-moderate pulmonary edema” appears 432 times and the sentence

“small bilateral pleural effusions have resolved” appears only 19 times in all

training reports, while they are missing in the generated report. From the above

analysis, we can see that the problem of long-tail distribution does exist and this

will be a very valuable research direction in the future.

6.4 Conclusion

This work is the first attempt to build pure transformer based model to accurately

generate diagnostic reports from radiographs. The proposed model is effectively

trained under three supervision criteria to ensure well aligned visual and textual

features, accurate multi-label diagnostic discrimination, and word-importance
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Figure 6.5. The failure cases for IU-xray dataset (upper case) and MIMIC-CXR dataset
(lower case). Sentences marked in red indicate frequently occurring sentences in the
report

aware report generation. In this way, the generated reports are sensitive to sim-

ilar images and key words of clinic importance, offering the state-of-the-arts

performance on two benchmarks. Although our method achieved promising

results in medical report generation, there are some limitations in the current

model. First, the example failure cases we provided in Figure 6.5 show the evi-

dence about the problem of long-tail distribution of terms in the training reports.

There are some efforts exploring long-tail distribution in the field of natural im-

age classification and object detection, but such research in the natural language

processing and medical report generation is still superficial and could be taken

as a future research direction. Second, we apply global self-attention for the re-

port, making the calculation relatively expensive. Efficient transformers (Tay et

al., 2023) could be explored in the future for medical report generation. Further-

more, as for our future work, the medical text indexer can be utilized to obtain

more fine-grained tags for multi-label classification task. Moreover, knowledge
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graphs could potentially be built into our transformer-based framework for fur-

ther improvement with additional information, as knowledge graphs may be

beneficial to the generation of medical reports due to their ability to identify and

model the relationships between different medical terms. However, the knowl-

edge graphs constructed in the existing works (Zhang et al., 2020; Liu et al.,

2021a) are pretty sparse with very minimal information, requiring further im-

provement in future.



CHAPTER 7

METransformer: Radiology Report Generation by

Transformer with Multiple Learnable Expert Tokens

In clinical scenarios, multi-specialist consultation could significantly bene-

fit the diagnosis, especially for intricate cases. This inspires us to explore a

“multi-expert joint diagnosis” mechanism to upgrade the existing “single ex-

pert” framework commonly seen in the current literature. To this end, we pro-

pose METransformer, a method to realize this idea with a transformer-based

backbone. The key design of our method is the introduction of multiple learn-

able “expert” tokens into both the transformer encoder and decoder. In the en-

coder, each expert token interacts with both vision tokens and other expert to-

kens to learn to attend different image regions for image representation. These

expert tokens are encouraged to capture complementary information by an or-

thogonal loss that minimizes their overlap. In the decoder, each attended expert

token guides the cross-attention between input words and visual tokens, thus in-

fluencing the generated report. A metrics-based expert voting strategy is further

developed to generate the final report. By the multi-experts concept, our model

enjoys the merits of an ensemble-based approach but through a manner that

is computationally more efficient and supports more sophisticated interactions

among experts. Experimental results demonstrate the promising performance

of our proposed model on two widely used benchmarks. Last but not least, the

framework-level innovation makes our work ready to incorporate advances on

existing “single-expert” models to further improve its performance.

101
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7.1 Introduction

Interpreting radiology images (e.g., chest X-ray) and writing diagnostic reports

are essential operations in clinical practice and normally require a considerable

manual workload. Therefore, radiology report generation, which aims to auto-

matically generate a free-text description based on a radiograph, is highly de-

sired to ease the burden of radiologists while maintaining the quality of health

care. Recently, substantial progress has been made towards research on au-

tomated radiology report generation models (Li et al., 2018; Li et al., 2019a;

Zhang et al., 2020; Yin et al., 2019; Chen et al., 2020b; Li et al., 2023b; Wang

et al., 2021; Liu et al., 2021a; Chen et al., 2021; Yang et al., 2021b; Wang et

al., 2022c; You et al., 2021; Liu et al., 2021b; Wang et al., 2022b). Most ex-

isting studies adopt a conventional encoder-decoder architecture following the

image captioning paradigm (Vinyals et al., 2015; Xu et al., 2015; Cornia et

al., 2020; Zhou et al., 2020; Pan et al., 2020) and resort to optimizing network

structure or introducing external or prior information to aid report generation.

These methods, in this chapter, are collectively referred to as “single-expert”

based diagnostic captioning methods.

However, diagnostic report generation is a very challenging task as disease

anomalies usually only occupy a small portion of the whole image and could

appear at arbitrary locations. Due to the fine-grained nature of radiology im-

ages, it is hard to focus on the correct image regions throughout the report gen-

eration procedure despite different attentions developed in recent works (Li et

al., 2023b; Liu et al., 2021a). Meanwhile, it is noticed that in clinic scenarios,

multi-specialist consultation is especially beneficial for those intricate diagnos-

tic cases that challenge a single specialist for a comprehensive and accurate

diagnosis. The above observations led us to think, could we design a model to

simulate the multi-specialist consultation scenario? Based on this motivation,

we propose a new diagnostic captioning framework, METransformer, to mimic

the “multi-expert joint diagnosis” process. Built upon a transformer backbone,
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METransformer introduces multiple “expert tokens”, representing multiple ex-

perts, into both the transformer encoder and decoder. Each expert token learns

to attend distinct image regions and interacts with other expert tokens to capture

reliable and complementary visual information and produce a diagnosis report

in parallel. The optimal report is selected through an expert voting strategy to

produce the final report. Our design is based on the assumption that it would be

easier for multiple experts than a single one to capture visual patterns of clinical

importance, which is verified by our experimental results.

Specifically, we feed both the expert tokens (learnable embeddings) and the vi-

sual tokens (image patches embeddings) into the Expert Transformer encoder

which is comprised of a vision transformer (ViT) encoder and a bilinear trans-

former encoder. In ViT encoder, each expert token interacts not only with the

visual tokens but also with the other expert tokens. Further, in the bilinear trans-

former encoder, to enable each “expert” to capture fine-grained image infor-

mation, we compute higher-order attention between expert tokens and visual

tokens, which has proved to be effective in fine-grained classification tasks (Lin

et al., 2015). It is noteworthy that the expert tokens in the encoder are encour-

aged to learn complementary representations by an orthogonal loss so that they

attend differently to different image regions. With these carefully learned expert

token embeddings, in the decoder, we take them as a guide to regulate the learn-

ing of word embeddings and visual token embedding in the report generation

process. This results in M different word and visual token embeddings, thus

producing M candidate reports, where M is the number of experts. We further

propose a metric-based expert voting strategy to generate the final report from

the M candidates.

By utilizing multiple experts, our model, to some extent, is analogous to ensemble-

based approaches, while each expert token corresponds to an individual model.

While it enjoys the merits of ensemble-based approaches, our model is designed
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in a manner that is computationally more efficient and supports more sophisti-

cated interactions among experts. Therefore, it can scale up with only a trivial

increase of model parameters and achieves better performance, as demonstrated

in our experimental study.

Our main contributions are summarized as follows.

First, we propose a new diagnostic captioning framework, METransformer, which

is conceptually “multi-expert joint diagnosis” for radiology report generation,

by introducing learnable expert tokens and encouraging them to learn comple-

mentary representations using both linear and non-linear attentions.

Second, our model enjoys the benefits of an ensemble approach. Thanks to

the carefully designed network structure and the end-to-end training manner,

our model can achieve better results than common ensemble approaches while

greatly reducing training parameters and improving training efficiency.

Third, our approach shows promising performance on two widely used bench-

marks IU-Xray and MIMIC-CXR over multiple state-of-the-art methods. The

clinic relevance of the generated reports is also analyzed.

7.2 Method

As shown in Figure.7.1, our encoder comprises a vision transformer (ViT) (Doso-

vitskiy et al., 2021) encoder and an expert bilinear transformer encoder. The ViT

encoder takes both the expert and the visual tokens as the input and computes the

linear attention between every two tokens. The encoded tokens are further sent

into the expert bilinear transformer encoder where high-order interactions are

computed between the expert tokens and the visual tokens. The enhanced ex-

pert tokens are then used to regulate the embeddings of visual and word tokens

by an adjust block and sent into the expert decoder to produce expert-specific
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Figure 7.1. An overview of our proposed METransformer, which includes an Expert
Transformer Encoder and an Expert Transformer Decoder. The expert transformer en-
coder captures fine-grained visual patterns by exploring 1st and 2nd order interactions
between input visual tokens and M expert tokens. The expert transformer decoder pro-
duces M diverse candidate reports guided by each expert token through an Adjust block.
Noted that the “Embed” layer includes a linear projection followed by a ReLU activa-
tion function.

reports in parallel, and then an expert voting strategy is used to generate the final

report.

7.2.1 Multi-expert ViT Encoder

Our ViT encoder adopts vision transformer (Dosovitskiy et al., 2021). In ad-

dition to the common input of visual patches/tokens embedding and position

embedding, we further introduce expert tokens embedding and segment embed-

ding.

Visual patches Embedding. Given an image x ∈ RH×W×C , followed (Doso-

vitskiy et al., 2021), we reshape x into a sequence of flattened 2D patches xp ∈

RN×(P 2Ċ), where (H,W ) is the resolution of the original image, C is the num-

ber of channels, (P, P ) is the resolution of each image patch, and N = HW/P 2

is the resulting number of patches. We consider xp as visual tokens and N is the

input sequence length.
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Expert tokens Embedding. In addition to N visual tokens, we post-pend M

learnable embeddings xe ∈ RM×D which have the same dimension as the visual

token embeddings and are called expert tokens. We introduce an Orthogonal

Loss as in Eqn. 7.6 to enforce orthogonality among the expert token embed-

dings, encouraging different expert tokens to attend different image regions.

Segment Embedding. We introduce two types of the segment, “[0]” and “[1]”,

to separate the input tokens from different sources (Su et al., 2020), i.e., “[0]”

for visual tokens and “[1]” for expert tokens. A learned segment embedding

Eseg is added to each input token to indicate its segment type.

Position Embedding. A standard 1D learnable position embedding Epos is

added to each input token to indicate its order in the input sequence.

Model Structure. The expert ViT encoder adopts the same structure as the stan-

dard Transformer (Vaswani et al., 2017), which consists of alternating layers of

multi-headed self-attention (MSA) and Multi-Layer Perceptron blocks (MLP).

Layernorm(LN) (Ba et al., 2016) is applied before every block and residual

connections are applied after every block. Mathematically:

z0 = [x1
pE;x

2
pE; . . . ;x

N
p E;x

1
e;x

2
e; . . . ;x

M
e ]

+ Epos + Eseg,

ẑl = MSA(LN(zl−1)) + zl−1,

zl = MLP(LN(ẑl)) + ẑl,

(7.1)

where E ∈ R(P 2C)×D is a learnable matrix parameter to map visual tokens

to a fixed dimension D. The subscript l = 1 . . . L and L is the total number

of the transformer layers. Epos ∈ R(N+M)×D is the position embeddings and

Eseg ∈ R(N+M)×D is the segment embeddings.
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7.2.2 Multi-expert Bilinear Attention Encoder

The output of our expert ViT encoder, zL ∈ R(N+M)×D, combines the vi-

sual token embeddings zvL = zL [: N] and the expert token embeddings zeL =

zL [N : (N +M)]. They have attended to each other using multi-head self-

attention, which is linear attention. Considering the fine-grained nature of med-

ical images and the effectiveness of high-order attention in fine-grained recog-

nition (Lin et al., 2015), we further enhance both embeddings by expert bilinear

attention.

Expert Bilinear Attention. We followed (Pan et al., 2020) to design our ex-

pert bilinear attention (EBA) module. As shown in Figure. 7.1 Left, we take

the enhanced expert token embeddings zeL as query Q ∈ RM×1×Dq , the en-

hanced visual tokens embeddings zvL as key K ∈ R1×N×Dk and value V ∈

R1×N×Dv , a low-rank bilinear pooling (Kim et al., 2017) if first performed to

obtain the joint bilinear query-key Bk and query-value Bv by Bk = σ(WkK)⊙

σ(Wk
qQ) and Bv = σ(WvV) ⊙ σ(Wv

qQ), where Wk ∈ RDB×Dk , Wv ∈

RDB×Dv , Wk
q ∈ RDB×Dq and Wv

q ∈ RDB×Dv are learnable parameters, re-

sulting Bk ∈ RM×N×DB , Bv ∈ RM×N×DB . σ denotes ReLU unit, and ⊙

represents Hadamard Product. Afterward, we compute attention for input to-

kens both spatial and channel-wisely. 1) Spatial-wise attention. We use a lin-

ear layer to project Bk into an intermediate representation Bmid = σ(Wk
BBk),

where Wk
B ∈ RDB×Dmid . Then another linear layer is applied to mapping

Bmid ∈ RM×N×Dmid from the dimension Dmid to 1 and further followed a

softmax function to obtain the spatial-wise attention weight αs ∈ RM×N×1.

2) Channel-wise attention. A squeeze-excitation operation (Hu et al., 2018) to

Bmid is performed to obtain channel-wise attention βc = sigmoid(Wc
¯Bmid),

where Wc ∈ RDmid×DB is learnable parameters and ¯Bmid ∈ RM×Dmid is the

average pooling of Bmid. The first layer of EBA is formulated as,

ẑ
e(1)
L = EBA(ẑeL, ẑ

v
L) = βc ⊙ αsBv. (7.2)
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Bilinear Encoder Layer. Besides EBA, we also use the “Add & Norm” layer

with the residual connection as in a standard transformer in our bilinear encoder

layer. The n-th layer bilinear encoder is expressed as,

ẑ
e(n)
L = EBA(ẑ

e(n−1)
L , ẑ

v(n−1)
L )

ẑ
v(n)
L = LN(Wn

e [ẑ
e(n−1)
L ; ẑ

v(n−1)
L ] + ẑ

v(n−1)
L )

(7.3)

where n = 1 . . . N and N is the number of bilinear encoder layer, LN(·) denotes

layer normalization (Ba et al., 2016), Wn
e ∈ R(Dq+Dv)×Dv is learnable param-

eters and [; ] denotes concatenation. We set ẑe(0)L = zeL and ẑ
v(0)
L = zvL when

n=1.

7.2.3 Multi-expert Bilinear Attention Decoder

The output of the last expert bilinear encoder, expert token embeddings ẑe(N)
L ∈

RN×DB and visual tokens embeddings ẑv(N)
L ∈ RM×DB , are sent to the decoder

for report generation. The bilinear decoder layer comprises an EBAmask layer

to compute attention of the shifted-right reports and an EBAcross to compute the

cross-modal attention and an adjust block to regulate the word and visual tokens

embeddings by expert token embeddings. For convenience, we denote ẑe(N)
L and

ẑ
v(N)
L as fe and fv.

Adjust block. To incorporate the expert tokens into the report generation pro-

cess, we propose an expert adjustment block that allows each expert token em-

bedding to influence the embedding of the words and visual tokens, thereby gen-

erating the report associated with that expert token. Since our expert tokens are

trained orthogonally, we can generate discrepant reports by the different expert

tokens. To regulate visual tokens embeddings fv by expert token embeddings fe,

the adjust block is calculated as follows,

f̂v = Fadjust(fe, fv) = σ(Wefe)⊙ σ(Wvfv) (7.4)
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where We and Wv are learnable parameters. σ denotes ReLU unit, and ⊙

represents Hadamard Product.

Bilinear Decoder Layer. We first perform a masked EBA to word embed-

dings Er and then followed another EBA block to compute the cross attention

of word embeddings and visual tokens embeddings. We also employ residual

connections around each EBA block similar to the encoder, followed by layer

normalization. Mathematically, the i-th layer bilinear decoder can be expressed

as,
E

(i)
mid = LN(EBAmask(Ê

(i−1)
r ,E(i−1)

r ) + E(i−1)
r )

E(i)
c = LN(EBAcross(E

(i)
mid, f̂v) + E

(i)
mid)

E(i)
r = LN(Wi

d[E
(i−1)
r ;E(i)

c ] + E(i−1)
r ))

(7.5)

where i = 1 . . . I and I represents the total number of decoder layer. Ê(i−1)
r =

Fadjust(fe,E
(i−1)
r ) and f̂v = Fadjust(fe, fv). Wi

d ∈ R(Dr+Dr)×Dr is learnable

parameters and [; ] denotes concatenation. Specifically, E(0)
r ∈ RT×Dr is the

original word embeddings where T is the total number of words in the reports

and Dr = DB is the dimension of word embedding, and we extend it to M

replicates corresponding to M expert tokens to compute parallelly. The final

output of the decoder is EI
c ∈ RM×T×Dr , which will be further used to predict

word probabilities by a linear projection and the softmax activation function.

7.2.4 Objective Function

Orthogonal Loss. To encourage orthogonality among expert token embed-

dings, we introduce an orthogonal loss term to the output of expert bilinear

encoder ẑeL,

LOrL(ẑ
e
L) =

1

M

∥∥ℓ(ẑeL)⊤ℓ(ẑeL)− I
∥∥2

(7.6)

where ℓ(·) denotes L2 normalization and I represents the identity matrix with

dimension M.
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Report Generation Loss. We train our model parameters θ by minimizing the

negative log-likelihood of P(t) given the image features:

LCE = − 1

M

M∑
m=1

T∑
i=1

logPθ(t
(m)
i |I, t(m)

i−1, · · · , t
(m)
1 ) (7.7)

where P(t
(m)
i |I, t(m)

i−1, · · · , t
(m)
1 ) represents the probability predicted by the m-th

expert tokens for the i-th word ti based on the image I and the first (i−1) words.

Our overall objective function is: Lall = LCE + λLOrL. The hyper-parameter λ

simply balances the two loss terms, and its value is given in Section 7.3.

7.2.5 Expert Voting strategy

For the M diagnostic reports R = [r1, r2, . . . , rM ] produced by M experts, we

design a metric-based expert voting strategy to select the optimal one, where the

“metric” means the conventional natural language generation (NLG) metrics,

such as BLEU-4 and CIDEr (we use CIDEr in our paper). The voting score Si

for i-th expert’s report can be calculated by the following equation:

Si =
∑M

j=1,j ̸=iCIDEr(ri, rj) (7.8)

where CIDEr(, ) denotes the function for computing CIDEr with ri as candi-

date and rj as reference. In this way, each expert’s report can get a vote score,

indicating the degree of consistency of the report with that of other experts.The

diagnostic report with the highest score is the winner of the voting. As demon-

strated in Table. 7.3, our voting strategy is more effective than the commonly

used ensemble/fusion methods (Pan et al., 2020). The possible reasons are that

i) our method utilizes NLG metrics as reference scores, thereby the voted results

are directly related to the final evaluation metrics; ii) since we ultimately select

a single result with the highest score, we can produce a more coherent report

than fusing multiple results at the word level.
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7.3 Experiments

7.3.1 Datasets

In this experiment, two datasets are used for the performance evaluation, i.e., a

widely-used benchmark IU-Xray (Demner-Fushman et al., 2016) and the cur-

rently largest dataset MIMIC-CXR (Johnson et al., 2019) for medical report

generation.

IU-Xray Indiana University Chest X-ray Collection (IU-Xray) (Demner-Fushman

et al., 2016) is the most widely used publicly accessible dataset in medical re-

port generation tasks. It contains 3955 fully de-identified radiology reports,

each of which is associated with frontal and/or lateral chest X-ray images, and

7470 chest X-ray images in total. Each report is comprised of several sections:

Impression, Findings, Indication, etc. In this work, we adopt the same data set

partitioning as (Chen et al., 2020b) for a fair comparison, with a train/test/val

set by 7:1:2 of the entire dataset. All evaluations are done on the test set.

MIMIC-CXR The recently released MIMIC-CXR (Johnson et al., 2019) is the

largest public dataset containing both chest radiographs and free-text reports. In

total, it consists of 377110 chest x-ray images and 227835 reports from 64588

patients of the Beth Israel Deaconess Medical Center examined between 2011

and 2016. In our experiment, we adopt MIMIC-CXR’s official split following

the work (Chen et al., 2020b) for a fair comparison, resulting in a total of 222758

samples for training, and 1808 and 3269 samples for validation and test.

7.3.2 Experimental Settings

Evaluation Metrics Following the standard evaluation protocol1, we utilize the

most widely used BLEU-4 (Papineni et al., 2002), METEOR (Banerjee and

1https://github.com/tylin/coco-caption
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Lavie, 2005), ROUGE-L (Lin, 2004), and CIDEr (Vedantam et al., 2015) as the

metrics to evaluate the quality of the generated diagnostic reports. To measure

the accuracy of descriptions for clinical abnormalities, we follow (Chen et al.,

2020b; Chen et al., 2021; Liu et al., 2021b) and further report clinical efficacy

metrics. For this purpose, the CheXpert (Irvin et al., 2019) is applied to labeling

the generated reports and the results are compared with ground truths in 14

different categories related to thoracic diseases and support devices. We use

precision, recall, and F1 to evaluate model performance for clinical efficacy

metrics.

Methods Precision Recall F1
Show-Tell (Vinyals et al., 2015) 0.249 0.203 0.204

Att2in (Xu et al., 2015) 0.268 0.186 0.181
AdaAtt (Lu et al., 2017) 0.322 0.239 0.249

Transformer (Vaswani et al., 2017) 0.331 0.224 0.228
R2Gen (Chen et al., 2020b) 0.333 0.273 0.276

R2GenCMN (Chen et al., 2021) 0.334 0.275 0.278
Ours(METransformer) 0.364 0.309 0.311

Table 7.1. Comparison of clinical efficacy metrics on the test set of the MIMIC-CXR
dataset for measuring the accuracy of the description of clinical abnormalities.

Implementation Details For IU-Xray, we use image pairs for report genera-

tion as (Chen et al., 2020b). For both datasets, we use the “bert-base-uncased”

model’s tokenizer in huggingface transformer (Wolf et al., 2020) to tokenize all

words in the reports. We utilize a pre-trained vision transformer with a patch

size of 32 to initialize our Expert ViT encoder. The number of layers of the

expert bilinear encoder and decoder is set as (2, 4) for MIMIC-CXR and (2,2)

for IU-Xray to reduce the potential overfitting on IU-Xray due to its relatively

small data size. The dimensions of the bilinear query-key representation and

the transformed bilinear feature (DB and Dmid) in the expert bilinear attention

block is set as 768 and 384, respectively. The hyper-parameter λ is set to 2. Our

model is trained using Radam optimizer (Liu et al., 2020) with a mini-batch size

of 16. The learning rate is set to be 0.0001 and the model is trained for a total
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Dataset Methods BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE METEOR CIDEr
Show-Tell 0.243 0.130 0.108 0.078 0.307 0.157 0.197
Att2in 0.248 0.134 0.116 0.091 0.309 0.162 0.215
AdaAtt 0.284 0.207 0.150 0.126 0.311 0.165 0.268
Transformer 0.372 0.251 0.147 0.136 0.317 0.168 0.310
M2transformer 0.402 0.284 0.168 0.143 0.328 0.170 0.332
R2Gen† 0.470 0.304 0.219 0.165 0.371 0.187 -
R2GenCMN† 0.475 0.309 0.222 0.170 0.375 0.191 -

IU-Xray MSAT 0.481 0.316 0.226 0.171 0.372 0.190 0.394
Ours(METransformer) 0.483 0.322 0.228 0.172 0.380 0.192 0.435

Results below are not strictly comparable due to different data partition. For reference only.
CoAtt† 0.455 0.288 0.205 0.154 0.369 - 0.277
HGRG-Agent† 0.438 0.298 0.208 0.151 0.322 - 0.343
KERP† 0.482 0.325 0.226 0.162 0.339 - 0.280
PPKED† 0.483 0.315 0.224 0.168 0.376 0.187 0.351
GSK† 0.496 0.327 0.238 0.178 0.381 - 0.382

Show-Tell 0.308 0.190 0.125 0.088 0.256 0.122 0.096
Att2in 0.314 0.198 0.133 0.095 0.264 0.122 0.106
AdaAtt 0.314 0.198 0.132 0.094 0.267 0.128 0.131
Transformer 0.316 0.199 0.140 0.092 0.267 0.129 0.134
M2Transformer 0.332 0.210 0.142 0.101 0.264 0.134 0.142
R2Gen† 0.353 0.218 0.145 0.103 0.277 0.142 -

MIMIC-CXR R2GenCMN† 0.353 0.218 0.148 0.106 0.278 0.142 -
PPKED† 0.36 0.224 0.149 0.106 0.284 0.149 0.237
GSK† 0.363 0.228 0.156 0.115 0.284 - 0.203
MSAT† 0.373 0.235 0.162 0.120 0.282 0.143 0.299
Ours(METransformer) 0.386 0.250 0.169 0.124 0.291 0.152 0.362

Table 7.2. Comparison on IU-Xray (upper part) and MIMIC-CXR datasets (lower
part). † indicates the results are quoted from the published literature: the results of
CoAtt (Jing et al., 2018) and HGRG-Agent (Li et al., 2018) on IU-Xray are quoted
from (Li et al., 2019a) while the other results are quoted from their respective papers.
For the methods without †, their results are obtained by re-running the publicly released
codebase (Li et al., 2021) on these two datasets using the same training-test partition as
our method.

of 20 epochs. We implement our model using Pytorch (Paszke et al., 2019) and

Pytorch-lightning library 2 with two NVIDIA GeForce RTX 3090 GPU cards.

7.3.3 Main Results

Two types of metrics are used in our evaluation: the conventional natural lan-

guage generation (NLG) metrics and the clinical efficacy (CE) metrics. The

results are reported in Table 7.2 and Table. 7.1 3, respectively.

2https://github.com/Lightning-AI/lightning
3It is noted that clinical efficacy metrics only apply to MIMIC-CXR because the labeling

schema of CheXpert is designed for MIMIC-CXR.
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Specifically, we compare METransformer with 5 state-of-the-art (SOTA) image

captioning methods, including Show-tell (Vinyals et al., 2015), AdaAtt (Lu et

al., 2017), Att2in (Anderson et al., 2018), Transformer (Devlin et al., 2019)

and M2transformer (Cornia et al., 2020). For these methods, we use a publicly

released codebase (Li et al., 2021) and re-run them on both datasets with the

same experimental setting as ours. Moreover, eight SOTA medical report gener-

ation models are involved in the comparison, including CoAtt (Jing et al., 2018),

HGRN-Agent (Li et al., 2018), R2Gen (Chen et al., 2020b), R2GenCMN (Chen

et al., 2021), PPKED (Liu et al., 2021a), GSK (Yang et al., 2021b) and MSAT (Wang

et al., 2022c). It is noteworthy that except R2Gen (Chen et al., 2020b) and

R2GenCMN (Chen et al., 2021), these methods do not have their source code

released. CoAtt (Jing et al., 2018) and HGRN-Agent (Li et al., 2018) only re-

port results on IU-Xray in their original paper. For the others, we cite the results

from their respective papers. Please note that since IU-Xray does not provide

an official training-test partition, the cited performances of these methods on

IU-Xray (except R2Gen (Chen et al., 2020b) and R2GenCMN (Chen et al.,

2021) that use the same partition as ours) are not strictly comparable, and they

are provided here only for reference. Differently, on MIMIC-CXR, since all

these models follow the MIMIC-CXR official training-test partition, their cited

performances are comparable.

As shown in Table 7.2, on both datasets, our METransformer consistently out-

performs those “single-expert” based models, including attention-based base-

lines (Att2in (Xu et al., 2015), AdaAtt (Lu et al., 2017)), memory-augmented

methods (R2Gen (Chen et al., 2020b), R2GenCMN (Chen et al., 2021)) and

models introducing external information (PPKED (Liu et al., 2021a), MSAT (Wang

et al., 2022c)). On MIMIC-CXR, METransformer is the best performer across

all metrics. Especially, our CIDEr score is up to 0.362, which is to date the best

performance and makes a significant improvement over the second best score of
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# Models IU-Xray MIMIC-CXR
BLEU_4 ROUGE METEOR CIDEr AVG. ∆ BLEU_4 ROUGE METEOR CIDEr AVG. ∆

1 BASELINE 0.161 0.357 0.183 0.337 - 0.109 0.277 0.143 0.275 -
2 +BE 0.163 0.360 0.185 0.346 +1.5% 0.111 0.279 0.144 0.287 +1.9%
3 +BE+ETs 0.168 0.372 0.188 0.402 +7.6% 0.117 0.284 0.147 0.334 +8.5%
4 +BE+ETs+OrL 0.170 0.377 0.190 0.426 +10.4% 0.121 0.287 0.150 0.352 +11.9%
5 +BE+ETs+OrL+EV 0.172 0.380 0.192 0.435 +11.8% 0.124 0.291 0.152 0.362 +14.2%

Table 7.3. Ablation studies. The “BASELINE” uses ViT encoder and bilinear-attention
decoder with the traditional cross entropy-loss. Here “BE”, “ETs”, “OrL”, “EV” stand
for “Bilinear-attention Encoder”, “Expert Tokens”, “Orthogonal Loss”, and “Expert
Voting”. The number of expert tokens used in the experiments for the IU-xray and
mimic-cxr datasets were 5 and 7, respectively. The average improvement over all NLG
metrics compared to baseline is also presented in the “AVG. ∆” column.

0.299 of MSAT (Wang et al., 2022c). These improvements demonstrate the ad-

vantage of our framework which is conceptually “multiple expert co-diagnosis”.

Ours METransformer also surpasses these methods on IU-Xray over most met-

rics, while it is again worth mentioning that the cited performances on IU-Xray

may not be strictly comparable as obscure training-test partitions were used by

different methods.

7.3.4 Ablation Study

Contribution of each component. We conduct an ablation study to single out

the contributions of each model component, as presented in Table 7.3. We build

a baseline by using ViT transformer encoder and bilinear-attention decoder to

verify the performance improvements brought by multiple expert tokens, or-

thogonal loss, and our metric-based expert voting strategy. In Table 7.3, there

are four components: “BE”, “ETs”, “OrL”, and “EV”, representing Bilinear-

attention Encoder, Expert Tokens, Orthogonal Loss, and Expert Voting, respec-

tively. The symbol “+” indicates the inclusion of the following component based

on the “BASELINE” model. It can be observed that each component of ME-

Transformer has a positive effect on performance. By comparing #3 and #1 in

Table. 7.3, it can be found that extending the expert tokens and enhancing them

with bilinear-attention encoder can increase the overall performance by 7.6% on
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Figure 7.2. Bleu_4 and CIDEr scores by using different numbers of expert tokens on
IU-Xray and MIMIC-CXR dataset.

IU-Xray and 8.5% on MIMIC-CXR. Training with the orthogonal loss on ex-

pert tokens can further enhance model performance (by comparing #4 and #3).

For experiments #3 and #4 where multiple expert tokens are used, the final pre-

diction result is obtained by averaging the probability of words predicted by the

multiple experts. Comparing #5 and #4 shows that our voting strategy is more

effective than the averaging method above.

Impact of expert tokens. To show the impacts of the expert tokens, we train

METransformer with different numbers of expert tokens, i.e., num_expert ∈

{1, 3, 5, 7, 9} and the results on IU-Xray and MIMIC-CXR are shown in Fig-

ure. 7.2. We observe the following. First, increasing the expert tokens can

significantly improve the overall performance of the model. This validates the

effectiveness of our motivation that by focusing on different image regions with

multiple experts, the model can learn more diversified information and thus pro-

duce more accurate and diverse diagnostic reports. Second, when the number of

expert tokens exceeds a threshold, increasing num_expert is not able to continue

promising a better outcome, for example, when num_expert is increased from 7

to 9, the CIDEr score on the IU-Xray dataset decreases. A possible explanation

is that our model forces each expert token to focus on a different image region

(via orthogonal loss), which may cause some experts to attend to irrelevant im-

age regions when there are too many experts, thus may negatively affect the

generation process.
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Models Params Training Time BLEU_4 ROUGE METEOR CIDEr
METransformer(num_expert=1) 152M 0.48h 0.163 0.362 0.183 0.346
Stochastic Model Averaging 152M x 7=1064M 0.48h x 7=3.36h 0.168 0.373 0.187 0.389
Random Initialization 152M x 7=1064M 0.48h x 7=3.36h 0.170 0.376 0.189 0.408
Multiple Decoder 483.3M 1.85h 0.166 0.368 0.186 0.378
METransformer(num_expert=7) 152.007M 0.55h 0.172 0.380 0.192 0.435

Table 7.4. Comparison with the ensemble models on the IU-Xray dataset. The effi-
ciency results refer to the total time required to complete the training using one RTX
3090.

Comparison with ensemble models. By using multiple experts, our model is

conceptually analogous to an ensemble model. We thus compare with three en-

semble models in Table. 7.4. “Random Initialization” trains randomly initialized

METransformer(num_expert=1) model for 7 times, corresponding to random-

seed based ensemble. “Multiple Decoder” trains the model with the encoder of

METransformer(num_expert=1) and 7 randomly initialized METransformer’s

decoders, corresponding to late fusion. We also compare with a stochastic

model averaging ensemble method. All methods ensemble the results using our

proposed Expert Voting strategy. As observed, our METransformer(num_expert=7)

performs significantly better with much fewer trainable parameters. We attribute

this to the sophisticated interaction between expert tokens through our compact

design. Compared with using a single expert token, our method using 7 expert

tokens only incurs 0.007M (0.05‰) extra parameters, demonstrating its scaling

ability.

7.3.5 Qualitative analysis.

Visualisation of expert tokens. To gain insight, we visualize the image regions

mostly attended by each learned expert token in Figure. 7.3 via exploring the

attention α̂s between the learned expert token embeddings ẑeL and the visual

token embeddings ẑvL: α̂s = Softmax(ẑeL(ẑ
v
L)

T )

Using Softmax(·), only the mostly attended image regions are shown. As ob-

served, each expert token attends to a distinct and critical image region. For
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Figure 7.3. Attention visualization of expert tokens on the image.

example, the image region attended by expert Token_2 is known as the angle of

the rib diaphragm which can provide valuable clinic information, e.g., when the

angle of the rib diaphragm is not sharp enough or is even obtuse, it suggests a

small amount of pleural effusion.

Qualitative results. We show the generated results of METransformer com-

pared with the Baseline method (“#1” in Table. 7.3) in Figure. 7.4. On the

left, we visualize the image-text attention mapping from the last layer of the

expert transformer decoder with three key generated medical terms. As ob-

served, METransformer better aligns the locations with the related text. On the

right, we present the corresponding generated reports and the ground truth. For

better illustration, we differently color sentences containing different medical

information. It is observed that METransformer is able to generate descriptions

better aligned with that written by radiologists. For example, METransformer

can diagnose anomalies in the heart part, while the Baseline model fails. This is
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Figure 7.4. An example of the generated reports and their attention-mapping visualiza-
tion of three key medical terms from BASELINE and ours METransformer. For better
illustration, different colors in the generated reports highlight different medical infor-
mation.

consistent with the fact that our model can better attend to the heart part of the

image (see the attented area of “heart” on the left side of the figure).

7.4 Conclusions

We present an effective approach for radiology report generation from a new

perspective orthogonal to existing research efforts in this field. Our approach

follows the concept of multi-specialist consultation to improve the quality of

generated reports by introducing multiple learnable expert tokens into a transformer-

base framework. Despite its promising performance and properties demon-

strated in the experiment, our METransformer is still limited in being a ba-

sic framework that could be further enhanced by integrating medical domain

knowledge, as seen in “single-expert” based methods, which will be explored in

our future work.



CHAPTER 8

R2GenGPT: Radiology Report Generation with Frozen LLMs

Large Language Models (LLMs) have consistently showcased remarkable gen-

eralization capabilities when applied to various language tasks. Nonetheless,

harnessing the full potential of LLMs for Radiology Report Generation (R2Gen)

still presents a challenge, stemming from the inherent disparity in modality be-

tween LLMs and the R2Gen task. To bridge this gap effectively, we propose

R2GenGPT, which is a novel solution that aligns visual features with the word

embedding space of LLMs using an efficient visual alignment module. This in-

novative approach empowers the previously static LLM to seamlessly integrate

and process image information, marking a step forward in optimizing R2Gen

performance. R2GenGPT offers the following benefits. First, it attains state-of-

the-art (SOTA) performance by training only the lightweight visual alignment

module while freezing all the parameters of LLM. Second, it exhibits high train-

ing efficiency, as it requires the training of an exceptionally minimal number of

parameters while achieving rapid convergence. By employing delta tuning, our

model only trains 5M parameters (which constitute just 0.07% of the total pa-

rameter count) to achieve performance close to the SOTA levels.

8.1 Introduction

Given its critical clinical relevance, the field of radiological report generation

(R2Gen) has been garnering increasing attention. As we have detailed in the

review 2.2, recent works in the R2Gen task mainly aim to tackle two major
120
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challenges. The first challenge lies in long text generation. Unlike the image

captioning task which generates a single sentence description, medical report

generation requires detailed and coherent paragraph-long descriptions. This re-

quires the model to have a robust capacity for learning long-range dependencies.

To address this, many solutions have been proposed (Jing et al., 2018; Yin et al.,

2019; Wang et al., 2021; Chen et al., 2020b; Chen et al., 2021). For instance,

some research works (Jing et al., 2018; Yin et al., 2019; Wang et al., 2021)

have employed hierarchically structured LSTM which first produces topic vec-

tors using a sentence LSTM and then creates a description for each generated

topic with a word LSTM. Another type of work R2Gen (Chen et al., 2020b)

introduced a memory-driven Transformer that can record key information of the

generation process, enhancing the model’s ability to produce long texts. The

second challenge lies in the bias in visual and textual data. Due to an over-

representation of normal samples in the training data, the model’s learning pro-

cess was biased towards these samples, limiting its ability to effectively detect

abnormalities and anomalies within the dataset. Some works (Wang et al., 2021;

You et al., 2021; Wang et al., 2022b) have addressed this issue by aligning image

and text/report features, such as work Self-boost (Wang et al., 2021) incorporat-

ing an image-text matching branch to enhance the model’s capability to capture

the anomalous features in the image. Other research works mitigate the effects

of data bias by incorporating external knowledge, such as medical tags (Jing et

al., 2018; Wang et al., 2022c), and knowledge graphs (Li et al., 2019a; Zhang

et al., 2020; Liu et al., 2021a; Yang et al., 2021b). For instance, PPKED (Liu

et al., 2021a) utilizes a knowledge graph and introduces the Posterior-and-Prior

Knowledge Exploring-and-Distilling framework. Despite many efforts and so-

lutions putting forth, the aforementioned two challenges remain significant is-

sues in this field.

Recently, large language models (LLMs) (e.g., (Chowdhery et al., 2022; Tou-

vron et al., 2023)) have demonstrated excellent capabilities to perform tasks
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with zero in-domain data, conduct logical reasoning, and apply commonsense

knowledge in NLP tasks (Kojima et al., 2022; Wei et al., 2022). This leads us

to ponder whether we can apply large language models to medical report gener-

ation tasks, as pre-trained large language models seem to inherently possess the

ability to address the two challenges mentioned above. As for long text gener-

ation, LLMs are equipped with an inherent understanding of grammar, syntax,

and semantic coherence, making them well-suited for tasks requiring extended

text generation, such as medical reporting. Furthermore, their proficiency in

context modeling allows them to maintain consistency and relevance through-

out a lengthy report. As for the bias stemming from an over-representation of

normal samples in medical datasets, LLMs can serve as potential correctives

due to their extensive knowledge base. Having been exposed to vast amounts

of data, LLMs demonstrate robustness and are less susceptible to the effects of

imbalanced datasets. They are even capable of handling numerous zero-shot

tasks. Moreover, current methods mitigating bias entail the incorporation of

external knowledge, whereas pre-trained LLMs inherently possess a wealth of

informative knowledge.

However, applying LLMs to R2Gen tasks poses challenges due to the funda-

mental disparity between visual and textual modalities. The crucial step in ap-

plying LLMs to R2Gen is to bridge the gap between visual information and

textual generation. In this chapter, we present R2GenGPT and explore three

methods for aligning visual features with large language models. We first pro-

cess chest x-ray images using a Visual Encoder to obtain visual embeddings.

These embeddings are then mapped to the LLM’s feature space via a Visual

Mapper, ensuring uniform dimensions. To identify the most efficient method

of aligning visual features with the LLM, we’ve crafted three alignment mod-

ules: 1) shallow alignment, where only the Visual Mapper is trained and other

parameters remain fixed; 2) deep alignment, where both the visual encoder and

the Visual Mapper are trained simultaneously; and 3) Delta alignment, where
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the Visual Mapper and a limited set of incremental parameters from the visual

encoder are trained, ensuring both effectiveness and efficiency.

Our main contributions are summarized as follows.

• We propose a novel LLMs-based Radiology report generation (R2Gen) frame-

work, dubbed R2GenGPT. This marks the first instance of harnessing pre-trained

large language models (LLMs) for the R2Gen task with comprehensive compar-

isons conducted on two frequently employed benchmark datasets.

• We explored three methods with varying levels of trainable parameters to con-

nect image modalities to large language models, namely: shallow alignment,

delta alignment, and deep alignment, enabling the LLM to effectively process

visual information.

• Our approach exhibits promising and robust performance on two widely rec-

ognized benchmark datasets—IU-Xray and MIMIC-CXR. In comparison to mul-

tiple state-of-the-art methods, our framework consistently demonstrates its effi-

cacy, affirming its potential in the field of R2Gen.

8.2 Methodology

Overview As illustrated in Figure 8.1, R2GenGPT comprises a Visual Encoder,

a Visual Mapper, and an LLM (Large Language Model) component. The visual

encoder is employed to extract information from chest x-ray images, while the

visual mapper serves to project low-dimensional image features into the high-

dimensional feature space of the LLM. Utilizing the visual features derived from

the chest x-ray images, the LLM generates corresponding diagnostic reports.

Feature Alignment For an input chest xray image Xv, we consider the pre-

trained Swin Transformer (Liu et al., 2021c) as visual encoder, which provides
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Figure 8.1. An overview of our proposed R2GenGPT. The input tokens for the Large
Language Model (LLM) are sequentially concatenated, consisting of visual tokens,
prompt tokens, and report tokens. A token mask of -100 indicates that those particular
tokens are excluded from auto-regressive training, while a mask of 1 signifies inclusion
in auto-regressive training.

the visual feature Zv = g(Xv; θv), where θv is the parameters of the Swin Trans-

former. The grid features of the last transformer layer is utilized in our experi-

ments. We consider a simple linear layer as the Visual Mapper to connect image

features into the LLM’s word embedding space. Specifically, we apply a train-

able projection matrix Wm to convert Zv into language embedding tokens Hv,

which have the same dimensionality of the word embedding space in the large

language model.

Hv = WmZv, with Zv = g(Xv) (8.1)

Thus we have a sequence of visual tokens Hv. Following the extraction of

visual tokens Hv, we propose the following three distinct training strategies

(as illustrated in Figure 8.2) to identify the most efficient aligning method by

varying the level of trainable parameters.

a) Shallow Alignment: In this mode, we fix the parameters of the pre-trained

Swin Transformer and train only the linear Visual Mapper, represented by Wm.

b) Deep Alignment: For this approach, both the Swin Transformer and the Vi-

sual Mapper are jointly fine-tuned. Specifically, parameters from both the Visual
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Figure 8.2. Three proposed alignment methods. (a) Shallow Alignment: Training only
the Linear Layer. (b) Deep Alignment: Training both the Linear Layer and all parame-
ters of the Visual Encoder. (c) Delta Alignment: Training the Linear Layer and a small
subset of incremental parameters of the Visual Encoder.

Encoder (Swin Transformer) and the Visual Mapper, denoted as θv and Wm re-

spectively, are updated.

c) Delta Alignment: As the Swin Transformer utilized in this chapter was orig-

inally trained on natural images, the shallow alignment approach hinders the

model’s ability to capture high-quality radiographic image features. On the

other hand, adopting deep alignment substantially impacts the model’s training

efficiency. Therefore, we propose delta alignment, parameter-efficiently fine-

tuning the Swin Transformer model using LoRA (Hu et al., 2022). Specifically,

for a pre-trained weight matrix W0 within θv, LoRA constrains its update with

two smaller matrices using a low-rank decomposition W0+∆W0 = W0+BA,

where W0 ∈ Rd×k, B ∈ Rd×r, A ∈ Rr×k, and the rank r ≪ min(d, k). It is

noted that in our implementation, we only adjust the query and value projec-

tions within the swin transformer to prioritize a simple yet efficient model. The

trained parameters are denoted as ∆θv, and both ∆θv and Wm are trained in this

mode.

Large Language Models We adopt Llama2-7B model for the large language

model component. The Llama2-7B stands out for its remarkable capabilities

and robustness. Designed with a massive 7-billion-parameter architecture, it en-

capsulates a rich knowledge base derived from extensive pre-training on diverse

datasets. One of its key strengths lies in its extraordinary ability to understand
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and generate complex language structures, making it particularly well-suited for

intricate tasks such as radiology report generation.

Given an chest xray image Xv and its corresponding report Xr, the detailed

prompt inputted into Llama2 is as follows.

Human: <Img>Xv</Img>, Xp. \n Assistant: Xr </s>.

Here Xp is our designed instruction prompt specific to the R2Gen task. In our

current implementation, Xp = “Generate a comprehensive and detailed diagno-

sis report for this chest xray image.”. For this prompt, before inputting it into

LLAMA2 for computation, Xv will be replaced by visual tokens Hv processed

using Equ. 8.1 while all other text is tokenized into word tokens using LLAMA’s

tokenizer.

Loss Function We perform instruction-tuning of the LLM only on the report

tokens , using its original auto-regressive training objective. Specifically, for a

report of length L, conditioned on visual information Xv and instruction prompt

Xp, our loss function, captured as the negative log likelihood, is formulated as:

L(θ;Xr,Xv,Xp) = −
L∑
i=1

log pθ(xi|Xv,Xp,Xr,<i), (8.2)

where θ is the trainable parameters, Xr,<i is the report tokens before the current

prediction token xi.

8.3 Experiments
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8.3.1 Data Collection

We evaluated performance using two datasets: a widely-used benchmark IU-

Xray (Demner-Fushman et al., 2016) and the currently largest dataset MIMIC-

CXR (Johnson et al., 2019) for medical report generation.

IU-Xray: Indiana University Chest X-ray Collection (IU-Xray) (Demner-Fushman

et al., 2016) is the most widely used publicly accessible dataset in medical re-

port generation tasks. It contains 3955 fully de-identified radiology reports,

each of which is associated with frontal and/or lateral chest X-ray images, and

7470 chest X-ray images in total. Each report is comprised of several sections:

Impression, Findings, Indication, etc. In this work, we adopt the same data set

partitioning as (Chen et al., 2020b) for a fair comparison, with a train/test/val

set by 7:1:2 of the entire dataset. All evaluations are done on the test set.

MIMIC-CXR: This largest publicly available dataset encompasses both chest

radiographs and unstructured textual reports. This comprehensive dataset com-

prises a total of 377110 chest X-ray images and 227835 corresponding reports

sourced from 64588 patients who underwent examination at the Beth Israel Dea-

coness Medical Center between 2011 and 2016. To ensure equitable compar-

isons, we adhered to MIMIC-CXR’s official partitioning as outlined in (Chen et

al., 2020b), resulting in 270790 samples designated for training, while allocat-

ing 2130 and 3858 samples for validation and testing, respectively.

8.3.2 Experimental Settings

Evaluation Metrics Adhering to the established evaluation protocol 1, we em-

ploy the prevalent metrics for assessment, namely BLEU scores (Papineni et

al., 2002), ROUGE-L (Lin, 2004), METEOR (Banerjee and Lavie, 2005) and
1https://github.com/tylin/coco-caption
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Table 8.1. Comparison on IU-Xray (upper part) and MIMIC-CXR datasets (lower
part). † indicates the results are quoted from their respective papers. For the methods
without †, their results are obtained by re-running the publicly released codebase (Li et
al., 2021) on these two datasets using the same training-test partition as our method.

Dataset Methods BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE METEOR CIDEr

Show-Tell 0.243 0.130 0.108 0.078 0.307 0.157 0.197

Att2in 0.248 0.134 0.116 0.091 0.309 0.162 0.215

AdaAtt 0.284 0.207 0.150 0.126 0.311 0.165 0.268

Transformer 0.372 0.251 0.147 0.136 0.317 0.168 0.310

M2transformer 0.402 0.284 0.168 0.143 0.328 0.170 0.332

IU-Xray R2Gen† 0.470 0.304 0.219 0.165 0.371 0.187 -

R2GenCMN† 0.475 0.309 0.222 0.170 0.375 0.191 -

MSAT† 0.481 0.316 0.226 0.171 0.372 0.190 0.394

METransformer† 0.483 0.322 0.228 0.172 0.380 0.192 0.435

R2GenGPT (Shallow) 0.466 0.301 0.211 0.156 0.370 0.202 0.405

R2GenGPT (Delta) 0.470 0.299 0.213 0.162 0.369 0.211 0.419

R2GenGPT (Deep) 0.488 0.316 0.228 0.173 0.377 0.211 0.438

Show-Tell 0.308 0.190 0.125 0.088 0.256 0.122 0.096

Att2in 0.314 0.198 0.133 0.095 0.264 0.122 0.106

AdaAtt 0.314 0.198 0.132 0.094 0.267 0.128 0.131

Transformer 0.316 0.199 0.140 0.092 0.267 0.129 0.134

M2Transformer 0.332 0.210 0.142 0.101 0.264 0.134 0.142

R2Gen† 0.353 0.218 0.145 0.103 0.277 0.142 -

MIMIC-CXR R2GenCMN† 0.353 0.218 0.148 0.106 0.278 0.142 -

PPKED† 0.36 0.224 0.149 0.106 0.284 0.149 0.237

GSK† 0.363 0.228 0.156 0.115 0.284 - 0.203

MSAT† 0.373 0.235 0.162 0.120 0.282 0.143 0.299

METransformer† 0.386 0.250 0.169 0.124 0.291 0.152 0.362

R2GenGPT (Shallow) 0.365 0.237 0.163 0.117 0.277 0.136 0.145

R2GenGPT (Delta) 0.380 0.244 0.167 0.119 0.281 0.145 0.195

R2GenGPT (Deep) 0.411 0.267 0.186 0.134 0.297 0.160 0.269

CIDEr (Vedantam et al., 2015), to gauge the quality of the generated textual

reports. To measure the accuracy of descriptions for clinical abnormalities, we

follow (Chen et al., 2020b; Chen et al., 2021; Liu et al., 2021b) and further

report clinical efficacy metrics. Specifically, we employ CheXpert (Irvin et al.,

2019) for annotating the generated reports, which are subsequently compared

against ground truth annotations across 14 distinct categories related to thoracic
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diseases and support devices. We use precision, recall, and F1 to evaluate model

performance for clinical efficacy metrics.

Implementation Details In this work, we leveraged the LLAMA2-7B model 2

as the large language model and the base version of the Swin Transformer 3 as

the Visual Encoder. Within the parameters of LoRA, we configured the Lora

attention dimension to 16, and the alpha parameter for Lora scaling was also

set at 16. The training process was conducted on four NVIDIA A100 40GB

GPUs using mixed precision for 3 epochs for MIMIC-CXR and 15 epochs for

IU-Xray dataset, with a mini-batch size of 6 and a learning rate of 1e-4. During

the testing phase, we employed a beam search strategy with a beam size set to

3.

8.3.3 Results and Discussion

Comparison with SOTA Table 8.1 showcases a performance comparison be-

tween the state-of-the-art methods and our R2GenGPT model variants on the

IU-Xray and MIMIC-CXR dataset. In terms of standard image captioning meth-

ods, the table considers Show-Tell (Vinyals et al., 2015), Att2in (Xu et al.,

2015), AdaAtt (Lu et al., 2017), Transformer (Vaswani et al., 2017), and M2Transformer (Cor-

nia et al., 2020). Furthermore, medical report generation methods such as

R2Gen (Chen et al., 2020b), R2GenCMN (Chen et al., 2021), MSAT (Wang

et al., 2022c), METransformer (Wang et al., 2023), and other methods marked

with † in Table 8.1 are considered.

From Table 8.1, it is evident that our R2GenGPT model variants, especially

R2GenGPT (Deep), outperform the compared methods across nearly all evalu-

ation metrics. In the MIMIC-CXR dataset, apart from CIDEr, we significantly

outperform the latest METransformer (Wang et al., 2023) method across all met-

rics. For instance, our BLEU_4 score is improved from 0.124 to 0.134, marking
2https://huggingface.co/meta-llama/Llama-2-7b-chat-hf
3https://huggingface.co/microsoft/swin-base-patch4-window7-224



8.3 EXPERIMENTS 130

Table 8.2. Evaluation of Model Efficiency and Clinical Efficacy on MIMIC-CXR
dataset.

Models
Trainable Components Scale and Efficiency Clinical Efficacy

Mapper Encoder LoRA Trainable Parameter Time Precision Recall F1

Shallow ✓ 4.2M 1.75h/epo 0.351 0.291 0.302

Delta ✓ ✓ 5.0M 1.83h/epo 0.366 0.305 0.316

Deep ✓ ✓ 90.9M 2.75h/epo 0.392 0.337 0.342

METransformer - - - 152M 3.62h/epo 0.364 0.309 0.311

an 8.1% increase. However, we achieved a CIDEr score of 0.269, which is lower

than METransformer’s 0.362. This discrepancy is because METransformer em-

ploys an expert voting strategy similar to an ensemble approach to enhance the

CIDEr metric. In comparison to methods without this enhancement, such as

R2Gen (Chen et al., 2020b) and PPKED (Liu et al., 2021a), we also hold a

distinct advantage in terms of the CIDEr metric. It is also noteworthy that our

R2GenGPT (Shallow), with only 4.2M trainable parameters, has been able to

achieve a performance in par with the well-known R2Gen model (Chen et al.,

2020b), if not even better.

Model Efficiency and Clinical Efficacy Analysis In Table 8.2, we have pre-

sented both model efficiency and clinical efficacy metrics. It’s evident that

our model exhibits higher training efficiency compared to METransformer. For

instance, R2GenGPT (Deep) requires training with only 90.9 million param-

eters, which is significantly less than METransformer’s 152 million. Further-

more, R2GenGPT (Delta) achieves comparable performance with just 5 million

parameters. To assess the model’s training efficiency, we conducted evalua-

tions on four A100 40G GPUs and recorded the time required for one train-

ing epoch. Notably, R2GenGPT Shallow, Delta, and Deep each completed this

epoch in just 1.75, 1.83, and 2.75 hours, respectively, compared to METrans-

former’s 3.62 hours, highlighting our model’s superior training efficiency. In

terms of clinical efficacy metrics, it can be observed that our R2GenGPT(deep)
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Figure 8.3. Examples of the generated report on MIMIC-CXR dataset. We compared
the results generated by the three alignment methods proposed in R2GenGPT. For better
illustration, the key medical information in the reports are highlighted using different
colors.

and R2GenGPT(delta) achieved F1 scores of 0.342 and 0.316, respectively, sur-

passing the current SOTA method, METransformer, with a score of 0.311. This

demonstrates the ability of R2GenGPT to generate crucial clinical information.

Qualitative results In Figure 8.3, we compare the reports generated by the three

alignment methods of R2GenGPT. To provide a better visualization, we high-

light key medical information in both the ground truth and generated reports

using different colors. From the figure, it can be observed that reports generated

using the Shallow Alignment method are notably inferior to those generated us-

ing the Delta Alignment and Deep Alignment methods. For instance, in the first

example (top), the Shallow Alignment method erroneously identifies a sample

with mild pulmonary edema as a normal sample, whereas Delta Alignment and

Deep Alignment methods can accurately identify it.

8.4 Conclusions

In this chapter, we present R2GenGPT, an innovative framework at the fore-

front of Radiology Report Generation (R2Gen) that capitalizes on the capabili-

ties of Large Language Models (LLMs). Through a comprehensive exploration
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of three alignment methods—shallow, delta, and deep— this research high-

lights the game-changing potential of LLMs in elevating the R2Gen landscape.

R2GenGPT not only attains competitive SOTA performance but also achieves a

remarkable reduction in computational complexity. This dual achievement po-

sitions R2GenGPT as a promising solution to automate and improve radiology

reporting.



CHAPTER 9

Conclusions

In this thesis, we have orchestrated a comprehensive journey that systematically

advanced the field of automated radiology report generation through a series of

progressive methodological innovations. Our work can be conceptualized as a

multi-staged endeavor that evolved in complexity and efficiency at each phase.

Overall, in this thesis, to address the challenges faced in Radiology Report Gen-

eration, we have proposed multiple strategies: i) introducing auxiliary tasks

such as image-text matching and image classification to enhance the model’s

ability to capture fine-grained critical visual feature differences, thereby im-

proving the quality of report generation (Chapters 3, 4, and 6), ii) incorporating

external knowledge information such as medical concepts and medical knowl-

edge graphs to enrich the semantic content of the generated reports (Chapter 5),

iii) proposing a multi-expert joint diagnostic framework to enhance the quality

and accuracy of the generated reports (Chapter 7) and utilizing the powerful

world knowledge and language comprehension abilities of large language mod-

els (LLMs) (Chapter 8). These approaches aim to enhance the quality of model-

generated reports from various perspectives, but essentially, they all address the

challenges faced in radiology report generation tasks, as we introduced in the

introduction.

Specifically, in the initial stages, outlined in Chapter 3, we developed a self-

boosting framework that had a twofold impact. First, it seamlessly combined the

auxiliary task of image-text matching with medical report generation. Second,

133
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the method leveraged a new loss term for evaluating feature similarity between

generated and ground-truth reports, contributing to fine-grained diagnostic ca-

pabilities. The result was a tightly-coupled, mutually reinforcing approach that

significantly improved the accuracy of diagnostic reports. Building upon this

foundation, Chapter 4 introduced a sample-graph consistency loss to enforce

uniformity in visual and textural feature embeddings. This extension of the self-

boosting framework brought further granularity to diagnostic captioning, acting

as a catalyst in the refinement of report quality. By Chapter 5, the narrative

shifted to the application of advanced attention mechanisms. Here, we deployed

a bilinear-pooling-assisted sparse attention block within a transformer network.

This innovation heightened the sensitivity to fine-grained visual variations in

radiographic images, while an additional medical concepts generation network

enriched the semantic content of the generated reports. Chapter 6 marked a

radical departure from convention by pioneering the use of a pure transformer

model, free from CNN constraints. By applying a multi-criteria supervision

scheme—incorporating an image-text matching loss for semantic coherence and

a term-weighting scheme with multi-label classification—we were able to cap-

ture critical diagnostic information without adding unnecessary complexity to

the transformer structure. In Chapter 7, we introduced a groundbreaking frame-

work, the METransformer, designed to simulate the collaborative environment

of multi-expert joint diagnoses. By incorporating learnable expert tokens and

utilizing both linear and non-linear attention mechanisms, this framework syn-

thesized diverse knowledge representations. Significantly, the METransformer

not only exceeded the performance of conventional ensemble methods but also

achieved this while being more computationally efficient. The crescendo of our

work came with the introduction of R2GenGPT in Chapter 8. This framework

leveraged pre-trained large language models, fortified with three novel methods

for visual information integration: shallow alignment, delta alignment, and deep

alignment. This not only set new benchmarks in performance but also opened
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doors for future work in integrating large language models into medical infor-

matics.

In conclusion, the scope and impact of the work encapsulated in this thesis serve

as both a benchmark and a foundation for future research. The methodologies

developed herein not only advance the state-of-the-art but also offer promising

avenues for continued innovation in automated radiology report generation.

9.1 Future Outlook

Despite the significant progress achieved, numerous promising avenues for re-

search remain open. Each area presents unique challenges and opportunities for

further innovation.

• Long-Tail Distribution of Terms: Currently, the issue of the long-tail

distribution of terms in medical reports is underexplored. Addressing

this could involve the development of specialized loss terms that con-

sider class imbalance. Techniques like oversampling rare classes, or

employing weighted loss functions could make models more sensitive

to less frequent but potentially important terms.

• Computational Efficiency: While the efficacy of transformers in med-

ical report generation has been proven, their computational require-

ments remain a bottleneck. One direction for future work could be

exploring lightweight transformer architectures or employing model-

pruning techniques to reduce computational load without sacrificing

performance.

• Inclusion of Medical Domain Knowledge: Integrating structured medi-

cal domain knowledge via frameworks like knowledge graphs presents

an exciting avenue for improvement. Such integration could be accom-

plished through multi-modal learning algorithms that can process both
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textual and structured data, thereby offering more nuanced and contex-

tually rich reports.

• Optimization of Large Language Models (LLMs): Our initial forays

into employing LLMs have shown promise, but there’s much room

for improvement. Potential approaches could include fine-tuning these

models with a domain-specific corpus or developing custom training

regimes to better adapt them to the specialized requirements of radi-

ology reporting. Furthermore, the methodology of this thesis primar-

ily focuses on the generation of medical reports in English. There-

fore, another avenue for improvement lies in expanding the genera-

tion of medical reports to various language formats using multilingual

large language models. This expansion would significantly enhance

the practical applicability of the model.

• Localized Evaluation: In future work, we aim to assess the effective-

ness of our methods using data from local patients. Collaborating with

regional healthcare providers, we will conduct a more targeted eval-

uation, ensuring the applicability of our findings to the specific char-

acteristics and healthcare practices of the community. This localized

approach will enhance the overall effectiveness and relevance of our

methods in real-world healthcare settings.

• Multimodal Data Integration: Future work could also focus on integrat-

ing other types of medical data, such as patient history or related lab

test results, into the automated report generation process. This could

be achieved through advanced data fusion techniques, enhancing both

the scope and reliability of the reports.

• Interpretable Models: As machine learning models become increas-

ingly complex, the need for interpretability grows. Developing meth-

ods that offer insights into the model’s decision-making process could

not only improve trust in automated systems but also yield new clinical

insights.
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• Real-World Deployment: Lastly, turning these theoretical advance-

ments into practical tools requires consideration of deployment chal-

lenges, such as data privacy concerns, real-time processing require-

ments, and integration with existing healthcare IT systems.

Given the rapidly evolving landscape of both medical imaging technology and

machine learning methodologies, the field of automated radiology report gen-

eration is primed for continued growth and innovation. These future directions

not only offer avenues for academic exploration but also hold the potential to

significantly impact clinical practice, thereby augmenting the capabilities and

efficiencies of medical diagnostics.
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