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Abstract

Conversational Al has seen remarkable progress in recent years, driven by the integration
of large language models (LLMs) and multimodal learning. However, ensuring the
robustness and usability of conversational systems remains a major challenge, particularly
in high-stakes fields like medical applications, where incorrect or misleading responses
can have serious consequences. Two crucial factors for improving these systems are out-
of-distribution (OOD) detection that recognizes unfamiliar inputs and domain-specific
multimodal understanding that integrates diverse data types. This thesis aims to advance
both areas by (1) enhancing textual OOD detection with LLMs to better secure dialogue
systems and (2) developing approaches to improve understanding and reasoning for

medical visual question answering (Med-VQA), a key task in medical dialogues.

For textual OOD detection, we first conduct a pioneering empirical study on OOD
detection in LLMs, addressing the gap in existing methods designed for smaller models
like BERT, which may not generalize well to LLMs. We evaluate OOD detectors in both
zero-shot and fine-tuning settings and propose a generative fine-tuning approach aligned
with LLM pre-training objectives. Our results show that the cosine distance-based
detector outperforms other ones, leveraging LLLMs’ isotropic embedding space. Next, we

introduce a novel framework to tackle near-OOD detection, where in-distribution (ID)



ii

and OOD inputs share semantic similarities, by leveraging the isotropic embedding space
of LLMs. Our framework derives semantic prototypes for each ID class and performs
semantic matching for both OOD detection and ID classification. With high-quality
textual representations from LLMs, our method demonstrates superior performance,

especially in few-shot scenarios with limited data.

For Med-VQA, we first introduce SLAKE, a semantically-labeled knowledge-enhanced
dataset with accurate visual and textual annotations and an extendable knowledge base, to
overcome the limitations of dataset scarcity. To further mitigate overfitting to small-scale
training data, we propose a CPRD framework that distills a lightweight visual feature
extractor with various radiological knowledge for Med-VQA. Secondly, when faced with
more complex medical questions and images compared to general ones, we propose
a conditional reasoning framework that consists of a question-conditioned reasoning
component and a type-conditioned reasoning strategy to adaptively learn reasoning skills
for different Med-VQA tasks. Finally, we present GEMeX, a large-scale, groundable,
and explainable benchmark for chest X-ray diagnosis. This new benchmark addresses
key limitations of existing datasets by introducing a multi-modal explainability that
enhances answer comprehensibility and four distinct question types that better reflect
clinical needs. Our evaluations of 12 representative large vision language models and a

fine-tuned baseline model demonstrate the dataset’s challenges and effectiveness.

The results have been published in top Al conferences and journals, including ACMMM-
2020 [1], ISBI-21 [2], MICCAI-2021 [3], IEEE TMI-2022 [4], COLING-2024 [5], and

ICCV 2025 [6].
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Chapter 1

Introduction

Over the past decade, conversational Al has undergone significant breakthroughs, trans-
forming the landscape from basic dialogue systems to sophisticated multi-modal agents.
At the early stage, approaches relied on LSTM-based architectures [15], which of-
fered limited contextual understanding and generation capabilities. The introduction
of BERT [16] in 2019 marked a significant milestone, demonstrating that pre-training
with a large-scale corpus could dramatically improve language understanding. This was
quickly followed by a broader exploration of scaling law, which guided the design of
models as parameters, data, and computing resources increased. Recently, the emer-
gence of large language models (LLMs) such as GPT-40 [17] and Deepseek [18] have
fundamentally redefined human-machine interaction. These advanced systems seam-
lessly integrate multiple modalities—text, images, audio, and video—within a unified
conversational framework, exhibiting exceptional reasoning abilities, contextual aware-
ness, and human-like natural language generation. This evolution represents not merely

incremental improvements but a paradigm shift in conversational Al.



2 CHAPTER 1. INTRODUCTION

However, ensuring the robustness and usability of conversational systems remains a ma-
jor challenge, particularly in high-stakes fields like medical applications, where incorrect
or misleading responses can have serious consequences. Two critical aspects require
urgent attention. First, system safety is paramount, especially regarding the detection
of out-of-distribution (OOD) textual inputs. Current models often struggle to recog-
nize when queries fall outside their training distribution or task definitions, potentially
leading to hallucinated or unsafe responses instead of appropriately refusing to answer
or presenting uncertainty. Second, the system’s usability depends on its ability to gen-
erate accurate answers when handling domain-specific interactions, like medical visual
question answering (Med-VQA). While recent models show promising capabilities, their
performance becomes less reliable when faced with complex medical scenarios that
demand both visual understanding and specialized knowledge. Overall, in high-stakes
applications such as medical dialogue, OOD detection enhances safety by identifying
unfamiliar inputs, while Med-VQA strengthens domain-specific utility. Together, they

form a complementary foundation for building safe and reliable conversational Al.

To enhance both robustness and usability, textual OOD detection and Med-VQA have
received increasing research attention in recent years. OOD detection is typically for-
mulated as a binary classification task: identifying whether an input belongs to the
in-distribution (ID) set and executing the corresponding task, or recognizing it as OOD
and rejecting the input [19]. Meanwhile, Med-VQA aims to answer medical vision-and-
language inquiries by analyzing relevant medical images alongside textual questions and

even utilizing an external knowledge graph (base) [3].

Despite ongoing progress, existing textual OOD detection methods have predominantly

focused on small-scale models (e.g., BERT), and their effectiveness in the era of LLMs
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remains underexplored. Furthermore, OOD detection algorithms specifically designed
for LLMs are still lacking. To fill this gap, this thesis conducts a comprehensive evaluation
of traditional OOD detection methods and proposes novel, LLM-based OOD detection
algorithms. In the Med-VQA domain, development has been relatively constrained. In its
early stages, the field had only a single dataset, and most algorithms were directly adapted
from the general domain without considering the unique challenges posed by medical
data. To advance the field, this thesis introduces two widely used Med-VQA datasets and
several algorithms, addressing data scarcity and improving both the reasoning ability and
explainability of Med-VQA models. By enhancing robustness and usability, this thesis
aims to bridge critical gaps in both OOD detection and Med-VQA research, pushing the

boundaries of conversational Al

1.1 Challenges

1.1.1 Out-of-distribution Detection

Challenge I: OOD detection in the era of LLMs. LLMs have achieved remarkable
progress across various cognitive tasks, yet their capabilities in OOD detection remain
largely underexplored. Most earlier approaches mainly used small-scale pre-trained lan-
guage models (PLMs) for OOD detection, such as BERT and RoBERTa, which were
primarily encoder-based with sentence classification objectives. In contrast, modern
LLMs use auto-regressive training for next-token prediction, creating fundamentally
different hidden representations that likely impact OOD detection performance. Addi-

tionally, prior works have focused on improving OOD detection by fine-tuning PLMs
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with discriminative objectives. However, a more natural approach would leverage LLMs’
pre-trained knowledge through generative fine-tuning, maintaining alignment with their
auto-regressive training objectives. Given these distinct characteristics, it is essential to
conduct an in-depth investigation into the OOD detection capabilities of LLMs to fully

understand their strengths and limitations.

Challenge II: Near-OOD detection in a low-resource setting. Obtaining a large
number of data labels is significantly time-consuming and resource-demanding, and
data acquisition in certain domains (such as medicine, finance, etc.) is particularly
challenging. Therefore, text OOD detection in real-world scenarios frequently encounters
low-resource situations, where the labeled ID dataset contains only a few examples
per class. Meanwhile, in some scenarios (like the banking system), some inputs that
are treated as “near-OOD” share significant semantic similarities with in-distribution
(ID) data but contain critical differences that should trigger caution. Distinguishing
between these fine-grained cases requires a sophisticated understanding of semantic
relationships and context, especially in situations where limited training data is available.
However, former PLMs-based methods achieved suboptimal performance. Therefore, it
1s necessary to explore and design methods powered by LLMs to better solve near-OOD

detection in a low-resource setting.

1.1.2 Medical Visual Question Answering

Challenge I: Data scarcity. Med-VQA represents a particularly demanding task that

requires systems to interpret medical images, understand clinical queries, and generate
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accurate responses that integrate visual and textual information with domain knowledge.
However, at the initial stage, there was only one dataset named VQA-RAD [11] that only
contained hundreds of images along with questions. This small-scale dataset severely
restricted the development of the field. At the same time, due to the lack of proper datasets
for designing task-specific methods, most approaches directly transferred general models
for solving Med-VQA tasks. However, since visual models in the general domain are
typically large, such as ResNet-101 [20], this leads to significant overfitting on the small-
scale VQA-RAD dataset, resulting in poor generalization performance. Thus, it is worth

designing methods to overcome the scarcity of data and the issues associated with it.

Challenge II: Insufficient reasoning capabilities of the models. Compared to gen-
eral VQA, Med-VQA is particularly challenging due to the diverse clinical questions
requiring different reasoning skills and the complexity of medical images, which differ
significantly from natural images. Nevertheless, previous methods mostly addressed the
Med-VQA problem by directly transferring models from the general domain, such as
relying on reasoning modules like BAN [21]and SAN [22] and general visual extractors
like ResNet [20], to solve medical VQA. Because these general modules fail to effectively
model the relationship between medical images and textual inquiries, the overall perfor-
mance is not satisfactory. This makes it crucial to enhance the reasoning capabilities of

models in order to address the Med-VQA problem effectively.

Challenge III: Lack of explainability. As the attention on Med-VQA increases, more
and more models and datasets have been proposed to advance the field. However,

current Med-VQA systems do not provide explanations, especially visual ones, for the



6 CHAPTER 1. INTRODUCTION

Textual OOD Detection Med-VQA

OOD Detection ISBI-2021, MICCAI-2021

with LLMs
(COLING-2024)

Overcoming
— Small-scale Data
( )

( )

Improving
— Reasoning Abilities
éACM MM 2020, TMI 2022}

Few-shot e ™
Near-OOD Detection ) Introducing Multi-modal
Explainability
1\ J

Figure 1.1: Research accomplishments

answers they offer, which greatly reduces the understanding of the question-answer pairs
by patients. Explanations are as essential as the answers themselves in general VQA
systems. This holds even stronger in medical VQA, where the domain-specific nature
of the task amplifies the need for clarity [23]. At the same time, existing systems also
struggle to handle choice-based questions effectively. Therefore, the Med-VQA field

should address these two issues to improve the practicality of conversational systems.

1.2 Contributions

The contributions of this thesis are organized into two main areas: improving OOD
detection and Med-VQA by solving the aforementioned challenges. An overview is
shown in Figure 1.1. The following sections will provide a detailed introduction to these

contributions.
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1.2.1 Out-of-distribution Detection

Contribution I: Comprehensive evaluation of OOD detection with LLMs. To tackle
the challenge I in OOD detection, we conduct a systematic empirical evaluation of
traditional OOD detection methods for modern LLMs, addressing a significant gap in
prior research. Our evaluation spans both zero-shot and fine-tuning settings, focusing
on the LLaMA series ranging from 7B to 65B in size, and introduces a generative fine-
tuning paradigm that better aligns with LLMs’ pre-training objectives. Our findings
reveal that cosine distance-based detection methods outperform other OOD detectors
by effectively leveraging the isotropic embedding space of LLMs. The results were

published in COLING-24 [5].

Contribution II: A data-efficient near-OOD detection framework. To overcome
the extremely challenging scenario of low-resource near-OOD detection, we propose a
framework leveraging the isotropic characteristics of LLMs, which first develops seman-
tic prototypes for each ID class from its name using a method based on diversity-grounded
prompt tuning. Then, this framework performs semantic matching for both OOD detec-
tion and ID classification. For a thorough assessment, we benchmark our method against
the prevalent fine-tuning approaches. The results reveal that this framework demonstrates

superior performance in few-shot near-OOD detection tasks.

1.2.2 Medical Visual Question Answering

Contribution I: Overcoming small-sale data. First of all, we introduce SLAKE, a

semantically-labeled knowledge-enhanced dataset with accurate visual and textual an-
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notations and an extendable knowledge base, to overcome data scarcity. This dataset
enables contextual understanding of medical images and supports complex questions re-
quiring both visual comprehension and medical reasoning. Compared to the prior dataset
VQA-RAD, our SLAKE contains more vision-question pairs involving more imaging
modalities and body parts. Next, to overcome the overfitting caused by small-scale
datasets, we first gather a large collection of unlabeled images and propose a pre-training
framework that learns transferable feature representations from these radiology images.
Then, this framework distills a lightweight visual feature extractor for Med-VQA, effec-
tively mitigating overfitting to small-scale training data. These two works are accepted

in ISBI-2021 [2] and MICCAI-2021 [3], respectively.

Contribution II: Improving reasoning abilities of Med-VQA models. To enhance
the reasoning abilities of Med-VQA models, we propose a novel conditional reasoning
mechanism that comprises two key components: the question-conditioned reasoning
(QCR) module and the type-conditioned reasoning (TCR) strategy. The QCR module
enables the model to develop question-specific reasoning capabilities by utilizing question
information to guide multimodal fusion features. Additionally, Med-VQA tasks can be
broadly categorized into two types: closed-ended and open-ended questions. Open-ended
tasks, in general, are more challenging than closed-ended ones, and existing Med-VQA
models often underperform on open-ended tasks. Recognizing that these task types
require distinct reasoning capabilities, TCR handles open-ended and closed-ended tasks
separately by developing specialized reasoning skills. This research has been accepted

in ACMM MM-2020 [1] and TMI-2022 [4].
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Contribution III: Introducing multi-modal explainability. To overcome the chal-
lenge of current models lacking explainability for their answers, we present GEMeX,
a large-scale, groundable, and explainable Med-VQA benchmark for chest X-ray di-
agnosis, featuring several innovative components: (1) a multi-modal explainability
mechanism that offers detailed visual and textual explanations for each question-answer
pair, thereby enhancing answer comprehensibility; (2) four question types—open-ended,
closed-ended, single-choice, and multiple-choice—to better reflect practical needs. With
151,025 images and 1,605,575 questions, GEMeX is the currently largest chest X-ray
VQA dataset. We conduct an evaluation of 12 representative large vision language mod-
els on our GEMeX and propose a strong model by fine-tuning an existing LVLM on the

training set. The results underscore the dataset’s complexity and effectiveness.

Thesis organization. The remainder of this thesis is organized as follows: Chapter 2
provides a comprehensive review of the literature related to textual OOD detection
and Med-VQA. Chapter 3 presents our empirical investigation of OOD detection with
LLMs. Chapter 4 introduces a novel framework for few-shot near-OOD detection in
LLMs. Chapter 5 constructs the SLAKE dataset and proposes a representation distillation
framework to address the challenge of data scarcity in Med-VQA. Chapter 6 designs a
conditional reasoning framework to improve the reasoning abilities of Med-VQA models.
Chapter 7 describes the GEMeX benchmark for empowering multimodal explainability
and evaluates representative models on this new dataset. Finally, Chapter 8 concludes the
thesis with a summary of contributions, limitations, and directions for future research.
Through these contributions, this thesis aims to enhance the safety and reliability of

conversational Al systems.
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Chapter 2

Background and Related Work

This chapter begins by introducing related work on textual out-of-distribution (OOD)
detection. It then provides an in-depth discussion of medical visual question answering
(Med-VQA) methods, followed by a review of various datasets currently available. Ad-
ditionally, it explores related research areas, including general visual question answering

and medical vision-language tasks.

2.1 Textual Out-of-distribution Detection

Out-of-Distribution (OOD) detection has a long history in machine learning and is
highly related to research topics like outlier detection, anomaly detection and novelty
detection [24]. In the task setting of OOD detection, the in-distribution is characterized
by the labeled training dataset and the out-of-distribution refers to anything else that
possesses distributional shifts. Note that OOD detection differs from outlier detection in
that it requires accurate classification of both ID and OOD data [25].

11



12 CHAPTER 2. BACKGROUND AND RELATED WORK

The significance of textual OOD detection in ensuring the robustness of NLP applications,
such as dialogue systems, has led to a surge in research interest. Pre-trained Transformers

have shown intrinsic superiority in handling OOD detection [19, 26, 27].

Several works have further evaluated the OOD performance of PLMs with respect to
commonly used OOD detectors, including MSP [28], Mahalanobis distance (MD) [29],
and Energy score [30]. For example, Podolskiy et al. [31] show that the Gaussian
distribution assumption of MD better matches the representation space of BERT and can
yield the best OOD performance in intent OOD detection benchmarks. Zhou et al. [32]
show that a contrastive regularizer can further improve the sentence representation of

Transformers for OOD detection.

More recently, Uppaal et al. [33] present a thorough analysis on the fine-tuning strategies
for OOD detection with ROBERTa and show that RoOBERTa [34] without fine-tuning can
achieve near-perfect far-OOD detection performance. Similarly, we find that LLMs can
also achieve perfect far-OOD detection performance without fine-tuning. Cho et al. [35]
explores the OOD detection capability of medium-sized PLMs (such as GPT-2 [36]),
as well as the impact of various ID fine-tuning techniques. While they also assess
decoder-based models, the models they evaluated are not as extensive as this work,
and they neglect to undertake generative ID tuning, a crucial step to fine-tune decoder-
based models for downstream ID tasks. Furthermore, the models they examine remain at
relatively moderate scales, and an exploration of the possible data-efficient characteristics

of the model is lacking.

Recently, large language models (LLMs) have been leading a paradigm shift in the field

of natural language processing (NLP) [37—45]. The use of LLMs to solve NLP tasks in
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a generative way has become widespread. These LLMs commonly adopt the decoder-
based architecture and are trained with the autoregressive objective. In this thesis, we
focus on the OOD performance of open-source LLMs and anticipate that our work can

provide useful insights for OOD detection under this paradigm.

2.2 Medical Visual Question Answering

Applying general VQA for Med-VQA. Most studies mainly applied popular VQA
models on Med-VQA tasks [46-52]. Specifically, the visual features of medical images
are extracted by deep pre-trained networks (e.g., ResNet [20] or VGGNet [53]), and the
textual features of clinical questions are obtained through stacked RNN-based layers. For
multimodal feature fusion, [46] adopted a simple concatenation operation, [47] exploited
stacked attention networks (SAN) [22] and compact bilinear pooling (MCB) [54], [49] and
[48] employed multimodal factorized bilinear pooling (MFB) [55], and [52] proposed to
query an image by means of a written question based on the multimodal low-rank bilinear

(MLB) module.

However, because of the large difference between radiology images and general images
and the small scale of training datasets for Med-VQA, such straightforward adaptation
suffers from severe overfitting. Moreover, VQA methods such as UpDn [56], which
leverage algorithms like Fast R-CNN [57] for object detection, cannot be applied to Med-
VQA due to the lack of annotation in existing datasets. To conquer the difficulty of data
scarcity, [13] proposed mixture of enhanced visual features (MEVF) that pre-trained a
small visual feature extractor (several convolutional layers) on VQA-RAD dataset [11]

and an undisclosed external medical dataset, by using an auto-encoder and meta-learning
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method MAML [58]. While this work achieves good performance on VQA-RAD dataset,
the pre-training approach is dataset-dependent and requires extra annotation effort. Be-
sides, it simply employs a bilinear attention mechanism for multimodal feature fusion,
which lacks multi-level reasoning ability. Some recent works, including MMBERT [59],
MedViLL [60], and RGC [61], try to pre-train a multimodal Transformer on medical
vision-language datasets and then fine-tune it on Med-VQA tasks. However, due to the
small scale of existing Med-VQA training datasets, large models could easily overfit. In
this thesis, we explore lightweight models like MEVF [13] and aim to improve both the

reasoning module and the visual feature extraction module.

Contrastive Pre-training. Lately, there is a growing interest in learning data representa-
tions with deep neural networks in an unsupervised or self-supervised manner, to reduce
the need for laborious annotation work. Several recent studies have shown promise in
learning image representations by designing proper pretext tasks and loss functions. [62]
proposed to randomly rotate an image by 0, 90, 180, or 270 degrees and train a neural
network to predict the rotation angle. CPC [63] pioneered in using a contrastive objec-
tive (InfoNCE loss) to learn data representations with a context auto-encoding task and
achieved promising results in various domains including speech, image, and text. Recent
development of contrastive self-supervised learning includes MoCo [64] that utilizes a
queue to efficiently store a large number of negative samples to remove the restriction
of mini-batch size, SImCLR [65] that uses stronger data augmentation and a very large
batch to accommodate more negative samples, and MoCo-v2 [14] that combines the
design improvements of SImCLR with MoCo. In the medical domain, contrastive self-
supervised pre-training methods have also gained much attention recently [66, 67]. In

this thesis, we utilize MoCo-v2 to pre-train useful representations of radiology images for



2.2. MEDICAL VISUAL QUESTION ANSWERING 15

Med-VQA to overcome data scarcity challenges. Besides image-image contrastive self-
supervised learning, with the rise of contrastive language-image pre-training (CLIP) [68],
methods [69-75] start to focus on applying CLIP to Med-VQA. A promising way is to
fine-tune CLIP’s joint embeddings to better handle specific medical domains, enhancing

the model’s understanding of clinical questions and visual features [76].

Large Vision Language Models. Recently, the explosion of large vision language
models (LVLMs) has further pushed the boundaries of medical domain [77-83]. LLaVA-
Med-v1 [80] is designed specifically for medical applications based on LLaVA-v1 and
LLaVA-Med-v1.5 [80] is an advanced version; MiniGPT-Med [79] is a medical version of
Mini-GPT4 [84]; XrayGPT [77] is a specialized GPT model for interpreting chest X-rays;
RadFM [78] is a radiology foundation model. Generally, they first pre-train models on a
large-scale image-text dataset (like PMC-OA [76], PMC-15M [70]) to map visual features
into language model’s embedding space and then further tune with instruction data for
medical consultation [79, 85] or disease diagnosis [77, 86—88]. These models are now
leveraged for Med-VQA tasks to provide richer, more context-aware answers, extending
beyond simple text-image alignment to incorporate broader knowledge-based reasoning.
Despite these advances, current methods are limited by the size and diversity of available
datasets. These LVLMs fail to provide detailed answer explanations, especially on the

visual side, which reduces patients’ and junior doctors’ understanding of the questions.

Datasets. In the initial stage, there is only one Med-VQA dataset, VQA-RAD [11],
that offers over 3,000 question-answer pairs focused on radiology images. To advance
the development of this field, we introduce SLAKE [2] which is the first manually
created dataset with over 14,000 QA pairs across CT, MRI, and X-ray images and a

medical knowledge graph, enabling models to handle complex scenarios by combining
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Dataset #Images # QA Pairs # Modalities # Question Types} # Groundable # Explainable

VQA-RAD [11] 0.315K 3.5K Diverset 0.&C. X X
SLAKE (Ours) [2] 0.642K 14K Diverset 0.&C. X X
OmniMedVQA [89] 118.010K 128K Diverset 0.&C.&S. X X
PMC-VQA [90] 149.075K 227K Diversef 0.&C. &S. X X
VQA-Med [91] 45K 45K Diverset 0.&C. X X
PathVQA [92] 149K 33K Pathology 0.&C. X X
RadGenome-Chest CT [93] ~ 50.188K 1.3M Chest CT 0.&C. v X
MIMIC-Diff-VQA [94]  164324K 700K  Chest X-ray 0.&C. X X
MIMIC-CXR-VQA [95]  142.797K 377K Chest X-ray 0.&C. X X

GEMeX (Ours) 151.025K  1.6M  ChestX-ray O.&C.&S.& M. v v/ (Vision & Language)

Table 2.1: Comparison of medical VQA Datasets. { indicates a composition of multiple
body parts (e.g., head, chest, abdomen) and various imaging modalities (e.g., CT, MRI,
X-ray, pathology). In the # Question Typest column, O., C., S., and M. represent “Open-

ended”, “Closed-ended”, “Single-choice”, and “Multi-choice”, respectively.

visual and textual information. As the field continues to develop, various datasets have
been created to advance medical VQA research, each tackling specific challenges across
clinical domains. A detailed comparison can be seen in Table 2.1. VQA-Med [91] is a
key dataset for Med-VQA competitions, with 4,500 radiology images and paired QA sets
for training, validation, and testing. OmniMedVQA [89] provides more data and more
imaging modalities, which cover the entire body, to encourage model generalization.
PMC-VQA [90] generates VQA data by prompting a large language model to decompose
captions of biomedical figures, enabling academic knowledge extraction. PathVQA [92]
supplies over 32,000 QA pairs on histopathological images for fine-grained pathology

analysis.

For specialized tasks, RadGenome-Chest CT [93] supports chest CT diagnostics, while

MIMIC-Diff-VQA [94] emphasizes differential diagnosis reasoning between two X-rays.



2.3. VISUAL QUESTION ANSWERING 17

MIMIC-CXR-VQA [95] expands MIMIC-CXR [96] with diverse question templates to
generate thoracic radiology QA pairs, aiding in chest abnormality detection. However,
all current datasets lack explainability and diverse question formats. They do not provide
detailed visual and textual explanations for answers, which limits the usability for patient
and junior doctor in understanding the answers. Moreover, the restricted range of question
types reduces their ability to simulate the diverse inquiries encountered in real-world
medical practice. Therefore, we introduce a new dataset named GEMeX [6] that covers
four categories of varying difficulty levels: open-ended, closed-ended, single-choice, and
multiple-choice questions. Each question-answer pair is enriched with explicit reasoning
and corresponding visual region annotations. Currently, this is the largest VQA dataset
for chest X-rays that comprises 151,025 images and 1,605,575 questions, and the first

medical VQA dataset simultaneously includes both textual and visual explanations.

2.3 Visual Question Answering

A typical VQA system consists of 4 basic components: (1) a visual feature extractor
to obtain the visual image features; (2) a textual feature extractor to obtain the textual
question features; (3) a multimodal feature fusion module to aggregate both the visual
and textual features to produce a joint representation; (4) a classifier to predict the final
answers based on the joint representation. Various VQA systems differ in how they

extract and combine multimodal features.

Early studies mainly employed VGGNet [53] and LSTM [15] to extract visual and textual
features respectively and combined them by simple mechanisms such as concatenation

and pooling [97]. In recent years, a lot of effort has been devoted to studying inter-
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modality relation by exploring the connection between visual and textual semantics [21,
22, 56, 98, 99]. Stacked attention network (SAN) was proposed in [22] to progressively
search for related image regions using question semantic representations. Based on low-
rank bilinear pooling, bilinear attention network (BAN) [21] was proposed to generate
bilinear attention maps to fuse multimodal features, which is also employed in this
work. UpDn [56] utilized Faster R-CNN [57] to extract regions of interest (ROI) at
object level and aggregated region features with weights generated under the guidance
of the question. Based on ROI features, some methods such as LXMERT [100] and
Pythia [101] achieved promising results. Very recently, Transformer [102] based vision-
and-language pre-training (VLP) becomes a popular paradigm. A typical process is to
extract question features with BERT [103] and fuse them with visual features via a self-
attention mechanism. According to the different ways of visual feature extraction, VLP
can be divided into object-based methods such as VILBERT [104], VL-BERT [99], and
Visual BERT [105], convolution-based methods such as Pixel-BERT [106], and image-
patch-based methods such as ViLT [107]. Since object-based methods rely on visual
object labels, which are not available in existing Med-VQA datasets, in this thesis, we

only explore convolution-based and image-patch-based methods.

Besides, a recent line of research [108—111] focused on developing VQA systems with
higher-level reasoning skills. [108] proposed to split questions into a series of seman-
tic segments, which would accordingly activate pre-specified neural network modules.
However, it is difficult to train the network due to complex pre-defined structures and
annotations. [111] focused on solving VQA tasks in the few-shot setting by generating
additional normalization parameters from questions to control the visual feature extrac-

tor’s inner layers. To solve the highly challenging compositional questions [112—114],
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MAC [109] proposed to use various recurrent cells such as memory, attention, and
composition for reasoning, while neural-symbolic (NS) approaches [115, 116] exploited

executable symbolic programs to mimic human reasoning process.

2.4 Medical Vision-Language Tasks

Medical vision-language tasks have gained increasing attention in recent years, driven by
the need for automated and efficient interpretation of medical images. Besides Med-VQA,
there is also report generation and medical image-report retrieval, each addressing dif-

ferent aspects of integrating visual and textual information for clinical decision-making.

Medical Report Generation. Medical report generation aims to automatically produce
structured and coherent radiology reports from medical images, such as chest X-rays [96,
117] and CT scans [93]. Early approaches [118] relied on template-based methods or
rule-based systems, which often lacked flexibility and generalization capabilities. With
advancements in deep learning, encoder-decoder architectures, particularly those based
on convolutional neural networks (CNNSs) and recurrent neural networks (RNNs), have
become popular for this task [119, 120]. More recently, transformer-based models (e.g.,
R2Gen [121], Maira-1 [122]) have demonstrated superior performance by capturing
long-range dependencies between visual and textual features. However, a key challenge
in medical report generation remains the hallucination problem, where generated reports
may include incorrect or clinically implausible content. To address this, contrastive
decoding [123] and knowledge-enhanced method [124] have been introduced to improve

factual correctness and clinical consistency.
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Medical Image-Report Retrieval. Medical image-report retrieval involves retrieving
relevant radiology reports given a medical image or vice versa. This task is critical for
clinical decision support, allowing radiologists to reference similar cases. Traditional
methods relied on hand-crafted features and similarity metrics, but deep learning-based
approaches now dominate, leveraging joint vision-language embeddings. Cross-modal
retrieval methods often employ dual-encoder frameworks based on CNNs and transform-
ers, aligning image and text representations in a shared latent space [125]. Recently,
contrastive pre-training (e.g., CLIP-based models [126, 127]) has further improved re-
trieval performance by learning robust vision-language associations from large-scale
medical datasets. However, challenges such as domain shift across imaging modalities
and incompleteness in textual annotations still pose limitations in real-world applica-

tions.



Chapter 3

OOD Detection with LLMs

3.1 Introduction

Out-of-distribution (OOD) detection has attracted significant attention due to its crucial
role in ensuring Al safety [128]. The objective is to identify and raise an alarm for
inputs that exhibit distributional shifts compared to the in-distribution (ID) training data.
Given that the test distribution can dynamically change over time, OOD detection has
become indispensable in high-stakes applications, such as healthcare and self-driving
cars. Its ability to detect anomalous inputs and adapt to evolving scenarios makes it a
vital component in ensuring the reliability and robustness of Al systems in real-world,

dynamic environments.

Utilizing sentence representations yielded by pre-trained language models (PLMs) to
derive OOD confidence scores has been the de facto method for textual OOD detection.
Specifically, PLMs are first fine-tuned on the ID data and then OOD detectors are applied

21
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In-Distribution (ID) Out-of-Distribution (OOD)
(I) ID: Sentiment Analysis (I) Far-OOD: Question Classification
Nelson's intentions are good. Who was the first American in space ?
SST-2 TREC

(IT) ID: Transfer-related Intent (IT) Near-OOD: Balance-related Intent

I would like to make a transfer. What is in my bank accounts?

CLINC150-BANK (Transfer) CLINC150-BANK (Balance)

Figure 3.1: Illustration of two types of OOD instances compared to ID samples: far-OOD
where ID and OOD data come from different domains and near-OOD where ID and OOD

data come from the same domain but with different classes.

on the sentence representations generated by PLMs. Compared to ID data, there are two
types of OOD instances: far-OOD where ID and OOD data come from different domains
and near-OOD where ID and OOD data come from the same domain but with different
classes, as shown in Figure 3.1. Typically, near-OOD samples are harder to recognize. A
body of works [26, 27, 31, 33] have shown that Transformer-based models can produce
better sentence representations for OOD detection. However, these studies have mainly
focused on evaluating the OOD detection performance of small-scale encoder-based

Transformers, such as ROBERTa and BERT.

Recently, large language models (LLMs) have made significant strides in various cogni-
tive tasks, yet their capabilities on OOD detection remain largely unexplored. Unlike rel-
atively small-scale PLMs used by prior studies, LLMs often display notable differences.
In particular, the majority of previously prominent PLMs utilized for OOD detection

adopt the encoder-based architecture, such as BERT and RoBERTa. These models are
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predominantly designed with a pre-training objective that focuses on sentence classifi-
cation. However, recent LLMs [37, 39-42] exclusively adopt an autoregressive training
objective during pre-training. Consequently, the hidden states of LLMs are specialized
for next token prediction, which could influence their performance in OOD detection.
Moreover, previous works test changes in OOD detection when adapting PLMs to down-
stream tasks through discriminative fine-tuning, even for decoder-based models [35].
However, a more intuitive approach is to probe the pre-training knowledge of LLMs
through generative fine-tuning, which better aligns LLMs’ pre-training objective with
downstream tasks. Thus, it is imperative to extensively investigate the OOD detection

capabilities of LLMs to gain deeper insights into their potential and limitations.

This work aims to fill this gap by offering a comprehensive and structured assessment
of OOD detection with LLMs across varying scales (ranging from 7B to 65B). Notably,
our evaluation process is specifically designed to consider the scaling laws of LLMs with
commonly utilized OOD detection detectors, ensuring broader and more generalized

findings. In summary, our analysis has revealed the following new insights:

1. Discriminative vs. generative fine-tuning. We have observed that generative fine-
tuning demonstrates greater resilience to the issue of ID overfitting when compared to
discriminative fine-tuning. As highlighted by Uppaal et al. [33], there exists a trade-off
between achieving higher accuracy on ID tasks and ensuring effective OOD detection.
It has been shown that OOD detectors progressively lose efficacy as the training of ID
tasks continues. However, our findings indicate that adopting a generative approach to
fine-tuning LLLMs can effectively mitigate this issue, potentially resulting in stable OOD

performance even as training progresses and ID accuracy improves.
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2. LLM-based far- vs. near-OOD detection. Our results consistently demonstrate
that LLMs are natural far-OOD detectors. Remarkably, LLMs of all scales achieve
near-perfect OOD performance in far-OOD scenarios without requiring any fine-tuning.
However, when it comes to near-OOD detection, only the 65B model is able to achieve
satisfactory performance without any fine-tuning. Despite that, we discover that fine-

tuning significantly improves the near-OOD detection capability of LLMs.

3. Anisotropy vs. isotropy. Our experimental results suggest that the cosine distance
function, when used as a straightforward OOD detector, performs exceptionally well. This
observation leads to an intriguing discovery: the embedding spaces of LLMs exhibit a
desirable isotropic property, which is not possessed by the BERT family models. The
sentence embeddings produced by the BERT family models have been noted to possess
an undesirable characteristic of being concentrated within a narrow cone, a phenomenon
referred to as anisotropic representations [129], which negatively affects tasks involving
semantic relationships and is commonly known as representation degeneration [130].
The issue is resolved through the isotropic representations generated by LLMs, which
allow the cosine distance to excel in OOD detection and may potentially benefit a broad

spectrum of tasks.

3.2 Method

Problem statement. The objective of OOD detection is to effectively differentiate
between instances that belong to a specific distribution (in-distribution Djp) and those
falling outside of that distribution (out-of-distribution Dpop). To better and fairly evaluate

the capabilities of LLMs for OOD detection compared to prior smaller models (e.g.,
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RoBERTa [34]) [33], we utilize the same sentence classification task as the ID training
task. In practical application scenarios, undesired inputs (e.g., a severe distribution shift
towards ID data) may occur, and an OOD confidence scoring function foop can be used

to reject whether outputting results for such inputs or not.

3.2.1 ID Generative Fine-tuning with LLMs

For the ID sentence classification task, we align with the nature of LLMs and adopt a
generative approach (referred to as open-ended classification) [131]. Concretely, given
an input sentence Xg, we first expand it with a simple template: “### Input:\nX ###
Output:\n”, to facilitate the extraction of outputs by identifying the section following the
“Output” symbol. Subsequently, we maximize the probability of generating the target

label X, with L tokens by:

L

maxp(Xa|Xs) = H p@(xi‘Xm Xa,<i)7 (31)

i=1

where 6 represents the model parameters and X, -; are partial label tokens that come

before the current prediction token z;.

Parameter-efficient fine-tuning. To improve the performance of LLMs in the in-
distribution sentence classification task, we employ a parameter-efficient fine-tuning
(PEFT) approach, to minimize the usage of additional parameters. Specifically, we
utilize the low-rank adaptation (LoRA) [132] technique which freezes the pre-trained
LLMs’ weights and inserts trainable rank decomposition matrices into each Transformer
layer. We perform PEFT with answer predictions, i.e., only class label tokens are utilized
to compute the auto-regressive loss. During the test stage, we use strict matching to

determine whether the generated labels are identical to the ground truth.
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Figure 3.2: Our proposed evaluation framework for LLMs at OOD detection, taking
three aspects into consideration: @ distribution of OOD samples (near or far), @ impact

of model tuning on OOD detection, and @ diverse OOD detectors (score functions).

3.2.2 OOD Detection with LL.LMs

The overview of our OOD detection framework is illustrated in Figure 3.2. Our primary
focus is on decoder-like LLMs, such as LLaMA [37], as they have demonstrated excellent
performance when their model size scales up [133, 134]. To obtain a comprehensive ob-
servation, we conduct OOD detection experiments on two different semantic distribution
settings [135, 136]: far-OOD and near-OOD (cf. Figure 3.1). Regarding OOD detection
methods, we focus on the prevailing post-hoc paradigm [25]. In the following, we elab-
orate on how to integrate post-hoc OOD detectors into decoder-style LLMs, which has

not been addressed in existing literature.

Customized post-hoc methods. According to prior studies [26, 32], there mainly exist
two categories of post-hoc methods: logits-based OOD score functions and distance-

based ones. Since previous works used these methods for language models accompanied
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by a classifier, we here customize them for decoder-type LLMs with only a language

model head (as shown in Figure 3.2) in the following:

Logits-based OOD score functions operate on the final class-related logits. In generative
classification, the generated class name is usually composed of several tokens, e.g.,
“positive” consists of “posi” and “tive”. Instead of calculating the probability (logits) for
the entire ID class name, we simplify the process by considering the probability assigned
to the first token of its class name. For instance, in a sentiment analysis task with classes
like “positive” and “negative” as depicted in Figure 3.2, we only need to identify the
probability corresponding to the tokens “posi” and “negative” respectively. Considering
that different class names may have common prefixes, such as “positive” and “position”,
we will rephrase the conflicting class names at the beginning of ID training, such as
replacing “position” with “location”. In practice, we observe this re-translation has no

impact on the ID task. Overall, there are mainly two logits-based functions:

* Maximum softmax probability (MSP) [29] utilizes the maximum softmax prob-
ability corresponding to each class, i.e, score S(z) = max{p(y;|z)}¥, where K
is the number of classes, and ID samples always exhibit higher probability scores

while OOD ones correspond to lower scores.

* Energy score (Energy) [30, 137] computes confidence score S(z) = log ZZK ew"2)i
where w is the weight of the language model head and = is all word embeddings.
Note that for both MSP and Energy, we only select the probability and logits

corresponding to the first token of each class name, as mentioned above.

Distance-based OOD score functions apply to sentence representations. Prior studies

using encoder-based PLMs treated the embeddings of special token “cls” as sentence
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representations. For LLMs, we employ the embeddings of the last token of the input
sentence as the representation. There are mainly two functions considered for evaluation:

Mahalanobis distance (Maha) [29] and Cosine distance (Cosine) [32]*.

3.3 Experimental Setup

3.3.1 Datasets

To draw universal conclusions, we conduct a comprehensive evaluation of two kinds of
dataset distribution settings [138] as illustrated in Figure 3.1 and Figure 3.2. Far-OOD.
In this paradigm, ID and OOD samples come from different distributions (datasets),
exhibiting significant semantic differences. Following Hendrycks et al. [26] and Zhou
et al. [32], we evaluate 8 datasets, including 20 Newsgroups (20NG) [139] for topic
classification, RTE [140] and MNLI [141] for nature language inference, TREC-10 [142]
for question classification, SST-2 [143] and IMDB [144] for sentiment analysis, and the
English side of Multi30K [145] and WMT16 [146] for machine translation. Among them,
we choose 20NG and SST-2 as two separate in-distribution tasks and the remaining ones
are recognized as out-distribution. Note that when SST-2 is used as the ID, we do not

consider IMDB as an OOD dataset since both of them are sentiment analysis tasks.

Near-OOD. We also test on a more challenging scenario, where ID and OOD samples
come from the same domain but with disjoint label sets. A well-researched domain is
OOD intent detection [147]. Specifically, we use CLINC150 dataset and choose Banking

and Travel domains. Within each domain, 50% of the classes are chosen as ID, and the

*We refer authors to original papers for more details.
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remaining classes as OOD.

3.3.2 Evaluation Metrics

We employ three commonly used metrics for OOD detection: (1) AUROC (area under
the receiver operating characteristic curve). (2) FAR@95 (false alarm rate at 95% recall).
It represents the probability of incorrectly classifying a negative sample as positive when
the Recall or True Positive Rate (TPR) is 95%. We treat the OOD class as negative. (3)
AUPR (area under the precision-recall curve). Additionally, we use accuracy as a metric

for ID classification task.

Dataset Full-shot 10-shot 5-shot 1-shot
SST-2 16 8 4 2
20NG 8 8 8 8
CLINC150
16 16 16 8
(Banking or Travel)

Table 3.1: Batch size configuration for each dataset.

3.3.3 Implementation Details

All experiments are conducted on a workstation with 4 NVIDIA A100 80G GPUs. For
zero-grad OOD detection, LLaMA-7B, -13B, -30B, and -65B are deployed on 1, 1, 2,
and 4 A100 GPUs, respectively. When further fine-tuning LLMs on ID tasks, the LoRA
configurations (Section 3.2.1) are that rank r is 16, scaling « is 16, and query/key/-
value/output projection matrices {W,, Wy, W,,, W, } in each self-attention module need

to be updated. We train the network for 50 epochs with early stop criteria that if the
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Maha Cosine MSP Energy
ID Dataset LLM AUROC 1 FAR@95 | AUPR{ AUROC?T FAR@95| AUPRT AUROC?T FAR@95| AUPR?T AUROCT FAR@95| AUPR T
LLaMA-7B 0.991 0 0.993 0.990 0.006 0.990 0.905 0.318 0.811 0.368 0.930 0.380
LLaMA-13B 0.992 0 0.993 0.990 0.005 0.989 0.939 0.213 0.818 0.571 0.778 0.478
SST-2

LLaMA-30B  0.994 0.003 0.993 0.991 0.009 0.990 0.881 0.361 0.742 0.651 0.738 0.540

a

8 LLaMA-65B  0.991 0.007 0.991 0.990 0.007 0.992 0.776 0.621 0.646 0.544 0.821 0.485
LLaMA-7B 0.997 0 0.995 0.998 0 0.996 0.441 0.929 0.391 0.571 0.784 0.417
LLaMA-13B 0.996 0.006 0.989 0.993 0.004 0.990 0.622 0.754 0.482 0.491 0.932 0.362

20NG
LLaMA-30B  0.995 0.005 0.987 0.995 0.002 0.993 0.533 0.847 0.424 0.491 0.906 0.362
LLaMA-65B 1 0 0.998 0.999 0 0.997 0.616 0.764 0.421 0.508 0.925 0.369
LLaMA-7B 0.896 0.568 0.921 0.891 0.587 0.916 0.720 0.814 0.763 0.722 0.818 0.758
LLaMA-13B  0.905 0.408 0.922 0.903 0.514 0.922 0.739 0.769 0.760 0.713 0.831 0.743
CLINC-Banking

LLaMA-30B  0.895 0.472 0913 0.910 0.424 0.923 0.733 0.813 0.746 0.724 0.795 0.735

a

8 LLaMA-65B  0.951 0.255 0.964 0.956 0.200 0.964 0.823 0.604 0.834 0.826 0.614 0.834

.L

8

3

Z LLaMA-7B 0.895 0.680 0.932 0.887 0.738 0.927 0.584 0.921 0.640 0.637 0912 0.674
LLaMA-13B  0.942 0.485 0.964 0.922 0.730 0.955 0.639 0.834 0.696 0.633 0.909 0.695

CLINC-Travel

LLaMA-30B  0.926 0.458 0.950 0.928 0.523 0.950 0.650 0.911 0.697 0.653 0.888 0.698
LLaMA-65B  0.959 0.182 0.971 0.976 0.076 0.986 0.739 0.745 0.753 0.755 0.681 0.768

Table 3.2: OOD detection performance of zero-grad LLaMA models. We use the full

validation set to calculate each OOD score. The results are averaged over five seeds.

model’s performance on the validation set continuously drops for 6 consecutive epochs
and the current epoch number exceeds 15, training will be terminated. We use AdamW
optimizer with learning rate 1 x 10~%, further decayed by linear schedule. Due to the
varying lengths of sentences in different ID datasets, we configure different batch sizes

shown in Table 3.1. All experiments are conducted over five seeds (1, 2, 3, 4, 5).

3.4 Findings

3.4.1 Zero-grad OOD Detection with LLMs

In this section, we evaluate the zero-grad OOD performance of LLMs. The objective is

to examine how well OOD detection performs when utilizing the knowledge acquired by
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(a) Far-OOD (b) Near-OOD

Figure 3.3: UMAP [9] visualization of representations generated from the penultimate
layer of the zero-grad (snowflake) and fine-tuned (flame) LLaMA-7B models. (a) Far-
OOD: 20NG is treated as ID while SST-2, RTE, and TREC are treated as OOD. (b)
Near-OOD: the banking domain of CLINC150 is selected, of which 50% of the classes

are treated as ID, and the rest are treated as OOD.

LLMs during pre-training. The results are summarized in Table 3.2 and all LLMs are
frozen in this setting. Note that we use full-shot validation set to calculate each OOD

Score€.

LLMs are natural far-OOD detectors. As shown in Table 3.2, when applying distance-
based OOD detection methods, such as Maha and Cosine, all LLMs can achieve near-
perfect results (e.g., AUROC and AUPR approach 1 while FAR@95 approaches 0). To
better understand why distance-based OOD detectors are so effective, we visualize the
corresponding sentence representations yielded by the penultimate layer (before the top
head layer), as shown in Figure 3.3 (a ). It can be found that representations from the
same dataset are tighter, while ID and OOD sentences have clear boundaries, indicating
the profound semantic discrimination prowess exhibited by LLMs. However, both MSP
and Energy generate poor results. This is foreseeable, as both of them condition on the
first token generated from the input sentence. When the model has not been fine-tuned, it

often struggles to accurately output class names, leading to inferior OOD performance.
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Figure 3.4: Impact of fine-tuning on logits-based OOD scores (MSP at the top row and

Energy at the bottom row). We plot SST-2 (ID) vs. TREC-10 (OOD) for visualization.

Moreover, from the probability density of Figure 3.4 (), it can be found that there
is a significant overlap between ID and OOD, leading to a decrease in OOD detection

performance.

The capability of LLMs for near-OOD detection improves with their scale. We
present the zero-grad near-OOD results in Table 3.2 (CLINC-Banking and CLINC-
Travel). For the near-OOD setting, as the number of model parameters increases, the
OOD detection performance will also be improved. Remarkably, when the model has an
exceedingly large number of parameters (i.e., LLaMA-65B), we can observe a dramatic
performance surge [38] to detect OOD inputs, especially with distance-based OOD
methods. In particular, the AUROC values for Maha and Cosine both surpass 95%, and

FARO9S is enhanced by at least 30% in comparison to the 7B model.

Furthermore, it is evident that the near-OOD performance of LLMs is notably inferior
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Maha Cosine MSP Energy

ID Dataset ~ Shot ID ACCt AUROC{ FAR@95| AUPRT AUROC{T FAR@95| AUPR? AUROCt FAR@95| AUPRT AUROC?T FAR@95| AUPR 1

1 0.535 0.5 1.0 0.422 0.954 0.250 0.934 0.664 0.581 0.587 0.716 0.589 0.637
5 0.664 0.878 0.625 0.843 0.973 0.045 0.971 0.768 0.493 0.674 0.885 0.408 0.794
SST-2

10 0.857 0.967 0.204 0.962 0.991 0.009 0.987 0.771 0.514 0.693 0.896 0.379 0.803

aQ
8 Full  0.976 0.993 0.004 0.992 0.993 0.005 0.991 0.947 0.298 0.888 0.961 0.189 0.907

z
1 0.463 0.5 1 0.380 0.991 0.047 0.985 0.756 0.779 0.670 0.850 0.681 0.824
5 0.713 0.983 0.074 0.975 0.991 0.023 0.989 0.868 0.503 0.799 0.947 0.283 0918

20NG
10 0.796 0.992 0.042 0.987 0.996 0.013 0.991 0.893 0.438 0.840 0.951 0.215 0.924
Full  0.944 0.995 0.003 0.991 0.993 0.007 0.991 0.959 0.207 0.939 0.968 0.114 0.945
1 0.589 0.5 1 0.533 0.905 0.510 0.926 0.846 0.696 0.860 0.870 0.658 0.897
5 0.882 0.863 0.614 0.879 0.962 0.255 0.968 0.873 0.556 0.878 0.903 0.463 0916
CLINC-Banking

10 0.949 0.937 0.424 0.956 0.968 0.157 0.974 0.902 0.422 0.902 0.919 0.346 0.929

aQ
8 Full 0973 0.958 0.231 0.969 0.964 0.147 0.970 0.936 0.269 0.945 0.930 0.225 0.931

Z
- 1 0.526 0.5 1 0.533 0.910 0.481 0.925 0.767 0.756 0.771 0.780 0.733 0.793
5 0.964 0.897 0.644 0.925 0.974 0.148 0.983 0.886 0.415 0.886 0.875 0.420 0.872

CLINC-Travel

10 0.984 0.975 0.137 0.983 0.982 0.078 0.988 0.930 0.3 0.931 0.933 0.231 0.933
Full 0991 0.980 0.045 0.988 0.978 0.049 0.987 0.942 0.121 0.933 0.948 0.112 0.953

Table 3.3: The performance of the fine-tuned LLaMA-7B model for OOD detection and
ID classification. “Shot” denotes the number of examples in the ID training or validation

set. We report the average results of five seeds.

compared to their performance on far-OOD instances. To understand this, we provide
a visualization for this setting as illustrated in Figure 3.3 (b ). The embeddings of
ID and OOD samples are mixed up since their labels come from the same domain (i.e.,
travel or banking). Consequently, detecting near-OOD instances becomes notably more

challenging than far-OOD instances.

3.4.2 OOD Detection with Generatively Fine-tuned LLMs

In this subsection, we study the influence of fine-tuning LLMs on OOD detection.
Specifically, we conduct an in-depth examination of how the OOD detection performance

evolves with the progression of ID task training.



34 CHAPTER 3. OOD DETECTION WITH LLMS

Far-OOD: full-shot Far-OOD: 10-shot Far-OOD: 5-shot Far-OOD: 1-shot
00 B i 10 10 o —frt—t—t=t—t=t=8 10
095 re-Ss PRre ==y
Tt eee ke > voa. poekooooees 08 o8
¥ e . . o-o-o-o
» e
090 P -
i 06 / 06 06
o5 ¢ B e e ot
r e
04 / 04 04
o 1D (Fest) Accuracy | o~ 1D (Test) Accuracy o 1D (Test) Accuracy e 1D (Test) Accuracy
080 I o~ Maha AUROC ! o~ Maha AUROC S~ Mahs AUROC
Cosine AUROC o0 i Cosine AUROC 02 Cosine AUROC 02 Cosine AUROC
075 MSP AUROC MSP AUROC MSP AUROC o* MSP AUROC
Energy AUROC A Energy AUROC P Energy AUROC " Energy AUROC
00 & 00 - o
070
o s 10 15 20 o s 10 15 20 2 4 6 8 10 12 w4 1 o s 10 15 20
Near-OOD: full-shot Near-OOD: 10-shot Near-OOD: 5-shot Near-OOD: 1-shot
100 100 10 10
At e-e-e-K-0-0-o—o—oo- o ey
0ss S 22 /f‘;-tuu_:’»*"..... 08 PO e S U
o =SS S =3 o P

Figure 3.5: Performance changes for ID classification and OOD detection as training
progresses with the different number of training shots. Top row: 20NG is ID training
task; Bottom row: banking domain of CLINC150 is selected where 50% classes are used
as ID training task and the rest are OOD samples. The x indicates the selected results

whose epoch corresponds to the best ID performance on the validation set.

ID fine-tuning can boost OOD detection. We fine-tune LLMs in a generative manner in
both few-shot and full-shot scenarios. The results are summarized in Table 3.3. Likewise,
we present both far- and near-OOD results comparable to the zero-grad configuration.
Clearly, fine-tuning LLMs on in-distribution tasks can notably augment the models’
capacity to detect OOD instances, surpassing the performance of the zero-grad setting
by a significant margin in most cases like in near-OOD setting and with logits-based

functions (in both full-shot scenarios with LLaMA-7B model).

In Figure 3.5, we present the fine-tuning curves. It can be observed that as the ID accuracy
increases, almost all OOD detectors are improved accordingly. To study how fine-tuning
impacts the ID vs. OOD separability, we plot their density distributions in Figure 3.4.
Clearly, fine-tuning can improve the separability between ID and OOD instances. A

similar effect can be cross-validated in Figure 3.3 (b ('h’) in which the embedding of
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Figure 3.6: Impact of different ID training objectives, discriminative vs. generative.

SST-2 dataset with full data is used as the ID training task.

different classes within the ID becomes more compact, while the separation between
ID and OOD becomes clearer. However, it is important to highlight that as the training
continues, there is a possibility of encountering overfitting, which could result in inferior
OOD performance, especially for logits-based methods as illustrated in Figure 3.5 for
both full-shot and 1-shot far-OOD scenarios. This observation is similar to the findings

in [33].

Generative fine-tuning generalizes better. In addition to generative fine-tuning, we
also explore discriminative fine-tuning by appending a classifier after LLMs (replacing
the language model head") to conduct ID task. The comparison of the trend charts
presented in Figure 3.6 reveals that generative fine-tuning tends to be less overfit on
the ID task and all OOD detectors consistently perform better than discriminative fine-
tuning, especially for distance-based OOD detectors. To better understand this effect,
based on the transformations of embeddings illustrated in Figure 3.3 (a), it becomes

evident that throughout the generative training process, while the ID’s distribution shifts

"We use L1amaForSequenceClassification provided by Huggingface [148]
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Maha Cosine MSP Energy
ID Dataset PTM AUROC 1t FAR@95] AUROC?T FAR@95| AUROCT FAR@95| AUROCT FAR@95 |
Zero-grad
RoBERTa-L7 [33] 0.971 0.152 0.919 0.414
LLaMA-7B 0.991 0 0.990 0.006 0.905 0.318 0.368 0.930
SST-2
Fine-tuned
RoBERTa-L{ [32] 0.969 0.183 0.962 0.236 0.889 0.613 0.877 0.632
LLaMA-7B 0.993 0.004 0.993 0.005 0.947 0.298 0.961 0.189
Zero-grad
RoBERTa-L{ [33] 0.998 0.002 0.998 0.002
LLaMA-7B 0.997 0 0.998 0 0.441 0.929 0.571 0.784
20NG
Fine-tuned
RoBERTa-Lj [32] 0.983 0.073 0.978 0.107 0.946 0.305 0.965 0.158
LLaMA-7B 0.995 0.003 0.993 0.007 0.959 0.207 0.968 0.114

Table 3.4: Comparison of large and small PTMs under zero-grad and fine-tuned settings
for OOD detection. { denotes the results we reproduce due to different calculating

methods, while  indicates results cited from the original paper.

into class-specific clusters, a distinct separation continues to exist between these clusters
and the OOD samples. This preserves the effectiveness of distance-based OOD detection
methods. Prior study [33] pointed out that discriminative tuning the small models (e.g.,
RoBERTa [34]) negatively impacts the performance of distance-based OOD detection
methods. This issue also exists in discriminative tuning LLMs but has been solved in the

generative tuning.

Besides, in Table 3.4, we compare encoder-based and decoder-based Transformers and

observe impressive improvement on decoder-based LLMs.

Cosine distance is a data-efficient OOD detector. To further investigate whether LLMs
possess data-efficient OOD detection capabilities, we configure the training samples of

the ID as few-shot instances (e.g., 1, 5, and 10). Please note that we also set the
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number of validation sets to be the same shot, since all OOD detection methods rely on
the validation set. Results presented in Table 3.3 convey that as the number of shots
increases, the OOD detection capability of the LLMs also improves. Moreover, distance-
based OOD detection methods are superior to logits-based ones, and they can achieve
good performance even with only 10-shot samples. Particularly, cosine distance is a
data-efficient OOD detector that can provide effective detection by requiring only 1-shot
instance. For example, it achieves AUROC of 99.1% (near-perfect) on 20NG (ID) and
over 90% on others. Besides, in the 1-shot setting, the Mahalanobis distance loses its
efficacy since it’s unfeasible to model the necessary Gaussian distribution when there’s

only a single sample for each class.

Isotropy vs. anisotropy. By examining Table 3.2 and Table 3.3, it becomes evident that
Cosine distance, as a simple OOD detector, consistently delivers superior performance
and ranks among the top performers in both the zero-grad and generative fine-tuning
settings. We provide an explanation of this phenomenon from the perspective of rep-
resentation learning. In the past few years, the anisotropic issue, also known as the
representation degeneration problem, of BERT family models has garnered considerable
attention [129, 130]. Researchers have highlighted that BERT’s sentence representations
are concentrated within a narrow cone, resulting in substantial challenges for tasks in-
volving semantic matching. Nevertheless, we discover that this concern does not apply to
LLMs. The representations generated by off-the-shelf LLMs inherently exhibit isotropy,

enabling Cosine distance to excel in OOD detection.

To quantify anisotropy, we adopt the methodology introduced by Ethayarajh [129] to

measure sentence-level anisotropy. Let X; be a sentence that appears in the corpus. The
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Data Corpus

PTMs CLINC150 CLINCI150-Banking CLINC150-Travel

LLaMA-7B 0.4731 0.5529 0.5312

RoBERTa-L 0.9991 0.9992 0.9989

Table 3.5: Average sentence anisotropy of model’s last layer.

anisotropy value can be calculated by:

SIS o), 2(Xy)|, (32)

i g

anisotropy = —
n

where cos is the cosine similarity and z(-) is the sentence embedding from the last layer. A
higher anisotropy value suggests that the sentence embeddings are less distinguishable by

Cosine distance. The quantitative results presented in Table 3.5 show that the anisotropy

values of LLMs are considerably lower in comparison to those of RoOBERTa.
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Chapter Review

In this chapter, we have delved into the critical realm of OOD detection within the context
of LLMs. The growing utilization of LLMs across various natural language processing
tasks has underscored the need to understand their capabilities and limitations, especially
in scenarios involving distribution shifts. Our work deepens the comprehension of OOD
detection capabilities of LLMs. Through meticulous analysis, we have showcased the
effectiveness of LLMs for OOD detection under various settings, including zero-grad
and generative fine-tuning scenarios. Our findings reveal that a simple OOD detector
utilizing the cosine similarity function outperforms other sophisticated OOD detectors,
especially in the few-shot setting. Our work may serve as a foundational stepping stone
for future advancements in effectively and responsibly harnessing the potential of LL.Ms

in diverse environments.
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Chapter 4

Few-shot Near-OOD Detection

4.1 Introduction

Task-oriented conversational systems have become widespread across numerous sectors,
including banking and travel [149, 150], where they provide a variety of services. Intent
recognition [151], a key element of these systems, is crucial for enabling automated
assistance to address customer needs. Given the wide range of user inquiries, out-of-
distribution (OOD) intent detection [19, 26] seeks to protect the intent recognition system

by identifying and alerting to malformed inputs.

Recent advancements in large language models (LLMs) [37, 133, 152] have significantly
improved the detection of semantically distinct out-of-distribution (far-OOD) intents [7].
However, identifying semantically similar (near-OOD) intents remains challenging [7,
153]. We focus on few-shot near-OOD detection, due to its importance in practical
applications [154, 155]. In a few-shot learning context, the training model receives
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balance transactions, - transfer
(2) Diversity Loss
learnable tokens
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input I want to see my |balance— &h’ — input —__foon 6 pegection
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Figure 4.1: Proposed semantic matching framework. We prompt class name into a
sequence of learnable tokens and forward them into LLMs to generate class prototypes.
Further training between prototypes and input representations with matching loss and

diversity loss, better ID classification and OOD detection can be performed.

only a few in-distribution (ID) examples per class. Obtaining discriminative information
from limited ID examples for OOD detection is inherently challenging [156]. Previous
strategies have involved using extra unlabeled data [157] and generating pseudo-1D

examples [158]. We, however, focus on leveraging the inner knowledge of LLMs.

We propose a novel channel prototypical learning framework for few-shot near-OOD
detection, shown in Figure 4.1. Our method employs a set of learned class prototypes to
conduct smenatic matching for ID and OOD classification. To effectively leverage the pre-
existing knowledge in LLLMs and the limited ID examples, our strategy involves using both
the ID class names and utterances to develop the class prototypes. Drawing inspiration
from channel models [159, 160] and prompt tuning [161], We feed into the LLMs the
ID class names, preceded by a series of learnable continuous prompt embeddings, to
generate a semantic prototype for each ID class. Furthermore, to ensure a wider variety
of class representations—a factor known to improve OOD detection [162]—we adopt a

diversified learning strategy aimed at reducing the mutual information between classes.
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For evaluation, we construct few-shot near-OOD intent detection tasks by sample classes
from the same domains in CLINC for ID and OOD classes. Since our method is based on
LLMs, we compare it with widely used fine-tuning methods: generative Tuning [7] and
discriminative tuning®. Our diversity-grounded channel prototypical learning approach

generally achieves the best performance compared with these two ways.

4.2 Method

Problem Statement A complete intent recognition system (e.g., banking system) typi-
cally encompasses two tasks: ID intent classification and OOD intent detection. Formally,
given an ID training set {z;}¥, C Xjp with N samples, an ID classifier fip is trained,
mapping each utterance into ID intent label set {y; }JKzl C Yip with K categories. In
practical application, due to a possible distribution between the practical and training
data, the ID classifier fip may meet OOD samples (z; ¢ Ajp). Therefore, an OOD

confidence scoring function foop is applied to accept or reject such inputs.

4.2.1 Semantic Matching as ID Classification

Inspired by Liuetal. [7], LLMs (like LLaMA [37]) have shown impressive isotropy [129,
130], whereby the sentence embeddings produced by LLMs are distinguishable by Cosine
distance. As such, we transform the ID classification task into a semantic matching task,

shown in Figure 4.1.

*We use LlamaForSequenceClassification provided by Huggingface [148]
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4.2.1.1 Class Diversity-grounded Channel Prototypical Learning

Class Prototypes. Our key idea is to push the input sentence closer to its corresponding
class prototypes (treated as class-center representations [163]). Thus, we first prompt
each class into a learnable sequence {c;}XX, based on its category name [159] and then

generate prototypes {p; } X, with LLM model g(-) through:

¢i = [S]1[S]o...[S] 1 [NAME], (4.1a)

pi = gle), (@.1)

where [S]; (j € {1,..,M}) is a learnable token with the same dimension as word
embeddings (i.e., 4096 for LLaMA), M is the number of learnable tokens, and “NAME”
corresponds to token embeddings of category names. In practice, the initialization of
learnable tokens [S]; is derived from token embeddings of prompts for specific scenarios,
e.g., “[SCENARIO] intent of” where SCENARIO is “banking” for a banking system and

is “travel” for a travel system.

Diversity Learning. To employ semantic matching as classification, the semantics
between class prototypes p; must be distinguishable with satisfied mutual exclusion.
Therefore, a diversity loss is proposed to help the class prototypes focus on diversified

independent semantics:

K K
1
£Diversity = ﬁ Z Z (COS(Pian))Qy (42)

i=1 j=1,j#i

where cos denotes the Cosine similarity. Obviously, the semantic similarities between

different class prototypes are expected to be 0.



4.2. METHOD 45

4.2.1.2 Semantic Matching

In representation space, for input sentence x, we push its representation closer to the
corresponding class prototype p; and farther away from other ones via a contrastive

manner:

Laech = — log 2XP(Cos(g(m),pj)/7-)

, (4.3)
2_i—1 exp(cos(g(x), pi) /7)

where 7 is the temperature [164].

4.2.1.3 Optimization

We optimize the LLM model g(-) as well as learnable tokens {[S];}}Z, with the joint
training objectives:

»CJoint = )\»CDiversity + CMatch» (44)

where ) is a balancing hyper-parameter. Note that different from Lester et al. [161] that
froze the backbone LLM, we utilize the low-rank adaptation (LoRA) [132] technique to

parameter-efficient tune it (detailed in Section 4.3.1).

4.2.2 Post-hoc OOD Scoring Functions

Following OOD detection with LLMs [7], we mainly focus on distance-base methods in
post-hoc paradigm, i.e., Cosine distance (Cosine) [32], due to its exceptional performance.
In particular, the Cosine confidence score is defined as the highest cosine similarity

between the test input representation and the representations in the validation set:

S(z) = max{cos(z, /") }\_,, 4.5)

(g
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Datasets Classes Training Validation Test
CLINC150-Banking 15 1500 300 450
CLINCI150-Travel 15 1500 300 450

Table 4.1: Data composition of each dataset.

where representation z = g(x) is the output obtained from the penultimate layer of

LLMs.

4.3 Experiment

4.3.1 Experimental Setup

Datasets. We explore a more challenging scenario, termed the near-OOD setting,
where ID and OOD samples come from the same domain but with disjoint label sets.
Following Liu et al. [7], we use CLINC150 [147] intent dataset and choose Banking and
Travel domains. Within each domain, 50% of the classes are designated as ID, and the

remaining classes as OOD. Detailed dataset statistics are provided in Table 4.1.

Evaluation Metrics. In accordance with Liu et al. [7], we adopt three widely accepted
measures for OOD detection: (1) AUROC (area under the receiver operating character-
istic curve), (2) FAR@95 (false alarm rate at 95% recall), which indicates the likelihood
of erroneously labeling a negative sample as positive when recall or true positive rate
(TPR) is 95%; Here, we consider the the OOD class as negative, and (3) AUPR (area
under the precision-recall curve). Furthermore, accuracy serves as a metric for the ID

classification task.
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CLINC-Banking

CLINC-Travel

Shot Tuning Method ID ACCt AUROC 1

FAR@95| AUPR{ IDACCT AUROC 1

FAR@95 | AUPR 1

Generativet 0.882 0.962 0.255 0.968 0.964 0.974 0.148 0.983

5 Discriminative 0.919 0.924 0.390 0.939 0.981 0.967 0.176 0.976
Semantic Matching ~ 0.964 0.970 0.215 0.970 0.990 0.981 0.103 0.989
Generativet 0.949 0.968 0.157 0.974 0.984 0.982 0.078 0.988

10 Discriminative 0.959 0.955 0.266 0.966 0.991 0.984 0.075 0.989
Semantic Matching ~ 0.967 0.970 0.149 0.974 0.993 0.984 0.063 0.993
Generativet} 0.973 0.964 0.147 0.970 0.991 0.978 0.049 0.987

Full Discriminative 0.988 0.964 0.197 0.969 0.996 0.996 0.013 0.997
Semantic Matching ~ 0.983 0.971 0.141 0.980 0.997 0.994 0.006 0.996

Table 4.2: The performance of LLaMA-7B fine-tuned with different methods for OOD

detection and ID classification. “Shot” denotes the number of examples in the ID training

or validation set. We report the average results of five seeds. { is cited from the original

paper. AUROC, FAR@95, and AUPR are metrics for OOD detection.

Implementation Details.

Following prior work for OOD detection with LLMs [7], we

employ the LLaMA-7B. All experiments are conducted over five seeds (1, 2, 3, 4, 5) on

an NVIDIA A100 80G GPU card. For both class prototypes and input representations,

we use the representation of the last token. 7 in Eq. 4.3 is set to 0.01 and A in Eq. 4.4 is

set to 0.2 through cross-validation. We train the whole network for 25 epochs, and the

model that achieved the lowest loss on the validation set will be used for testing. We use

AdamW optimizer with a learning rate of 1 x 10~*, further decayed by linear schedule.

The LoRA configurations are that rank r is 16, scaling «v is 16, and query/key/value/output

projection matrices {W,, Wy, W,, W, } in each self-attention module need to be updated.

For discriminative tuning, we use the same configurations.
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4.3.2 Main Results

The main results are shown in Table 4.2. On one hand, the proposed semantic matching
method consistently outperforms other tuning methods in most cases, especially for
the intent classification task with low-resource training data. Take the results of 5-
shot classification on CLINC-Banking as an example, semantic matching outperforms
discriminative and generative tuning by 4.5% and 8.2% respectively, demonstrating the
high data-efficient ability of our method. Meanwhile, the OOD detection performance
of Cosine distance improves accordingly due to more accurate representations of classes.
On the other hand, in the full-shot setting, while semantic matching yields slightly lower
ID classification results on CLINC-Banking compared to the discriminative approach, its
OOD detection performance is superior, and it also remains competitive on the CLINC-

Travel dataset.

4.3.3 Analysis and Ablation Study

Variants of Class Prototypes. As elaborated in Sec 4.2.1, we use learnable vectors
initialized with scenario-specific prompts plus a class name embedding to generate pro-
totypes. A question worth exploring is what are the effects of other choices? Here,
we additionally try 3 types: (1) randomly initialized learnable vectors plus class name
embeddings; (2) only randomly initialized learnable vectors; (3) only class name em-
beddings, e.g., “transactions” in the CLINC-Banking dataset. Performance changes for
ID intent classification as training progresses are shown in Figure 4.2. It reveals that (1)
Our design (green curve) not only obtains the best performance but only requires a few

iterations to achieve optimally. (2) Overall, learnable tokens are very important and can
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Figure 4.2: Performance of various class prototypes in the 5-shot scenario using CLINC-

Banking dataset.

bring better results than fixed embeddings of class names (Type 3).

Effectiveness of Diversity Learning. We investigate the effectiveness of each training
objective in the semantic matching framework with results shown in Table 4.3. We can
find that (1) Incorporating diversity learning can boost the overall performance on both
tasks. Notably, it enhances about 11% on the FAR@95 metric, showing strong effec-
tiveness. (2) To better understand why diversity learning provides an improvement, we
visualize the corresponding sentence representations in Figure 4.3. Intuitively, diversity
learning makes the separation between classes clearer, thereby enhancing the classifica-
tion performance of ID data. Simultaneously, it could implicitly distinguish potential
OOD data, clarifying the boundaries between ID and OOD data and thus improving OOD

detection accuracy.
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Figure 4.3: UMAP [9] visualization of representations of test set and OOD data from
5-shot CLINC-Bank. The purple means the OOD data. The star indicates the learned

prototype of each class.

CLINC-Banking (5-shot)

Tuning Method ID ACCT AUROC{ FAR@95] AUPR 1

Generative 0.882 0.962 0.255 0.968
Discriminative 0.919 0.924 0.390 0.939
only Liacch 0.943 0.950 0.324 0.961
Ltaich + Loiversiy ~ 0.964 0.970 0.215 0.970

Table 4.3: Effectiveness of Diversity Learning.

4.4 Limitation

This work mainly has two limitations: (1) we only utilized the LLaMA-7B model,
without investigating other open-source large models such as OPT [165], LLaMA-2 [37],
Mistrial [166], etc. Furthermore, the impact of larger models like LLaMA-Chat after
instruct-tuning on this task was also left unexplored. In the proposed semantic matching

framework, strong backbone models could potentially yield superior overall results.
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(2) Presently, this study predominantly builds upon prior research by Liu et al. [7],
focusing on the CLINC dataset. Therefore, intent datasets such as BANKING77 [167]
and StackOverflow [168] remain unexplored in this context. Further exploration of these

datasets would be beneficial.

Chapter Review

In this chapter, we have proposed a semantic matching paradigm for intent classifica-
tion and OOD intent detection. By prompting class names into learnable vectors and
pushing their representations yielded by LLMs closer to belonged sentence represen-
tations, semantics-awareness classification has been conducted. Extensive experiments
compared to generative and discriminative tuning, as well as detailed analyses, were

presented, demonstrating the effectiveness and data efficiency of our proposal.
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Chapter 5

Overcoming Small-Scale Data

5.1 Introduction

Medical visual question answering (Med-VQA) has gained increasing attention over
the past few years. Given a medical image and a clinical question about the image,
it aims to find the correct answer by analyzing the visual information of the image.
Med-VQA technology has great potential in medical and healthcare services. It can be
used for computer-assisted diagnosis, intelligent medical guidance, clinical education and
training, etc., which can help to significantly improve the quality of medical services and
meet the increasing demand of the general public for medical resources. Specifically, with
a reliable Med-VQA system, patients can easily acquire information about their health
and be more engaged in the process of decision-making. For doctors, Med-VQA systems
can be used to assist diagnosis by providing them a second medical opinion. The systems
can also be used in clinical education to train medical professionals. Besides, Med-VQA
technology can be potentially integrated into many conversational Al platforms to bring

53
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enormous benefits to healthcare industry.

However, the research of Med-VQA is at an early stage. Unlike VQA in the general
domain, where large-scale high-quality datasets [97, 113] are available, there is a lack
of publicly-available and well-annotated datasets for training and evaluating Med-VQA
systems. To correctly answer a clinical question about a radiology image, it requires
clinical expertise and domain-specific medical knowledge, which makes it difficult to
construct a realistic and accurate dataset for Med-VQA. VQA-RAD [11] is a first step in
this direction. To our knowledge, it is the only available dataset with manual annotation,
based on which several Med-VQA models have been proposed [169, 170]. VQA-RAD
is a diverse dataset containing a variety of different types of clinical questions, with
each question type sufficiently represented. But it does not provide semantic labels, e.g.,
labeled segmentations of organs and tumors or bounding boxes on objects, which are
essential for training a Med-VQA model to find the region of interest in an image to
answer complex clinical questions. Moreover, a practical Med-VQA system needs to
exploit external knowledge apart from visual content to answer complex compositional

questions involving inquiries such as “the functionality of an organ”, “the cause of a

disease”, or “the treatment of a disease”, which is also not supported in VQA-RAD.

Meanwhile, the visual feature extraction module of existing Med-VQA models usually
employs deep architectures and needs to be trained on a large collection of annotated
radiology images, which however are often unavailable and costly to collect. To address
this issue, a pioneering work [13] proposes mixture of enhanced visual features (MEVF)
to pre-train the visual feature extraction module by constructing an auxiliary organ disease
classification task on the radiology images of VQA-RADJ[ 11] and observes positive effect.

However, this approach cannot be transferred to other datasets, since the auxiliary pre-
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Right Lung

Question >Does the image contain | >What is the function of the
left lung? rightmost organ in this picture?
>E P RBEAEEM? | >Eh AR E R A?
Type Vision-only Knowledge-based
Answer Type | Closed-ended Open-ended

Figure 5.1: Exemplar image and questions of our SLAKE dataset.

training task is designed based on the VQA-RAD dataset and requires extra effort for

annotation.
Dataset #Images # QA Pairs Question Type Language Knowledge Graph
VQA-RAD [11] 315 3.5K Vision-only EN X
SLAKE (Ours) 642 14K Knowledge-based & Vision-only  Bjlingual (EN & ZH) v

Table 5.1: Comparison of SLAKE with VQA-RAD.

To overcome the abovementioned challenges caused by small-scale data, we first construct
a semantically-labeled knowledge-enhanced (SLAKE) dataset with accurate visual and
textual annotations and an extendable knowledge base for Med-VQA. As shown in
Figure 5.1, for each radiology image, we provide two kinds of visual annotations: masks
for semantic segmentation and bounding boxes for object detection. Besides basic clinical

questions, we also design compositional questions that require multiple reasoning steps,
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and knowledge-based questions like [171] that involve external medical knowledge. In
general, questions in SLAKE can be categorized as vision-only questions and knowledge-
based questions. We provide detailed annotations to distinguish the two types of questions
and guide the Med-VQA model to search for answers on the knowledge graph. Besides
these new features, SLAKE is designed to be an English-Chinese bilingual dataset to
broaden its application range. Further, SLAKE covers more body parts (e.g., neck and
pelvic cavity) and more types of questions (e.g., shape and KG-related) than VQA-RAD.

A comparison between our SLAKE and VQA-RAD is provided in Table 5.1.

Next, we tackle the data scarcity challenge by utilizing easily-available unannotated
radiology image datasets for pre-training and representation distillation. First, we observe
that the radiology images in current Med-VQA benchmarks mainly involve three human
body regions — brain, chest, and abdomen, and there are large amounts of open-source
unlabelled radiology images available for each region. Therefore, we propose to pre-train
a visual feature extraction model (feacher) for each region respectively via contrastive
learning. Second, to obtain a general and lightweight feature extractor, we distill the
three teacher models into a small student model by contrastive representation distillation.
The distilled model can be readily fine-tuned on any training dataset to facilitate the
training of a Med-VQA system, without requiring further annotating process. Moreover,
the small size of the distilled model can prevent overfitting to the training data, which

typically only contains hundreds of radiology images.

To summarize, our contributions are as follows:

* We create SLAKE, a large-scale, semantically annotated, and knowledge-enhanced

bilingual dataset for training and testing Med-VQA systems.
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Figure 5.2: Left: proportions of images of five body parts. Right: distribution of the

content types of questions.

* We propose a new pre-training framework that leverages easily-acquired unan-
notated radiology images to pre-train and distill a general and lightweight visual
feature extractor for Med-VQA, which can be easily adapted to small-scale training

datasets.

* We conduct extensive experiments with strong Med-VQA methods on two bench-
marks VQA-RAD [11] and our SLAKE [2] to demonstrate the usefulness and

benefits of the pre-trained model.

5.2 SLAKE Construction

In this section, we elaborate on the construction of our SLAKE dataset. In general, we
ensure the diversity of the dataset in terms of modalities (e.g., CT, MRI, and X-Ray),
covered body parts (e.g., head, neck, and chest), and question types (e.g., vision-only,

knowledge-based, and bilingual).
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5.2.1 Image Acquisition and Annotation

We select radiology images, covering healthy and unhealthy cases, from three open source
datasets [172]* [173]" [174]*. From [173], we randomly select 179 chest X-Ray images
and keep the original disease labels. From [172] and [174], we randomly choose 463
single-slice images from 3D volume cases. Then, experienced physicians label organs

and diseases as detailed as possible with ITK-SNAP [175]% as shown in Figure 5.1.

In total, we annotate 642 images, including 12 diseases and 39 organs of the whole body.
The diseases mainly include cancer (e.g., brain, liver, kidney, lung, etc.), and thoracic
diseases (e.g., atelectasis, effusion, mass, pneumothorax, etc.). The images include 140
head CTs or MRIs, 41 neck CTs, 219 chest X-Rays or CTs, 201 abdomen CTs or MRIs,
and 41 pelvic cavity CTs. The distribution is shown in Figure 5.2 (Left). Among these
images, there are 282 CTs, 181 MRIs, and 179 X-Rays. All CTs and MRIs are axial
single-slice. The number of images for each body part is set based on the complexity
of the body part. For example, the number of diseases and organs in abdomen is much

more than that in neck, so there are more images of abdomen than neck in the dataset.

5.2.2 Knowledge Graph Construction

To answer questions that require external medical knowledge, we construct a medical
knowledge graph centered on organs and related diseases, which are the main objects

of radiology images. We extract a set of 52.6K triplets <head, relation, tail> with

*http://medicaldecathlon.com
"https://nihcc.app.box.com/v/ChestXray-NIHCC
‘https://doi.org/10.5281/zenodo.3431873
Shttp://www.itksnap.org


http://medicaldecathlon.com
https://nihcc.app.box.com/v/ChestXray-NIHCC
https://doi.org/10.5281/zenodo.3431873
http://www.itksnap.org
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Examples

<Heart, Function, Promote blood flow>
Organ <Kidney, Belong to, Urinary System>

<Duodenum, Length, 20-25cm>

<Pneumonia, Location, Lung>
<Lung Cancer, Cause, Smoke>
Disease | <Brain Tumor, Symptom, Visual impairment>
< Cardiomegaly, Treatment, Medication>

<Atelectasis, Prevention, Exercise>

Table 5.2: Examples of our medical knowledge graph.

medical knowledge from OwnThink?, a large-scale knowledge base built on Wikipedia.
Here, head and tail are entities such as organ, disease, etc., and relation represents the
relationship between entities, such as function or treatment. Then, we traverse the set to
retrieve triplets related to organs and the corresponding diseases. We further clean the
data by manually filtering out some entities that are not presented in medical images such

as gastritis and nephritis.

Next, in order to extensively cover frequently referenced knowledge, we refine the filtered
triplets with the following rules: (1) The triplets about an organ must describe its function
or body system; (2) The triplets about a disease must describe the symptoms, locations,

causes, treatment or prevention methodologies. Some examples are shown in Table 5.2.

Finally, we make the triplets bilingual and obtain 2603 triplets in English and 2629 triplets

in Chinese.

Ihttps://www.ownthink.com


https://www.ownthink.com
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Training set Validation set Test set
Plane 931 173 176
Quality 535 109 118
Modality 1072 203 217
Position 1876 412 390
Organ 2125 462 454
KG 1202 278 260
Abnormal 1230 245 221
Color 424 108 115
Shape 157 42 46
Size 297 77 73
Total 9849 2109 2070

Table 5.3: Statistics of questions in our SLAKE dataset.

5.2.3 Question Generation

Questions are proposed by experienced doctors. To accelerate this process, we develop
an annotation system. In this system, we first pre-define a question template for each
body part (i.e., head, neck, chest, abdomen, and pelvic cavity). Then, we define ten
different content types (e.g., modality, position, color) for the questions, as shown in
Table 5.3 and Figure 5.2 (Right). In each template, we provide many candidate questions
for each content type. For example, the candidate question for a head image with the
content type organ may be “Is this a study of the head?” or “What organ system is
imaged?”. Physicians could choose those candidate questions or amend or even rewrite
them entirely based on their personal clinical experience. The flexibility of our annotation
system ensures the question diversity of SLAKE. Note that because we provide different

candidates for bilingual questions, the number and content of them in our dataset are not
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the same.

Moreover, we provide semantic label for each question. Specifically, we use <vhead, _
, -> (vhead 1s a placeholder) to denote vision-only questions. For a knowledge-based
question like “Which organs in this image belong to the digestive system?”, we denote
it as <vhead, belong to, digestive system>. Such labeling helps to distinguish question

type and identify the part of the question involving external knowledge.

Besides, recent studies [176, 177] have shown that VQA models may be susceptible to
the statistical bias of answer distribution of the datasets. To mitigate the inherent bias of
SLAKE, we make the answers balanced in general such that the VQA model will not be
biased to the most popular answer in the dataset. For example, for the question “Is this a
study of the abdomen?”, we make sure this question is asked with abdomen images and
non-abdomen images with 50 — 50 chance, thereby keeping the numbers of “Yes” and

“No” balanced.

5.2.4 Dataset Splitting

Here, we describe how to divide the obtained 642 images with 14,028 question-answer
pairs and 5232 medical knowledge triplets for the training and evaluation of Med-VQA

models.

In general, the splitting aims to provide a reliable measure of the generalization ability
of the model trained on our dataset. Specifically, we split the dataset into training (70%),
validation (15%), and test (15%) sets at the image level. The images in our dataset are

split with the 70:15:15 ratio in each of the 8 categories: “head CT”, “head MRI”, “neck
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CT”, and “chest X-Ray”, “chest CT”, “abdomen CT”, “abdomen MRI”, and “pelvic
cavity CT”. Note that we only divide the images but the questions associated with each

image are not split.

Besides, since VQA is usually formulated as a classification task [22, 169, 170], we
follow the convention and make sure answers in the test set must appear in the training
set. Finally, the images are split into 450 for training, 96 for validating, and 96 for testing.

The number of questions of different type in each set is shown in Table 5.3.

5.3 Contrastive Pre-training and Representation Distil-

lation (CPRD)

In current Med-VQA benchmarks, the radiology images mainly involve three human body
regions: brain, chest, and abdomen. For each region, unlabeled images can be easily
obtained from many large-scale open-source datasets. Motivated by this observation,
we propose to train three specialized teacher models to focus on different body region
respectively and then teach a student model to learn both intra- and inter-region features

for Med-VQA, as illustrated in Figure 5.3.

5.3.1 Teachers: Intra-region Contrastive Pre-training

Let Dyrain, Denests Dapdomen denote the set of radiology images for the three body regions
respectively. Radiology images in each region have large diversity in terms of different

organs and versatile imaging modalities, e.g., liver MRI, liver CT, and intestine CT in the
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Figure 5.3: Our proposed CPRD framework for Med-VQA. (a) Train a teacher model
Ty by self-supervised contrastive learning on the chest region. (b) Distill three teacher

models into one student model Sy. (c) Apply the student model S, for Med-VQA.

abdomen region. Therefore, we employ Momentum Contrast [14], a self-supervised con-
trastive learning method, to train a Teacher model for each region with the corresponding
dataset D, (r € {brain,chest,abdomen}) to implicitly model these differences. As
shown in Figure 5.3 (a), we sample an image x; and a queue ¢ = {x]_ ]Ai , of M images
different from z; from D,. Then, data augmentation (such as resize, crop, color distort,

and Gaussian blur), denoted as Aug, is applied on all the sampled images and produce:

®; = Aug(r;), 2] = Aug(v,), § = {2; = Aug(x;)}j]\il, (5.1)

where &; and :%:r are two different views of z;, generated by applying random augmen-
tation on x; twice. An encoder 7y is used to learn the feature representation of z;, i.e.,
z; = Ty(&;). Another momentum encoder 7 is used to produce the representations of

,\_{_ P + — — — . + . .
& and g, ie., {2,221 ,25,..., 25} Since z; and 2 are the representations of differ-
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ent views of x;, z; should be similar to z;" but dissimilar to the other M representations

in g. The learning process can be guided by the InfoNCE contrastive loss [63]:

+
exp(z; - z; /T)
zi,z;'_,{zj_} == IOg Mz 5 (52)

exp(z; - 2 /T) + ;1 exp(z; - z; [T)

L

where 7 is a temperature parameter [178] and - stands for dot product. In practice, the
length of the queue ¢ is usually much larger than the mini-batch size, making it costly
to update 7, by gradient back-propagation. Following [14], we update it in an efficient
way: 0 < (0 + (1 — /3)6, where §3 is the momentum coefficient. By optimizing the

loss in Eq. (5.2), we obtain the teacher model 7} for the region.

5.3.2 Student: Inter-region Representation Distillation

After obtaining the three teacher models: T for Dapiomen. Teb for Dyrqin, and Ty for
D.hest. We design a lightweight Student model S, to distill representations of the teacher
models, as shown in Figure 5.3 (b). Let Doy = {Dyrain, Denests Dabdomen }- Inspired
by the idea of contrastive representation distillation [179], for each region D, € Dy,
for any image ;] € D,, we randomly sample K images =% (j = {1,..., K}) from the
other two datasets D, = D,;\D,.. First, we make the student model inherit knowledge
of each teacher by enforcing its representation of z], S,(z}), to be similar to that of the
corresponding teacher model, 7; (), by minimizing the loss function

¢ 9<z) o))/ 7

szm = Zzlog Tr(x r)/,,.+ %)7 (53)

7"111

where 7 is the temperature parameter, L, is the size of D,, and N is the size of D, (1 <
K < N). Meanwhile, we enable the student model to acquire the ability to distinguish

the three regions by enforcing Sy (77) to be dissimilar to 7j (), the representation of
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(image of other regions) produced by the corresponding teacher model, by minimizing

the loss function

1 3 I K 16 (@9)-Sp(2]) /7
ﬁdz‘ssim = _N < K z; 21: Z;log(l - (eTg(x?).Sd)(IZr)/T 4 %)) (54)
r=1 i=1 j=

Further, we train the student model to produce more discriminative representations by
learning to identify the body region R of z}. Note that the images are already grouped
by regions in open-source databases so the region labels can be automatically generated.

This is achieved by minimizing the classification loss

N
1 T
Leigss = Y ;:1 log P(R = r|W Sg(z})), (5.5)

where W is a linear classification layer, and P is the prediction probability of the target
region. Finally, by combining Egs. (5.3), (5§.4) and (5.5), the student model is trained

with the loss function
Edistill - Of([’dissim + Eszm) + (]- - a)£classy (56)

where « is a balancing parameter.

5.3.3 Applying CPRD for Med-VQA

The distilled student model can be used as a universal visual feature extractor for any
Med-VQA system based on radiology images. Figure 5.3 (c) shows a typical Med-VQA
pipeline. Given a radiology image v; and a question ¢; as inputs, the student model
Sy is applied on v; to extract the visual features z,, = Sy(v;), and a text encoder (e.g.,
LSTM [15] network) is used to extract the textual features g;, i.e., 24 = Q) (¢;). Then,
z, and z4 will be fused by some attention-based module (e.g., BAN [21]) to produce

multimodal features z,,.
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Figure 5.4: The Med-VQA framework on our SLAKE dataset.

Similar to general VQA, Med-VQA is also formulated as a classification problem [97]:
predicting an answer from C' fixed candidate answers in the training dataset. Note that
there might be multiple correct answers for one question. As such, the multimodal
features z,, will be fed to a classifier ®(-) (e.g., multilayer perceptron), to predict the
probability of each candidate answer. All the model parameters, including those of the
visual extractor Sy, the text encoder (), the feature fusion module and the classifier, are

optimized in an end-to-end manner by minimizing the multi-label cross-entropy loss:

7 1og(0(®(zm))) + (1 — I7) log(1 — o°(®(2zm)))],  (5.7)

1

1
mee = _f Z

I C
i=1 c=

where /; is the multi-hot encoding of the answers for the current (v;, ¢;) pair, o is the

sigmoid function, and [ is the size of the training dataset.
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5.4 Experiments

5.4.1 Evaluation of SLAKE

In this section, we conduct extensive experiments to comprehensively evaluate our
SLAKE dataset. The pipeline of our experiments is illustrated in Figure 5.4. We
experiment with a commonly used Med-VQA framework, stacked attention network
(SAN) [22], on SLAKE. We use VGG16 [53] to extract visual features from radiology
images. For bilingual questions, we first design a bilingual tokenizer to create bilingual
word embeddings for the English questions and Chinese questions respectively. Then, a
1024D - LSTM is applied to extract textual semantics from these embeddings and clas-
sify types of questions. There are two sub pipelines in Figure 5.4. Given the extracted
visual and textual features, vision-only tasks will be directed to the multimodal fusion
module of SAN to create fused features for classification. For knowledge-based tasks,
question-related embeddings extracted from the knowledge graph will be combined with

the multimodal fused features for classification.

5.4.1.1 Dataset Analysis

We report the results for vision-only and knowledge-based questions in Table 5.4 and
Table 5.5 respectively. Answers of “closed-ended” questions are limited multiple-choice
options, while answers of “open-ended” questions are free-form texts. Open-ended

questions are generally harder to answer than closed-ended ones.

Vision-only questions. In Table 5.4, we report the results in accuracy for vision-only
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Open- Closed-
Language Models Overall
ended ended

VGG+SAN 72773 70.34  76.13
English
VGGseg+SAN | 75.36  72.20 79.84

Chinese VGG+SAN 7427 73.64  75.20

Table 5.4: Accuracy for vision-only questions (%).

Language Models Overall

VGG+SAN 70.27
English
VGG+SAN+KG | 72.30

Chinese  VGG+SAN+KG | 75.01

Table 5.5: Accuracy for knowledge-based questions (%).

questions in both English and Chinese. Compared with VQA in the general domain,
clinical questions in Med-VQA need to be answered as accurate as possible because they
relate to health and safety. It can be seen that the baseline models achieve accuracy of
around 73% which is still far away from practical use in the medical domain. There is
a wide gap between this and clinical standard, which shows that SLAKE is challenging.
Moreover, it can be seen that the overall accuracy is roughly the average of those of open-
ended and closed-ended questions, proving that the question distribution of SLAKE is

balanced.

Besides, to demonstrate the usefulness of the semantic visual annotations elaborated
in Section 5.2.1, we design another model, VGGseg+SAN. First, we pretrain a fully

convolutional network (FCN) with VGG backbone by the segmentation task of radiology
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images with respect to the mask labels in the training set. Then, we initialize the VGG
backbone in the Med-VQA model with the pretrained parameters. The overall accuracy
increases from 72.73% to 75.36% with a 2.6% improvement, which shows that our

semantic visual annotations could improve the reasoning abilities of the model.

Knowledge-based questions. We leverage the self-built medical knowledge graph to
answer knowledge-based questions. First, we randomly initialize an embedding for each
entity in the knowledge graph and use the TransE [180] method to enforce the embeddings
of the entities in each triplet, <head, relation, tail>, to satisty: head + relation = tail.
Then, based on the semantic textual annotations (Section 5.2.3), we train two LSTMs to
predict the words for the “relation” and “tail” of a question separately. Next, we find the
corresponding entity embeddings of the relation and tail from the graph and use them
to obtain the head entity embedding based on the above approximate equation, which
is then combined with the fused multimodal features for final prediction. The result is
reported in Table 5.5. For comparison, we also try to predict answers without using the
knowledge graph. The result is 2.0% lower, indicating that the constructed knowledge
graph is informative and it is helpful to leverage external structural knowledge to tackle

knowledge-based questions.

5.4.2 Evaluation of CPRD

In this section, we extensively evaluate the effectiveness of the visual feature extractor pre-
trained by our proposed CPRD framework on the only two available manually-annotated
Med-VQA datasets. We experiment with common Med-VQA methods and show that the

pre-trained feature extractor can be used to significantly improve their performance.
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5.4.2.1 Datasets

VQA-RAD [11] consists of 315 radiology images and 3, 515 question-answer pairs. We
follow the data splitting in [13]. For our SLAKE [2], we use the English version, referred
to as SLAKE-EN, which contains 642 radiology images and 7, 033 question-answer pairs.
We use the original data splitting. Besides, questions in VQA-RAD and SLAKE are
both categorized into “closed-ended” questions whose answers are in limited choices,

and “open-ended” questions whose answers are free-form text.

5.4.2.2 Experimental Setup

To train the teacher and student models, we randomly sample 22, 995 unlabelled radiology
images from open-resource databases!, including 7,811 chest X-Rays, 7, 592 abdomen
CTs, and 7, 592 brain CTs and MRIs. Our experiments are conducted on a Ubuntu server
with 8 NVIDIA TITAN 12GB Xp GPUs. All the hyper-parameters of the teacher and
student models are chosen by cross validation via observing the loss in Eq. (5.2) and

Eq. (5.6).

Teachers. For each region-focused teacher model, we use ResNet-50 to instantiate 7y
and Ty (Sec. 5.3.1) and train for 800 epochs with 4 GPUs for about 7 hours. In each
epoch, the mini-batch size is 128, and the queue length M is 1,024. The temperature
parameter 7 is set to be 0.2, 0.1, and 0.1 for brain, chest and abdomen respectively. For
model optimization, we use SGD optimizer with 1.5¢~2 initial learning rate decayed by

cosine schedule.

I http://medicaldecathlon.com/
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VQA-RAD [11]

SLAKE-EN [2]

Models Overall Open Closed | Overall Open Closed
MEB fw. [181] 50.6 145 743 73.3 722 750
SAN fw. [22] 543 313 695 76.0 740  79.1
BAN fw. [21] 58.3 374 721 76.3 74.6  79.1
MEVF+SAN [13] 64.1 492 739 76.5 753 784
MEVF+BAN [13] 66.1 492 772 786  77.8  79.8
CPRD+BAN (ours) 678 525 779 81.1 795 834
MEVF+BAN+CR [170] 71.6 60.0 793 80.0 788  82.0
CPRD+BAN+CR (ours) | 72.7 61.1 804 82.1 81.2 834

Table 5.6: Test accuracy of our method and baselines.

71

Student. We use ResNet-8 as the student model (Sec. 5.3.2) and train for 240 epochs

with 1 GPU. We use SGD optimizer to minimize the loss L ;s:; with 0.05 initial learning

rate decayed by cosine schedule. Besides, the queue length K is 8192, the temperature

parameter 7 is 0.07, and « in Eq. (5.6) is 0.9.

Med-VQA. After training the student model, we use the weights in the last epoch

as initialization and fine-tune the model on a Med-VQA dataset for 100 epochs. We

use Adamax optimizer with initial learning rate 2¢~3 for model optimization. We use

accuracy as the evaluation metric.

5.4.2.3 Comparison with the State-of-the-arts

We use our pre-trained model CPRD as the visual feature extractor, combined with the

BAN attention mechanism [21] with or without the CR reasoning module [170] for Med-
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VQA. To demonstrate the necessity of domain-specific pre-training, we compare with
general VQA frameworks including MFB [181], SAN [22], and BAN [21].** Further,
we compare with MEVF [13], which is the only baseline that uses a small model and

pre-trains with medical images.

The results on VQA-RAD [11] and SLAKE [2] are reported in Table 5.6. For a fair
comparison, all methods use a 1024-D LSTM network to extract textual features with
word embeddings pre-trained by GloVe [182]. For MFB, SAN and BAN, we use ResNet-
50 pre-trianed on ImageNet as the visual feature extractor. The following observations can
be made. (1) Our method CPRD+BAN not only improves upon the performance of the
strong baseline MEVF+BAN [13], but also achieves new results on the two benchmarks
when further incorporating the CR [170] module. (2) Although MEVF+BAN [13] can
significantly outperform the base framework BAN [21] on VQA-RAD, its performance
gain on SLAKE is less significant (~ 2%), far lower than the gain brought by our
CPRD+BAN (~ 5%). This demonstrates the generalization ability of our CPRD model

on different datasets.

5.4.2.4 Ablation Analysis

We conduct an ablation study to analyze the impact of different pre-training strategies
for the visual feature extraction module of Med-VQA. The results are summarized in
Table 5.7. Specifically, we use BAN [21] as the multimodal feature fusion module and
LSTM as the textual encoder for all methods in this subsection. Compared with the

large models (i.e., VGG-16 and ResNet-50) pre-trained on ImageNet, it can be seen

**MFB, SAN, and BAN stand for the key reasoning module of the respective framework, where the

visual and textual modules can be any applicable models.
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Visual Modules Overall(%) Open(%) Closed(%) #Parameters (M)
VGG-16 [53] (ImageNet) 56.8 352 71.0 134.8
ResNet-50 [20] (ImageNet) 58.3 37.4 72.1 23.8
MEVF [13] 66.1 49.2 77.2 1.2
ResNet-8 (random init) 63.2 47.2 73.8 0.1
ResNet-8 (our CPRD) 67.8 52.5 77.9 0.1

Table 5.7: Comparison of different visual modules in test accuracy and model size on

VQA-RAD [11]. The number of parameters is calculated on the visual module only.

that lightweight models (i.e., MEVF and ResNet-8) perform better. Further, ResNet-8
pre-trained by our CPRD achieves better results than with random initialization, and
outperforms the strongest baseline MEVF with much fewer parameters. This again

demonstrates the effectiveness and advantages of our CPRD model.

5.4.2.5 Visualization

The t-SNE [10] visualization of the representations learned by the ResNet-8 student
model on the images of D,; (Sec. 5.3.2) is shown in Fig. 5.5 (left). It can be clearly
seen that the student model learns discriminative representations for different regions.
Further, the representations of brain CT and brain MRI are well separated, indicating
that the student model also captures the differences among versatile imaging modalities
for the same region. To demonstrate the visual evidence used in Med-VQA models for
prediction, in Fig. 5.5 (right), we show the Grad-CAM [12] maps for visual modules based
on the final predicted answers of our CPRD+BAN and a strong baseline MEVF+BAN.

The first row is about a brain MRI image, and the second is about a chest X-Ray image,
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Figure 5.5: (Left) t-SNE visualization of the representations learned by the student model;
(Right) Grad-CAM maps from the visual modules of Med-VQA methods. MEVF+BAN

is the baseline. v" and X indicate the correctness of the answer given by each method.

both from the test set of the SLAKE [2] dataset. It can be seen that our model can
correctly answer the questions by locating the right visual evidence about the questions,

which demonstrates the effectiveness of our visual module.
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Chapter Review

This chapter first introduces SLAKE, a large bilingual dataset designed to advance Med-
VQA research by providing diverse and balanced visual and textual annotations, alongside
a unique medical knowledge graph. SLAKE facilitates the development of more pow-
erful Med-VQA systems, addressing the challenge of data scarcity in this domain. To
further enhance Med-VQA performance, this chapter proposes a two-stage pre-training
framework that leverages unannotated radiology images for contrastive learning and
representation distillation, resulting in a lightweight visual feature extractor. When in-
tegrated into existing Med-VQA methods, this pre-trained model effectively overcomes

the small-scale challenges.
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Chapter 6

Improving Reasoning Abilities

6.1 Introduction

Medical visual question answering (Med-VQA) considers the problem of taking a medical
image and a clinical question in natural language related to the image as input and
inferring the correct answer also in natural language. Med-VQA has enormous potential
in assisted diagnosis and patient education. As a domain-specific branch of visual
question answering (VQA), the research of Med-VQA is still in an early stage, where the
literature is rather limited. Hence, we start with introducing VQA, which has recently
attracted a great deal of attention from both the computer vision and natural language

processing research communities.

VQA focuses on visual perceptual tasks that require common perceptual abilities shared
by humans. For example, given a scenery image with a beautiful sunset, either a child
or an adult can easily answer the question “what color is the sunset?”. Generally,

77
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Closed-ended Open-ended
Question Are there any Where is the lesion in this
abnormalities? image?
Answer Yes Left Lower Lung
Chest X-Ray
Closed-ended Open-ended
Question Is this an MRI image? | What is the organ on the

left in the picture?

Answer No Liver

Abdomen CT

Figure 6.1: Examples of Med-VQA tasks. For closed-ended questions, the answers are

limited, e.g.,“yes” or “no”. For open-ended questions, the answers can be free-form text.

visual perceptual tasks consist of easy tasks such as “does the man wear glasses?” and
difficult tasks such as “which object in the picture has the same color as the pet dog
in front of the man?”. It requires multi-level reasoning skills to solve both kinds of
tasks. Easy perceptual tasks require basic skills, e.g., basic-level object recognition
and scene understanding, while difficult tasks require higher-level reasoning skills such
as counting, comparing, or logical inferring. Nevertheless, most of the existing VQA
models are designed for coping with either easy tasks or difficult tasks. Simultaneously
solving the two kinds of tasks in a single model is challenging and only considered in the

high-data regime [183, 184].

Med-VQA tasks are, however, much more challenging than general VQA tasks. On
the one hand, accurate answers are imperative for clinical questions, as they are related
to health services and education. To this end, a Med-VQA system should be capable
of handling multi-level tasks, including basic perceptual tasks such as identifying the

body regions in an image, and difficult tasks such as counting the number of nodes,
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locating lesions, or evaluating the health of an organ by its size. Therefore, to infer
correct answers, it is essential for the system to acquire domain-specific knowledge and
multi-level reasoning skills. On the other hand, well-annotated Med-VQA datasets are
extremely lacking, since it requires medical expertise to construct high-quality datasets,
which is both costly and time-consuming. To our best knowledge, there are only two
manually annotated datasets available - VQA-RAD [11] and our SLAKE [2]. Both of
them only contain hundreds of radiology images but include various types of clinical
questions. Therefore, it is not effective to train a typical large VQA model from scratch
for Med-VQA with the small-scale training datasets. Moreover, it is impossible to apply
popular object-detection-based VQA models such as UpDn [56], Pythia [101], and VL-
BERT [99] for Med-VQA, due to the lack of visual object labels and the small size of

training data.

Previous research tried to apply existing VQA models for Med-VQA. More specifically,
they employed deep architectures pre-trained on general datasets such as ImageNet [185]
and then fine-tuned the models on small-scale Med-VQA training data [46, 47, 51].
However, due to the large differences in image patterns and language styles of medical
data and non-medical data [186], transfer learning provides little benefit [187]. To
overcome this problem, [13] proposed mixture of enhanced visual features (MEVF) to
learn an initialization for the visual extractor of a Med-VQA model. In particular, they
combined an auto-encoder pre-trained with an image reconstruction task on undisclosed
external medical datasets and a 4-layer convolutional neural network pre-trained with
an auxiliary classification task on the VQA-RAD dataset [11] using the meta-learning
algorithm MAML [58]. While this work alleviates the problem to some extent, it cannot

be easily applied on other Med-VQA datasets since the auxiliary classification task is
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dataset-dependent and requires extra laborious annotations. Besides, it does not explore
improving the reasoning module which is of critical importance in solving high-level
reasoning tasks. There are some recent attempts [59, 60] to pre-train a multimodal
Transformer on large medical vision-language datasets and fine-tune it on Med-VQA
tasks. However, large Transformer models tend to overfit on existing small-scale Med-

VQA training datasets.

In this work, we explore lightweight models like MEVF [13] and focus on improving
both the reasoning module and the visual feature extractor of a Med-VQA system. First,
to make the system possess task-adaptive reasoning ability, we design a novel conditional
reasoning mechanism, which includes a question-conditioned reasoning (QCR) mod-
ule and a type-conditioned reasoning (TCR) strategy. QCR enables the model to gain
question-specific reasoning skills by leveraging question attention information to mod-
ulate multimodal fusion features. Further, it can be seen that Med-VQA tasks mainly
consist of two types, closed-ended questions and open-ended questions, as shown in
Figure 6.1. For closed-ended questions, the answers are limited choices according to the
prompt words, e.g., the answer to the question starting with “Does” can only be “Yes”
or “No”. For open-ended questions, the answers are free-form, e.g., no fixed choices for
questions starting with “What”. Generally, open-ended tasks are harder to solve than
closed-ended ones, and current Med-VQA models usually perform poorly on open-ended
tasks. Therefore, motivated by the disparity of the needed reasoning skills for open-ended
and closed-ended tasks, we design a TCR strategy to handle the two different types of

tasks separately, by learning different sets of reasoning skills.

Second, to address the data scarcity problem, we propose to pre-train a visual feature

extractor for Med-VQA in an unsupervised manner without requiring any human anno-
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tations. We observe that 1) there involve various types of organs and imaging modalities
(e.g., brain MRI, brain CT, chest X-Ray, and abdomen CT) in Med-VQA tasks; and
2) there are many such types of unlabeled radiology images available in open-access
sources. Therefore, we propose to leverage these publicly available datasets to pre-train a
visual extractor for learning high-level patterns and characteristics of different organs and
imaging modalities through contrastive self-supervised learning. Having learned prior
knowledge of radiology images, the pre-trained feature extractor can be readily adapted

to train Med-VQA systems, even with small-scale training datasets.

The main contributions are summarized as follows:

* We design a novel conditional reasoning mechanism to empower the reasoning
ability of Med-VQA models, which contains a question-conditioned reasoning
function and a type-conditioned reasoning strategy, by leveraging both question

content and task type.

* We propose to leverage publicly available resources to pre-train a generic visual
feature extractor for Med-VQA via contrastive self-supervised learning, which can

be easily adapted to existing small-scale training datasets.

* We conduct an extensive evaluation on existing Med-VQA benchmarks to validate
the effectiveness of the proposed conditional reasoning mechanism and the pre-
trained visual feature extractor and observe significant improvements over state-

of-the-art methods.
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Figure 6.2: Our proposed method for training a Med-VQA model. In stage I, we pre-train
a visual feature extractor for Med-VQA by contrastive self-supervised learning. In stage

II, we solve Med-VQA tasks by introducing a conditional reasoning mechanism.

6.2 Methodology

In this section, we present our method for training a Med-VQA model, which consists
of two stages as shown in Figure 6.2. In stage I, we propose to learn prior knowl-
edge of radiology images for the visual module tailored for Med-VQA from a collected
dataset of publicly available unlabeled radiology images by contrastive self-supervised
learning [14]. In stage II, we propose a conditional reasoning mechanism with a question-
conditioned reasoning component and a type-conditioned reasoning strategy to adaptively

learn effective reasoning skills for different Med-VQA tasks.
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6.2.1 The paradigm of Med-VQA

The goal of Med-VQA is to automatically answer a clinical question about a radiology
image. By convention, it is formulated as a single-label classification task where there
are C' candidate answers and each answer is a label. Unlike general VQA [56] where a
question may have multiple answers, there is only one correct answer for each question in
Med-VQA. Denote by Dyed—vga = {(vi, ¢, a;)} Y, the training dataset for a Med-VQA
model, where N is the number of training examples, and v, ¢, and a denote the image,
question, and answer of a task respectively. A typical Med-VQA model aims to learn a
function f that maps each (v;, ¢;) pair to a score vector s € R” where the j-th element
s{ is the score for the j-th answer. The probability for the j-th answer is obtained by
the softmax function, i.e., p(sz ) = et 1 < j < C. The function f is usually

7o

Z?:l %

instantiated as a neural network with parameters 9§, and optimized by minimizing the

cross-entropy loss:

1 N
Loga = =55 D_ ailogp(fs(vi, @), (6.1)
i=1

The function f usually consists of an image feature extractor, a question feature extractor,
an attention-based feature fusion module, and an answer classifier, which are trained
together in an end-to-end manner. In this work, we focus on designing the visual feature
extractor and the feature fusion module. We use long short-term memory network
(LSTM) and multi-layer perceptron (MLP) as default choices for the question feature

extractor and the answer classifier respectively.
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6.2.2 Contrastive Pre-training (CP)

Due to the characteristic of radiology images, it is not effective to directly apply deep
models (e.g., ResNet [20]) pre-trained on general datasets such as ImageNet to extract
visual features of radiology images. Moreover, due to the small scale of existing Med-
VQA datasets (only a few hundred of radiology images available) [2, 11], fine-tuning
pre-trained large models on them may lead to severe overfitting [13]. As such, to address
the vast diversity of radiology images in terms of different organs and imaging modalities,
we propose to pre-train a visual feature extractor by contrastive self-supervised learning
on unannotated radiology images. Specifically, we collect a large set of radiology images
of different organs and in different modalities, e.g., brain CT, brain MRI, chest X-Ray, and
abdomen CT, and train a deep neural network that can pull together similar images and
push away the dissimilar ones. Further, to avoid overfitting, after pre-training, we freeze
the parameters of the large model and train an additional small network on Med-VQA
tasks. We discuss the impact of pre-training datasets and strategies to avoid overfitting

in Section 6.3.4.1.

Particularly, denote by Dp.irain the set of unlabelled radiology images collected for pre-

training and Dy.,;, the training set of the Med-VQA dataset respectively. As shown in

K
=1

Figure 5.3 stage I, we randomly sample a radiology image x; and a queue ¢ = {x]_
of K images disjoint with x; from Dpye.irain- Then, a set of data augmentation operations,

denoted as Aug, which includes random crop, color distortion, resize with random flip,

and Gaussian blur, is applied to all images:

Z; = Aug(x,), &) = Aug(z;),q = {35]_ = Aug(a:;) j=1 (6.2)

(3

where &; and rﬁf are generated by applying Aug on z; twice and considered as two
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different views of x;. A feature extractor (usually a convolutional neural network such
as ResNet) is used to obtain the feature representation of the anchor point &;, i.e.,
z; = Fy(&;) : X — F, where X and F are the input image space and the feature
space respectively. Further, a non-linear layer projects the feature representation into
the projection space P, i.e., e; = Py(z;) : F — P. Similarly, another two networks
Fy and P, that share the same structure as Fy and P, respectively are used to map
:i:j' and ¢ to obtain the feature representations {zj' ,Zq1 s 29 , ..., Zg + and the projections
{e:r, el, ey, ..., gt respectively. Since e; and e;r are the projections of different views
of x;, e; should be similar to e] (positive pair), and dissimilar to {e;, €5, ..., ex}

(negative pairs).

Following SimCLR [65], we conduct contrastive learning in the projection space using

the InfoNCE contrastive loss [63] with dot product similarity:

exp(e; - e /7)

Loyt tesy = ~log ) (6.3)

K
exp(e; - ej/T) + > exp(e; - e; /T)
i=1

where 7 is a temperature hyper-parameter [178].

Since the length K of the queue ¢ is much larger than the training mini-batch size, it is
costly to update 'y and P, by gradient back-propagation. Following MoCo-v2 [14], we

update them in a momentum-based way:
0 «— mb + (1 —m)b, (6.4)
¢+ mg + (1 —m)g, (6.5)

where m is a momentum coefficient close to 1.

After pre-training, in stage II, we can apply Fj to extract the visual features of radiology

images from D;,.;,. However, we observe in experiments that directly fine-tuning the
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Figure 6.3: Our proposed Med-VQA model with conditional reasoning. To prevent
overfitting, we freeze the visual model Fy (pre-trained in stage I) and append a non-
linear layer P: for fine-tuning on medical images. First, the TCR module classifies
the question as open-ended or closed-ended and chooses the corresponding branch for
reasoning. Then, the question features extracted by the textual model ), will be fused
with the image features by the multimodal feature fusion module (e.g., BAN) and our

QCR module. Finally, the answer is obtained by an MLP classifier.

pre-trained large model easily leads to overfitting on the small-scale training set of Med-
VQA datasets. Hence, we propose to keep ¢ fixed and append a non-linear layer P; after
Fy for adaptation on Dy,.;,. We set the input and output dimensions of F: to be the
same. As such, the visual features are obtained by: z, = P¢(Fy(v;)). Notice that unlike
MEVF [13] that designs an auxiliary classification task and requires additional annotation
effort for pre-training, our method leverages large amounts of unlabeled images to achieve

better generalization.
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6.2.3 Conditional Reasoning (CR)

Besides improving the feature extraction ability of the Med-VQA model, another key
issue is to improve its reasoning ability. Here, we propose a conditional reasoning mech-
anism, aiming to solve different Med-VQA tasks with task-adaptive reasoning skills, as
illustrated in Figure 6.3. It includes a question-conditioned reasoning module and a type-
conditioned reasoning module, building on top of a basic multimodal reasoning module
(the multimodal feature fusion module indicated by the yellow block in Figure 6.3).
We first review the multimodal reasoning module and then elaborate on our proposed

reasoning modules.

6.2.3.1 Multimodal Reasoning

In this work, we utilize bilinear attention networks (BAN) [21], a popular model used in
general VQA, for multimodal feature fusion and reasoning. Given the extracted visual
features Z, € R%*Y (d, is the dimension of image features and NNV is the number of
channels), textual features Z, € R%*" (d,, is the dimension of word features and L is the
number of words in the question), and the number of reasoning steps — glimpse G, BAN

models multimodal feature interaction in the i-th reasoning step via:
fi=(Z]W,)] M;(Z] W,);, (6.6)

M; = softmax(((1 - p} ) o Z, W,) W/ Z,), (6.7)

where f; € R’ with J < min(d,,d,), i € {1,...,G} is the index of reasoning step,
j € {1,...,J} is the index of matrix column, W, € R%*/ and W, € R%*/ are

trainable weights, 1 € R is an all-one vector, p; € R’ is a learnable vector, and o is the
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element-wise product. We follow MEVF to set the number of channels of visual features

toN = 1.

After G reasoning steps, the final fused features f are obtained by:

e
£ = SumPool(} “(Wifi) - 1" + fi1)), (6.8)
=1
where f € R%, W; € R%*/ 1 € RY, f; = Z,, and SumPool is the sum operation

over the length dimension L. We discuss the impact of the hyper-parameter G in

Section 6.3.4.2.

6.2.3.2 Question-Conditioned Reasoning (QCR)

Recent studies [11, 13] have shown that BAN has limited reasoning ability for Med-
VQA, especially for open-ended questions. This is because it can not fully capture
the interaction between visual and textual features. For example, BAN merely utilizes
bilinear matrix multiplication to fuse multimodal features. To equip the Med-VQA model
with more powerful reasoning ability, we improve the standard reasoning module by
incorporating an additional question-conditioned modulation function. Our motivations
are two-fold. First, similar to human reasoning processes, solving different tasks requires
corresponding task-specific reasoning skills. Second, the question itself contains rich

task information which could be helpful [188].

Hence, the QCR function is designed to extract task information from the question and
use it to guide the modulation over multimodal features. In this process, high-level

reasoning skills are learned by imposing importance selection over the fusion features.

The details of QCR are illustrated on the right side of Figure 6.3 within the orange dashed
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rectangle. First, a question string ¢, with L words in it, is converted into a sequence of
word embeddings pre-trained by Glove [182]. Let w; € R% denote the corresponding

word vector for the 7-th word:

Q.mpy = WordEmbedding(q) = [wy, ..., wy). (6.9)

The word embedding sequence Q.,., € R%*” is further processed by a d,-dimensional

Gated Recurrent Unit (GRU) to obtain the question embedding:
Qfeat = GRU([wlaawL]) = [nlv"'anL]v (610)
where Qf.q; € R%*L, and m; denotes the embedding at the i-th position.

Since the question embedding Q) s.q: is generated by the GRU network word-by-word
sequentially, it may put more emphasis on later words. To further highlight the important

words, e.g., “where do nodes locate in the lung?”, we design an attention mechanism to

re-calculate attention weights on different words:

Q = Qens ® Qjear, (6.11a)
Y = tanh(W,Q), (6.11b)
Y = o(WhQ), (6.11¢)
G=YoY. (6.11d)

Here, ® denotes feature concatenation in the feature dimension, é € Rwtdg)xL

W, W, € Ré%*(dwtds) are trainable weights, o and tanh are the sigmoid activation
function and tanh activation function respectively, and o is the Hadamard product. Q
can be formed by both context-free embeddings (e.g., Glove) and contextual embeddings

(e.g., GRU), which has been demonstrated effective in many NLP tasks [189, 190]. o and
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tanh (Equations 6.11b—6.11c) make up the gated hyperbolic tangent activation [56, 191],
which is a special case of highway networks [192] that outperforms traditional ReLU
or tanh layers in many scenarios. Y acts as a gate on the intermediate activation Y to

control the output G € R% >~ [192].

Then, the attention vector o € R’ for the question embedding Q feat Can be obtained by

a = softmax((W,G)"), (6.12)

where W, € R'*% are trainable weights.

Finally, with the attention vector ¢, we obtain the final output of QCR as:

qatt = Qfeataa (613)

QCR(q) = MLPy(qatt), (6.14)

where g, 1s the aggregated question representation, and M L Py is a multilayer percep-

tron network that provides additional non-linear transformation for importance selection.

In this work, we propose to impose the proposed QCR module on the multimodal feature
fusion module A;,, by an element-wise multiplication between their outputs: QC R(q)
and As, (Z,, Z,). The final representations are then fed to the classifier Ds_, and the

prediction scores are given by

s = Dj, (A5, (2., Z,) o QCR(q)), (6.15)

where o denotes element-wise product.
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6.2.3.3 Type-Conditioned Reasoning (TCR)

It has been observed that closed-ended questions are generally easier than open-ended
questions. For example, the closed-ended question “Is this an MRI image?” can be
correctly answered with a simple image understanding process, but the open-ended
question “What is the abnormality of the patient’s right brain in this radiology image?”
needs multi-step reasoning, since the model must locate the abnormality in the right
brain first and then diagnose the type of abnormality, e.g., brain tumor. Thus, Med-VQA
systems need to be empowered with multi-level reasoning abilities, which are lacking in

present VQA models [183].

To this end, we propose to use a separate reasoning component for closed-ended questions
and open-ended questions respectively, in which the proposed QCR module is applied on
top of the multimodal feature fusion module, as shown in the two black dash rectangles on
the left of Figure 6.3. Particularly, we want to train a task type classifier Cy,,. that takes
a question as input and outputs the question type, i.e., closed-ended or open-ended. We
observe that different types of questions put emphasis on different words. For example,
closed-ended questions usually start with “Do\ Are\Is\etc.”, and open-ended questions
often start with “What\How many\ Where\etc”. The differences between the two types
of questions can be captured by question embeddings, which makes it possible to train a
reliable and light-weight classifier that divides Med-VQA tasks into two subbranches, as

shown by the thombus module in Figure 6.3.

Similar to Section 6.2.3.2, we use Equations (6.9) - (6.13) to compute the question
embedding and denote the mapping as ®. We then employ a multilayer perceptron

M L Pr to map question embedding into classification scores. The binary classification
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probabilities are computed by p' = softmax(M LPr(®(q))), and pl and p! are the
probabilities for closed-ended and open-ended respectively. The binary question type
classifier C'y,p. is then formulated as:

0, if pj > pi,

Clype(q) = (6.16)

1, else.

Hence, the predicted scores s of candidate answers for a task (v, ¢) can be obtained by

DzSc (Aglm(Zva Zq) © QCRCl(q))v if Ctype(Q) = 07
g = (6.17)

D5, (A (Z,, Z,) 0 QUR™(q)), if Ciypelq) = 1,
where cl and op stand for closed-ended and open-ended respectively. For the basic
multimodal reasoning module, we use a different number of reasoning steps for the open-
ended branch A3” and the closed-ended branch A§and conduct an ablation study in

Section 6.3.4.2.

6.2.4 Proposed Med-VQA Model

The pre-trained visual feature extractor and the conditional reasoning mechanism can be
naturally combined to train an end-to-end Med-VQA model. As depicted in Figure 6.3,
our proposed Med-VQA model works as follows. First, the image features Z,, are obtained
by the visual feature extractor P o Iy (with Fy pre-trained and fixed), as indicated by the
green rectangle. The question features Z, are obtained by the textual feature extractor
(), as indicated by the red rectangle. Second, the TCR module classifies the question

as open-ended or closed-ended and chooses the corresponding reasoning module (black
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dash rectangle). Note that the visual and textual feature extractors are shared for both
branches. Third, the chosen reasoning module will generate fused features, which is
the element-wise multiplication between the output of the basic reasoning module (e.g.,
BAN or SAN) (yellow block) and the modulation vector produced by the QCR module
(orange block). Finally, an MLP classifier gives the prediction score s for candidate

answers.

6.3 Experiments

In this section, we conduct comprehensive experiments to evaluate the performance of our
proposed framework on the only two available manually-annotated Med-VQA datasets,
VQA-RAD [11] and SLAKE [2]. We compare our approach with current state-of-the-art
baselines, evaluate the effectiveness of each component of our framework by ablation
studies, and present qualitative results by visualizing the attention maps of both the

images and questions of some Med-VQA tasks.

Questions
Dataset Images Answers
Overall Open Closed
VQA-RAD [11] 315 458 3,515 1,420 2,095
SLAKE-EN [2] 642 219 7,033 4,252 2,781

Table 6.1: Med-VQA Dataset statistics
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6.3.1 Datasets

VQA-RAD [11] and SLAKE [2] are the only two available manually-annotated radiology-
based datasets for Med-VQA. The statistics of the two datasets are summarized in Ta-

ble 6.1.

VQA-RAD [11] contains 315 radiology images (e.g., CT, MRI, and X-Ray) and 3,515
clinical question-answer pairs (tasks), with 3,064 tasks for training and 451 tasks for
testing. The number of candidate answers is 458. There may be multiple questions
associated with one image. For example, the clinicians may ask different types of

questions regarding a radiology image such as “imaging modality”, “abnormality”, or

“organ system”.

SLAKE [2] is our bi-lingual Med-VQA dataset. It includes more question types such
as “organ shape” and “common fact”. In our experiments, we use the English version
of SLAKE, referred to as SLAKE-EN, which contains 642 radiology images, 7,033
question-answer pairs, and 219 candidate answers. We follow the original dataset split-
ting, where 4,919 tasks about 450 images are used for training, 1,053 tasks about 96

images for validation, and 1, 061 tasks about 96 images for testing.

6.3.2 Implementation Details

We conduct all experiments on a Ubuntu 16.04 server with 8 Titan XP GPUs using
PyTorch. The implementation details for stages I & II of our method (Figure 6.2) are

provided below.

Stage 1. We collect 22,995 unlabeled radiology images from an online open-access
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resource” to form D, e_trqin, Which contains 7,592 brain MRI and CT images, 7,592
abdomen CT images, and 7, 811 chest X-Ray images. We use ResNet-50 as the backbone
for Fy and Fly, and use a non-linear layer with ReLU activation for P, and P to project
the representations into a 128-dimensional space. Then we train them with the loss
Lcontras (Equation (6.3)) for 800 epochs, which takes approximately 23 hours. In each
epoch, the mini-batch size is 128, and the model is trained in parallel over 4 GPUs. The
length K of the queue ¢ is 4, 096, the temperature parameter 7 is 0.2, and the momentum
coefficient m is 0.999. We utilize SGD optimizer with an initial learning rate of 1.5¢ 2
decayed by cosine schedule. After training, we save the weights of ResNet-50 in the last

epoch for training in stage II.

Stage II. We use F} (ResNet-50) pre-trained in stage I combined with P (a non-linear
layer with ReLLU activation) to extract visual features. For a fair comparison, we follow
MEVF [13] to set the dimension of visual features to 128, use Glove [182] to initialize
word embeddings, and employ a 1024-dimensional LSTM to extract textual features.
Moreover, the hidden size of all GRUs in the QCR and TCR modules (Figure 6.3) is
1024. The M LFg in Equation (6.14) and M LPr in Equation (6.16) are instantiated
with hidden units 1024 and 64 respectively. For each dataset, we pre-train a task type
classifier C,p. (with about 2.4 parameters) for 150 epochs by using the “answer_type”
label in the training set and Adam optimizer [193] with learning rate 1e~*, and freeze the
pre-trained weights during both the training and inference stages. The trained classifiers
reach 99.33% and 99.81% classification accuracy on the test set of VQA-RAD and
SLAKE respectively. For the training of the Med-VQA model, we use Adamax optimizer

with initial learning rate 2e =3 for 100 epochs. Notice that different from general VQA

*http://medicaldecathlon.com/
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that formulates open-ended question answering as a multi-label classification task (e.g.,
open-ended questions in the VQA v2.0 dataset normally have more than one correct
answer [194]) or a text generative task [195], in Med-VQA each question has only one
correct answer regardless of question type. Hence, we follow previous works [11, 13] to
formulate Med-VQA as a single-label classification task and use accuracy as evaluation

metric for both open-ended and closed-ended questions.

6.3.3 Comparison with the State-of-the-arts

We compare our method with existing Med-VQA models including general VQA frame-
works, vision-and-language Transformers, vision-language contrastive pre-training, and

the recently proposed MEVF method [13].

* General VQA frameworks. We follow [11] to compare with stacked attention
network (SAN) [22] and multimodal compact bilinear pooling (MCB) [54]. In
addition, we also compare with other frameworks including bilinear attention
network (BAN) [21], multi-modal factorized bilinear pooling with co-attention
(MFBCoAtt) [181], multimodal factorized high-order pooling (MFH) [196], and
multi-modal tucker fusion (MUTAN) [197]. These VQA frameworks are usually

named after their respective reasoning modules.

* Vision-and-language Transformers. Transformer-based vision-and-language
pre-training (VLP) has achieved impressive results in vision-language tasks. In this
section, we compare our method with both general and medical VLP models. Due
to the lack of regional object labels in existing Med-VQA datasets, object-based

VLP methods cannot be applied. Hence, we compare with a convolution-based
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method — Pixel-BERT [106] and a patch-based method — general vision-and-
language Transformer (ViLT) [107]. For medical VLP models, we compare with
multimodal medical BERT (MMBERT) [59] and medical vision language learner

(MedViLL) [60].

* Vision-Language Contrastive Pre-training is a self-supervised approach that pre-
trains a model by pulling the paired image-text instances closer in the embedding
space. The representative method in the medical domain is GLoRIA [126], which
uses ResNet-50 and BioClinical BERT [198] as the visual encoder and text encoder
respectively. Since there is no feature fusion module in this paradigm, we use

BAN [21] and SAN [22] instead.

* MEVF [13] is a recently proposed lightweight model for Med-VQA, which pre-
trains a visual module on medical datasets and combines it with different attention

reasoning modules such as BAN [21] and SAN [22].

Table 6.2 shows the results of our methods and the baselines. For all general VQA
frameworks, ResNet-50 pre-trained on ImageNet and 1024-D LSTM network are used
as visual extractor and textual extractor, respectively. Note that these VQA frameworks
are usually named after their respective reasoning modules. We re-implement Pixel-
BERT [106] (the ResNet-50 version) since both the source code and pre-trained weights
are not provided. We use the original implementation of ViLT [106] and fine-tune the
model on Med-VQA datasets with or without the pre-trained weights. We re-implement
MMBERT, MedViLL, and MEVF+BAN/SAN using the code released by the authors.

We cannot reproduce the results of MMBERT as reported in the original paper using the
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Accuracy (%) on VQA-RAD [11] | Accuracy (%) on SLAKE-EN [2]
Models #Parameters (M) | Overall Open-ended Closed-ended |Overall Open-ended Closed-ended

» General VQA Frameworks:

MFBCoAtt Fw. [181] 58.20 50.6 14.5 74.3 73.3 72.2 75.0
SAN Fw. [11, 22] 36.54 54.3 31.3 69.5 76.0 74.0 79.1
MFH Fw. [196] 72.11 57.9 352 72.8 75.9 73.6 79.3
MCB Fw. [11, 54] 36.29 58.1 38.0 71.3 76.1 732 80.5
MUTAN Fw. [197] 58.46 58.1 34.1 73.9 76.8 73.6 81.7
BAN Fw. [13, 21] 42.19 58.3 37.4 72.1 76.3 74.6 79.1

» Vision-and-Language Transformers:

Pixel-BERT-R50 [106] 137.37 61.7 48.2 70.5 774 77.1 77.9
ViLT-B/32 (w/o pre-training) [107] 113.12 59.6 38.5 73.5 76.0 75.8 76.2
ViLT-B/32 (w/ pre-training) [107] 113.12 66.5 52.0 76.1 78.1 76.9 80.0
MMBERT [59] 111.53 72.0 63.1 779 - -

MMBERT [59] 111.53 68.5 57.5 75.7 79.0 76.1 83.4
MedViLLx [60] 129.78 70.3 59.5 711 - -

MedViLL [60] 129.78 69.6 58.7 76.8 78.4 76.3 81.7

» Vision-Language Contrastive Pre-training:

GLOoRIA+SAN [126] 135.01 67.4 56.4 74.6 76.8 75.2 79.3
GLoRIA+BAN [126] 139.15 69.2 57.5 76.8 79.4 78.1 81.3

» Med-VQA Models:

MEVF+SANx [13] 13.99 60.8 40.7 74.1 - -

MEVF+SAN [13] 13.99 64.1 49.2 73.9 76.5 75.3 78.4
MEVF+BAN [13] 19.64 62.6 439 75.1 - -

MEVF+BAN [13] 19.64 66.1 49.2 77.2 78.6 77.8 79.8
CP+BAN (ours) 18.44 68.1 53.1 719 80.9 79.1 83.7
MEVF+BAN+CR (ours) 27.21 71.6 60.0 79.3 80.0 78.8 82.0
CP+BAN+CR (ours) 26.01 72.5 60.5 80.4 81.9 80.5 84.1

Table 6.2: Test accuracy of methods on VQA-RAD [11] and SLAKE [2]. “Fw.” is the

abbreviation of “framework”. * means results cited from the original papers.

configurations provided by the authors’ (probably some key information is missing). Our
re-implementation of MEVF+BAN/SAN achieves much better results than the original
paper due to longer training epochs (100 epochs for all methods). For MEVF+BAN/SAN,
the visual extractor is MEVF, and the reasoning module is BAN/SAN. To compare our
proposed visual extractor CP (Section 6.2.2) with MEVF, we combine it with BAN
(denoted as CP+BAN). For a fair comparison, we strictly follow MEVF+BAN to use a
1024-D LSTM network to extract textual features with word embeddings pre-trained by

GloVe [182], set the dimension of visual features to 128, and set the number of reasoning

Thttps ://github.com/VirajBagal /MMBERT/issues/4


https://github.com/VirajBagal/MMBERT/issues/4
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steps of BAN to 2. When applying the proposed CR mechanism to boost MEVF+BAN
and CP+BAN, we set the number of reasoning steps of BAN in open-ended and closed-

ended branches to 2 and 1, respectively.

According to the performance of each model, we can make the following observations:

* Our method (CP+BAN+CR) performs much better than general VQA frameworks,
vision-and-language Transformers, and vision-language contrastive pre-training,
with much fewer parameters, showing the benefit of utilizing small models for
solving Med-VQA tasks. Also, it can be seen that large models tend to overfit the

small-scale Med-VQA training data.

* Qur pre-trained feature extractor (indicated by CP) is more effective than MEVF.
CP+BAN achieves 2% and 2.3% absolute improvement over MEVF+BAN [13]
in overall accuracy on VQA-RAD and SLAKE-EN respectively. Also, it can be
noted that since MEVF is pre-trained on VQA-RAD, combining it with BAN
(i.e., MEVF+BAN) only brings ~ 2.3% improvement over BAN on SLAKE-EN,
much lower than the ~ 4.6% improvement brought by our CP model. Besides,
CP+BAN+CR improves over MEVF+BAN+CR by ~ 2% in absolute overall accu-
racy on SLAKE-EN dataset, which is comparable to the improvement of CP+BAN
over MEVF+BAN. While the improvement on VQA-RAD dataset is smaller,
CP+BAN+CR still consistently achieves better performance than MEVF+BAN+CR
for each question type. These results demonstrate the effectiveness and generality

of our pre-trained model CP.

* Qur conditional reasoning (CR) mechanism can further bring consistent and sig-

nificant performance gains on top of different visual feature extractors, including
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Accuracy (%)

Visual Modules #Parameters (M) | Overall Open Closed
VGG-167 [53] 134.83 568 352 710
ResNet-507 [20] 23.77 58.3 374 721
ResNet-50% [14] 23.77 599 346 765
MEVF [13] 1.22 66.1 492 772
CP (Fp) 23.77 62.3 385 779
CP (Po Fy) 23.79 612 385 76.1
CP (P o Fy, w/ Fy frozen) 0.02 68.1 531 779

Table 6.3: Comparison of different visual modules on VQA-RAD [11]. { indicates
pre-training on ImageNet with standard supervised classification. i indicates pre-training

on ImageNet with contrastive self-supervised learning (MoCo-v2 [14]).

MEVF and our CP model. It can be seen that CP+BAN+CR significantly outper-
forms CP+BAN while MEVF+BAN+CR significantly outperforms MEVF+BAN,
on both datasets. The best performance is achieved by our CP+BAN+CR method.
Remarkably, for open-ended Med-VQA tasks, incorporating CR leads to very large

performance gains on VQA-RAD.

6.3.4 Ablation Study and Analysis

In this subsection, we conduct experiments to analyze the effectiveness of our proposed
contrastive pre-training (CP) and conditional reasoning (CR) modules. We report results

in test accuracy on VQA-RAD [11].

6.3.4.1 Ablation study on contrastive pre-training

I. Comparison of different visual feature extractors. Table 6.3 shows the comparison
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of different visual feature extractors for Med-VQA. For all the methods, we use BAN
with 2 reasoning steps for multimodal feature fusion and a 1024-D LSTM network as
the textual extractor, and set the dimension of extracted visual features to 128. For %,
we keep the input dimension same as the output dimension. It can be seen that our CP
module (last row) outperforms MEVF and surpasses general visual backbones VGG-16

and ResNet-50 by large margins (8 ~ 11%), demonstrating its effectiveness.

In addition, the following observations can be made. First, compared with ResNet-50:
pre-trained on ImageNet also using MoCo-v2 # (row 3), it can be seen that ResNet-50
pre-trained on medical images, i.e., our pre-trained Fy (row 5) performs better, showing
the benefit of domain-specific pre-training. Second, appending a non-linear layer P to
Fy (row 6) leads to worse performance than Fjp, indicating more overfitting. Finally,
freezing the parameters of /'y and only fine-tuning P (row 7) leads to significantly better
performance. This effective and efficient design helps to avoid overfitting caused by fine-
tuning large models on small-scale Med-VQA datasets and greatly reduces the training

parameters.

I1. Comparison of different pre-training datasets. We observe that existing Med-VQA
datasets contain radiology images of different body regions and imaging modalities, e.g.,
brain MRI, chest X-Ray, and abdomen CT, as shown in Figure 6.7. Therefore, we collect
a dataset Dypre_irain (Section 6.2.2) with a similar composition for contrastive pre-training.
Specifically, it contains brain CT and MRI images, chest X-ray images, and abdomen CT
images. Since the brain images do not have modality labels, we conduct an ablation study

Of Dpre-irain W.I.t. different body parts and compare it with other pre-training datasets.

*The pre-trained weights can be downloaded from https://github.com/facebookresearch/

moco. We choose the 800-epoch version, which uses the same number of epochs as in our pre-training.


https://github.com/facebookresearch/moco
https://github.com/facebookresearch/moco

102 CHAPTER 6. IMPROVING REASONING ABILITIES

Accuracy (%)
Dataset Overall

Random initialization 60.3
ImageNet (22,995) 65.2
Brain (22,995) 61.4
Chest (22,995) 64.3
Abdomen (22,995) 63.0
Brain (11,500), Chest (11,495) 66.3
Chest (11,500), Abdomen (11,495) 67.2
Abdomen (11,500), Brain (11,495) 64.5
Brain (7,592), Chest (7,811), Abdomen (7,592) (ours) 68.1

Table 6.4: Comparison of performance on VQA-RAD [11] by using different datasets

for contrastive pre-training (CP in Section 6.2.2).

For a fair comparison, we fix the size of all datasets as 22, 995, and use the same visual
module Pt o Fy (with Fy frozen), textual model 1024-D LSTM, and reasoning module

BAN (with 2 reasoning steps).

The results in Table 6.4 show the importance of pre-training with images of different body
parts. Specifically, for the datasets containing images of only a single body part (rows
3 ~ b), the pre-trained models perform worse than the model pre-trained on ImageNet
(row 2), though they are better than random initialization (row 1). By increasing the
diversity of the pre-training datasets (rows 6 ~ 8), the performance of the pre-trained
models is significantly improved. The best performance is achieved with Dye.irain Which

contains images of three different body parts (row 9).
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Accuracy (%)
Base Model QCR TCR #Parameters (M) |Overall Open-ended Closed-ended
19.64 66.1 49.2 77.2
v 23.98 67.8 51.4 78.7
MEVF+BAN
v 22.87 70.1 56.7 79.0
v v 27.21 71.6 60.0 79.3
18.44 68.1 53.1 71.9
v 22.78 69.6 56.4 78.5
CP+BAN
v 21.67 71.4 58.9 79.7
v v 26.01 72.5 60.5 80.4

Table 6.5: Ablation study of our proposed conditional reasoning (CR) mechanism

on VQA-RAD [11].

6.3.4.2 Ablation study on conditional reasoning

L. Effect of QCR and TCR. We first evaluate the effectiveness of our proposed conditional
reasoning modules QCR and TCR with two base models, MEVF+BAN and our CP+BAN.
For both of them, the number of reasoning steps of BAN is set to 2. When incorporating
TCR into the base models, we set the number of reasoning steps of BAN as 2 for
open-ended questions and 1 for closed-ended questions. When only QCR is included
(e.g., MEVF+BAN+QCR), the model does not differentiate the question type, and hence
there is only one reasoning module. Our QCR module is then imposed on the basic
reasoning module BAN to enhance reasoning ability. When only TCR is included
(e.g., MEVF+BAN+TCR), the model differentiates the question type and chooses the
corresponding reasoning module. However, only the basic reasoning module BAN is

utilized for reasoning, without the QCR enhancement.
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As shown in Table 6.5, QCR improves the overall accuracy of MEVF+BAN and CP+BAN
by 1.7% and 1.5% respectively, while TCR improves them by 4% and 3.3% respec-
tively. The results show that both QCR and TCR are useful, indicating the importance of
utilizing question information to learn task-adaptive reasoning skills for different Med-
VQA tasks. Further, the large performance improvement brought by TCR demonstrates
the necessity of learning multi-level reasoning skills for different types of Med-VQA

tasks.

When both QCR and TCR are incorporated, we observe further improvements. The
overall accuracy of MEVF+BAN and CP+BAN is increased by 5.5% and 4.4% re-
spectively, where the accuracy for open-ended questions is increased by 10.8% and
7.4% respectively and the accuracy for closed-ended questions is increased by 2.1%
and 2.5% respectively. The large improvements on open-ended tasks show the effective-
ness of our conditional reasoning mechanism in learning higher-level reasoning skills to

solve difficult tasks.

I1. The reasoning ability required for solving open-ended and closed-ended questions.
We further study the reasoning ability required for solving open-ended and closed-ended
questions, including the number of reasoning step G (Equation 6.8) and the proposed
QCR module. We use BAN(G) to denote BAN with G reasoning steps and BAN(G open-
Glelosed) to denote that in our TCR we use BAN with Gope, reasoning steps for open-ended

questions and BAN with Gjosq reasoning steps for closed-ended questions.

From the results in Table 6.6, we can make the following observations. (1) As the
number of reasoning steps (G, Gopen, OF Gleiose) increases, the corresponding model

performance first increases and then decreases, indicating a gradual transition from
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Accuracy (%)
Base Model G #Parameters (M) | Overall Open Closed
1 17.40 63.6 447 76.1
2 19.64 66.1 492 77.2
3 21.87 659 525 746
MEVF+BAN 4 24.11 66.1 531 746
5 26.34 656 525 742
6 28.57 645 520 728
1 16.20 645 486 754
2 18.44 68.1 53.1 779
3 20.67 674 53.6 76.5
CP+BAN 4 22.90 663 525 754
5 25.14 66.5 53.1 754
6 27.37 652 520 739
» Incorporating TCR:
Gopen Gclosed
1 1 19.43 68.7 53.6 787
2 1 21.67 714 589 79.7
1 2 21.67 70.3 553 80.1
CP+BAN 2 2 23.90 712 587 794
3 2 26.14 698 575 779
2 3 26.14 70.5 564 79.8
3 3 28.38 69.2 559 779
» Further Incorporating QCR:
Gopen Gclosed
1 1 23.77 70.3 58.1 783
2 1 26.01 725 60.5 804
1 2 26.01 714 592 794
CP+BAN 2 2 28.25 71.6 614 783
3 2 30.49 72.1 60.3 79.8
2 3 30.49 71.1 59.2 79.0
3 3 32.73 69.6 58.1 772

Table 6.6: Effect of the number of reasoning steps for open-ended and closed-ended

questions in VQA-RAD [11].

underfitting to overfitting. (2) By incorporating TCR, even BAN(1-1) outperforms BAN
with any G reasoning steps, showing the benefit of using a separate reasoning module
for different types of questions. As shown in Figure 6.4, the TCR module disentangles
the representations of open-ended and close-ended tasks. (3) The best performance
is achieved by CP+BAN(2-1), indicating that solving open-ended questions requires
stronger reasoning ability than closed-ended questions. (4) Incorporating QCR can

further improve the reasoning ability on both open-ended and closed-ended questions.
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Model: CP + BAN (2) Model: CP + BAN (2-1)

Figure 6.4: t-SNE [10] visualization of the multimodal features (input to the classifier
layer) of Med-VQA tasks in the test set of VQA-RAD [11] learned by CP+BAN(2)
and CP+BAN(2-1) respectively. The TCR module in CP+BAN(2-1) disentangles the

representations of open-ended and closed-ended tasks.

Q: Where is the lesion located ? Model: CP+BAN (2) Model: CP+BAN (1-1) Model: CP+BAN (2-1)  Model: CP+BAN(2-1)+QCR  Model: CP+BAN (3-3)+QCR
3 ‘ )
~ : )
GT: Right Lower Lateral Lung Field A: Left X A: Left Occipital Lobe X A: Right Lowgr v A: Right Low;r v A: Right X
Lateral Lung Field Lateral Lung Field

Figure 6.5: Visual comparison of the prediction results for an open-ended task in VQA-
RAD dataset by variants of CP+BAN. The Grad-CAM maps [12] of the visual model are
plotted based on the predicted answers. v/ and Xindicate the correctness of the answer

given by each model.

These observations can also be reflected in the visual comparison in Figure 6.5, where
CP+BAN(2-1)+QCR can more accurately find the relevant regions and give the correct

ansSwer.

II1. Impact of the prediction accuracy of the type classifier. We analyze how the
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804 —e— VQA-RAD
—e— SLAKE-EN Z71 R2.3
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20 40 60 80 100
Prediction Accuracy of The Type Classifier(%)

Figure 6.6: Impact of the prediction accuracy of the type classifier on our model
CP+BAN+CR. Note that the prediction accuracy of our model refers to the overall

metric.

prediction accuracy of the type classifier C},,. in the TCR module affects the prediction
accuracy of our model CP+BAN+CR on both VQA-RAD and SLAKE-EN datasets. As
shown in Figure 6.6, the more accurate Cy,,. is, the better performance our model can
achieve. An inaccurate CY,,. will result in extremely poor performance. Fortunately,
with our proposed algorithm (Equations (6.9) - (6.13) & Equation (6.16)), we can easily
train a highly accurate Cy,,., achieving 99.33% and 99.81% classification accuracy on

the test set of VQA-RAD and SLAKE respectively.

6.3.5 Qualitative Evaluation

We provide a qualitative comparison between our proposed methods and baseline MEVF+BAN.

Figure 6.7 shows the Grad-CAM [12] maps of the visual models based on the predicted
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Input Image MEVF + BAN(2)  CP+BAN(2) CP + BAN (2-1) + CR

Where
i
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brain
non-enhancing
tumor

A: left lobe X A: Center X A: Upper Left Lobe

@

Braint
(MRI)

Q: Where is the brain
non-enhancing tumor?

Chestt
(X-Ray)

Q: Which lobe is abnormal
in this image?

A:Both X A: Left Lung X A: Left

diseases

are

Abdoment
(CT)

included
in
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in

this
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picture

Q: What diseases are
included in the picture?

A: Lung Cancer X A: Liver Cancer A: Liver Cancer

Evidence
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Abdoment
(CT)

hemorrhage

kidneys

Q: Evidence of hemorrhage
in the kidneys?

A: No A: No A: Not seen here X

Figure 6.7: The Grad-CAM maps of the visual modules of our methods and baseline
MEVF+BAN. The attention map of our QCR module is displayed in the right column,
and darker color indicates higher weight. v/ and Xindicate the correctness of the answer
given by each model. 7 indicates the test image comes from SLAKE [2], and and %
indicates it comes from VQA-RAD [11]. The last row shows a failure case of our
method with the conditional reasoning module, which is caused by the misclassification

of question type.
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answers of four tasks in SLAKE-EN and VQA-RAD, which cover different human body
parts and imaging modalities. We also provide a visualization of the attention weights

(Equation 6.12) in QCR.

The first task is about a brain MRI image. While MEVF+BAN and our CP+BAN both
give wrong answers, our CP+BAN+CR can find the relevant regions and predict the right
answer, demonstrating the effectiveness of conditional reasoning. The second task is
about a chest X-Ray image. Compared with MEVF+BAN, our CP+BAN can better find
more relevant regions, though it also gives a wrong answer. With conditional reasoning,
our CP+BAN+CR can find the right answer. The third task is about an abdomen CT
image. Both our CP+BAN and CP+BAN+CR give the right answer, but MEVF+BAN still
fails. The last task is also about an abdomen CT image. In this case, both MEVF+BAN
and our CP+BAN give the right answer, but our CP+BAN+CR fails. This is because the
question type classifier of the TCR module gives a wrong prediction, mistaking a close-
ended question as an open-ended one. Notice that even though the prediction accuracy

of the question type classifier is as high as 99.33%, it may still fail in some rare cases.

6.3.6 Efficiency Evaluation

We progressively evaluate the time efficiency of the proposed QCR and TCR modules
on top of the base model MEVF+BAN [13]. The results are provided in Figure 6.8,
where we report the average training time and test time of 10 epochs. Compared with the
base model, our reasoning modules only increase the training time by a small factor, and
the overhead in test time is negligible. It shows that the proposed conditional reasoning

mechanism can be efficiently applied to existing Med-VQA systems.
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Test W Train
0.55
B A N (.06
0.56
BASE+ QR N 7 14
L e e —
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Figure 6.8: Time efficiency of the proposed conditional reasoning mechanism (i.e., TCR
and QCR modules). BASE represents the base model MEVF+BAN [13]. BASE+QCR
does not differentiate the question type, and hence there is only one reasoning module.
Our QCR module is imposed on the basic reasoning module BAN to enhance reasoning
ability. BASE+TCR differentiates the question type and chooses different reasoning
module correspondingly. However, only the basic reasoning module BAN is used for
reasoning, without our QCR enhancement. Deep Blue denotes training time (seconds)

per epoch. Cyan denotes test time (seconds) per epoch.
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Chapter Review

In this chapter, we have concerned with the design of two key modules of a Med-VQA
system — the reasoning module and the visual feature extraction module. For the former,
we have proposed an effective conditional reasoning mechanism that endows the system
with task-specific reasoning ability, which is lightweight and can be applied to existing
Med-VQA models in a plug-and-play manner. For the latter, we have proposed to pre-
train a visual feature extractor via contrastive learning to tackle the data scarcity problem,
which can be readily used by any Med-VQA model on a small-scale dataset. Empirical
evaluation on existing benchmarks demonstrates the high effectiveness of our proposals
compared with the state-of-the-arts. We hope this work will serve as a solid step to

advance the research of Med-VQA.
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Chapter 7

Introducing Multimodal Explainability

7.1 Introduction

Large vision language models (LVLMs) have recently made huge advancements in ar-
tificial intelligence [17, 84, 85, 199-203], demonstrating remarkable capabilities in un-
derstanding visual content while generating coherent natural language responses. These
advancements have driven innovations across various domains [204, 205], with health-
care emerging as an important application. Within this domain, medical visual question
answering (Med-VQA) stands out as a crucial task that automatically provides reliable
and user-friendly answers [206] to questions about medical images [11], facilitating

healthcare professionals in diagnosis, medical education, and clinical decision-making.

To ensure the reliability and user-friendliness of Med-VQA systems, it is crucial to
incorporate answer explanations along with a diverse set of question formats. Although
significant progress has been made by existing Med-VQA systems [2, 11, 89, 90, 92],

113
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Dataset VQA Type Example

Closed-ended VQA: 1
g : Is any devices present within the right atrium? !
:No.

Open-ended VQA:

Q: What are all the diseases identifiable within the right
hilar structures?

A: A small right pleural effusion.

Multi-choice VQA:
Q: Which regions on the X-ray show signs of abnormalities?

C: ["A: Bilateral lungs", "B: R'i]%ht costophrenic angle",

"C: Bilateral lower lung", "D: Cardiac region"]

A: [len’ IIBII’ ncu’ an]

Reason: Abnormalities are seen in the bilateral lungs
(hErpermﬂatlon), right costophrenic angle (b]untmé%,
bilateral lower lung (atelectasis), and cardiac silhouette
(enlargement).

. . Bounding Box: [[ 1, [ 1,
Ours Multi-choice —, [28, 126, 165, 1897, [57, 114, 147, 180]]

N

Figure 7.1: Our GEMeX stands out from existing medical VQA datasets by providing
diverse question types and comprehensive multimodal explanations, including textual

reasoning and visual grounding, to improve real-world applicability.

none have yet integrated answer explanations (cf. Table 2.1). As emphasized by [207],
explanations are as essential as the answers themselves in general VQA systems. This
holds even stronger in medical VQA, where the domain-specific nature of the task
amplifies the need for clarity [11, 23]. If a Med-VQA system is to assist in clinical
diagnosis, the datasets must be designed to include explanations so as to enhance patient
comprehension and support the learning of junior medical practitioners. Additionally,
the limited range of question formats, such as the absence of multiple-choice questions,
restricts the real-world applicability and impairs the overall user-friendliness of medical

Al systems.

To tackle the aforementioned limitations, we develop a large-scale, Groundable, and
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Explainable Medical VQA benchmark for chest X-ray diagnosis (GEMeX). We first
undertake a comprehensive data refinement process upon the Chest ImaGenome [208].
By collaborating with radiologists, we systematically redefine anatomical regions and
establish more precise vision-text correspondence mappings, resulting in accurate region-
grounded reports for each X-ray image. Subsequently, we leverage GPT-40 [17] to gener-
ate a diverse set of questions based on these grounded reports, covering four categories of
varying difficulty levels: open-ended, closed-ended, single-choice, and multiple-choice
questions. Each question-answer pair is enriched with explicit reasoning and correspond-
ing visual region annotations, as shown in Figure 7.1. The resulting dataset comprises
151,025 images and 1,605,575 questions. Currently, this is the largest VQA dataset for
chest X-rays and the first medical VQA dataset that simultaneously includes both textual

and visual explanations.

We evaluate 12 representative LVLMSs, including 7 from the general domain (e.g.,
LLaVA [85], DeepSeek-VL [209], GPT-40-mini [17]), and 5 from the medical domain
(e.g., LLaVA-Med [80], XrayGPT [77], RadFM [78]). The experimental findings under-
score the challenging characteristics of our dataset. Additionally, we propose a simple
instruction-tuning strategy that derives a task-specific LVLM. The impressive perfor-
mance improvement highlights the effectiveness of our dataset. Overall, we develop three
metrics for measuring the accuracy of model outputs in terms of answers, reasoning, and
visual grounding (localization generation). Notably, we apply both semantics-level score
and gram-based metrics of natural language generation (e.g., BLEU and ROUGE) for
textual parts. Results indicate that for models without GEMeX fine-tuning, semantics-
level scoring is more reliable. After fine-tuning, however, the natural language generation

metrics can better reflect the model’s understanding of the dataset.
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Overall, we make the following key contributions:

* We present GEMeX, a large-scale medical VQA dataset for chest X-rays, designed
to support diverse question types and provide enhanced explainability for medical
VQA systems. To our knowledge, it is the largest chest X-ray VQA dataset and the

first Med-VQA dataset to embody the concept of multimodal explainability.

* We systematically benchmark 12 representative LVLMs using GEMeX, introduc-
ing multiple evaluation metrics to comprehensively demonstrate the performance

of current popular LVLMs on the Med-VQA task.

* Our method shows that integrating precise vision-text explainability enhances the
visual reasoning of LVLMs, addressing a key limitation in many models. We
emphasize the need for a large-scale, groundable, and explainable VQA benchmark

to advance LVLM development and deployment in healthcare.

7.2 Construction of GEMeX

We will elaborate on the construction of the proposed GEMeX dataset, accompanied by
a schematic overview in Figure 7.2. The structure of this section is organized as follows:
In Section 7.2.1, we introduce the initial step of dataset construction, focusing on refining
anatomical regions and grounding reports; Section 7.2.2 covers the generation process
for four distinct types of Med-VQA, incorporating multimodal explainability across both

visual and textual dimensions.
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Open-ended VQA:
Slage ! Original: redundant one-to-many sentence-region correspondence Slage n P! 2

The lungs remain hypennflaled consistent with chronic obstructive pulmonary Q: What could be the cause of blunting of th right costophrenic angle?
disease [ 1. Open-ended VQAs
There is blun(mg of me thl cuswpmemc angle which may be due to overlying 2. Closedc-ended VQAS A: Overlying soft tissue or a small pleural effusion.
soft tissue [ '] i o
3, Single-choice VQAS
B ek o s o ot {151, e o T TS R e o iy becs o eyt
ng, ] .
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<Report>

Input, A
1+ Right Lung | Ry: The primary anatomical region for P Output
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disease [ A:["A","B","C", "D"]

Bmamav atelectasis is seen without discrete focal consolidation ['bilateral
il
The cardiac silhouette is enlarged [cardi 3l
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Figure 7.2: Illustration of the pipeline for constructing our GEMeX, with two main
stages. In Stage I (left), medical LLM performs re-grounding on the original reports
based on the pathological regions and clinical guidance specified by the radiologists,
generating more precise sentence-region correspondence. In Stage II (right), the well-
crafted prompt enables GPT-40 to generate a high-quality, large-scale Med-VQA dataset

with both textual and visual explanations, leveraging the re-grounded reports.

7.2.1 Re-grounding Reports

As shown in stage I of Figure 7.2, we build upon Chest ImaGenome [208] to construct
our dataset, but with an emphasis on the mapping precision between visual regions and
textually described entities. After consulting radiologists, we find that the anatomical
descriptions of regions of interest in ImaGenome are imprecise and redundant, introduc-
ing ambiguity into clinical diagnoses. Specifically, a single sentence can be associated
with multiple anatomical regions, e.g., “There is blunting of the right costophrenic angle
which may be due to overlying soft tissue” corresponding to “right lung” and “right
lower lung zone”. This redundancy poses challenges in training models to precisely
visual grounding. Hence, we perform re-grounding to ensure each sentence is linked to

a single, precise region.
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Chest ImaGenome

Ours

right lung, right mid lung zone, right hilar struc-

right lung, right mid lung zone, right hilar struc-

o | tures, right hemidiaphragm, left lung, left mid | tures, right hemidiaphragm, left lung, left mid
=
Q
E lung zone, left hilar structures, left hemidi- | lung zone, left hilar structures, left hemidi-
aphragm, trachea, spine, abdomen, svc aphragm, trachea, spine, abdomen, svc
left upper lung zone
left apical zone left upper lung zone
right upper lung zone
right apical zone right upper lung zone
& | mediastinum o
£ | upper mediastinum mediastinum
g right lower lung zone )
2 | right costophrenic angle right lower lung zone
™ [left lower lung zone
left costophrenic angle left lower lung zone
cardiac silhouette
cavoatrial junction cardiac silhouette
right atrium
£ | carina, right clavicle
g left clavicle, aortic arch h
left lung + right lung bilateral lung
left upper + right upper bilateral upper lung zone
left mid + right mid bilateral mid lung zone
left lower + right lower bilateral lower lung zone
left hilar + right hilar bilateral hilar structures
left hemidiaphragm + right hemidiaphragm bilateral hemidiaphragm
left mid + left lower left mid-to-lower lung zone
right mid + right lower right mid-to-lower lung zone
% | left mid + left upper left mid-to-upper lung zone
§ right mid + right upper right mid-to-upper lung zone

left ... + right mid-to-lower

bilateral mid-to-lower lung

left ... + right mid-to-upper

bilateral mid-to-upper lung

Table 7.1: Anatomical regions transformation from the Chest ImaGenome to our refined

version with detailed operations.

7.2.1.1 Anatomical Region Selection and Merging

In the original Chest ImaGenome, there are 29 significant pathological regions (with
bounding boxes). However, in alignment with radiologists’ practices, our dataset focuses
on retaining core regions that are crucial for diagnosing diseases through X-rays, such as
the “left lower lung” and “mediastinum”. Less significant or marginal areas are excluded

to streamline the diagnostic training process and enhance clinical relevance, like “carina”
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which is not considered a core region, and “clavicle” which accounts for only about 2%
of the total regional frequency. Furthermore, to enhance clarity and ensure that each
sentence corresponds to a single pathological region with finer granularity, semantically
similar regions are merged. For instance, the “left lower lung zone” and “right lower
lung zone” are combined into a “bilateral lower lung zone”. This aligns with conditions
like “bibasilar atelectasis”, as illustrated in Stage I of Figure 7.2, where the condition is
described as “Bibasilar atelectasis is seen without discrete focal consolidation”. In total,

we define 30 anatomical regions eventually, as shown in Table 7.1.

7.2.1.2 Report Re-grounding Using Medical LLM.

Then, we utilize OpenBioLLM-70B*, known for its outstanding performance across var-
ious medical NLP tasks, to re-ground reports by re-selecting a region for each sentence.
To test the effectiveness of the prompt, we begin by randomly selecting 100 pairs from
the Chest ImaGenome test set, which includes approximately 367 sentences. Initially, the
performance of the LLLM is suboptimal due to: (1) inner knowledge about X-ray disease
observation areas is not sufficiently precise, as OpenBioLLM is an NLP model that lacks
clinical expertise, and (2) when a sentence indeed involves multiple regions that cannot

be merged, the model may either output multiple regions or arbitrarily select one.

Iterative Prompt Refinement via Radiologist Feedback: To address these limitations, we
employ an iterative approach, gradually incorporating clinical guidance from radiologists
and manually-labeled such cases (in-context learning) to refine the prompt, facilitating

(1) more accurate region selection; and (2) more effective sentence splitting and rewrit-

*https://huggingface.co/aaditya/LLlama3-OpenBioLLM-70B
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99,66 29 <

messages = [“role”:“system”, “content”:
f““You are a helpful chest X-ray radiologist. Given an input sentence, your task is to map it to

an anatomical region on X-ray for better observation from a predefined list [right lung, cardiac

silhouette,..., bilateral lower lung zone].

Here are some rules:

(1) If there is no corresponding region for this sentence, leave it out.

(2) If the sentence describes the overall anatomical characteristics without specifying a particular

region, you can choose “bilateral lung” as its region. For example, “No focal consolidation, pleural

9,66

effusion or pneumothorax is present”:“bilateral lung”.
(3) One sentence can only correspond to one region. If a sentence’s main symptom involves

several anatomical regions, rephrase it into multiple sentences with corresponding regions. Note
that all derived sentences must be syntactically complete, not phrases (i.e., containing a subject
and a predicate at least). For example: “The cardiomediastinal silhouette is normal.” can be
segmented into “The cardiac silhouette is normal.”:“cardiac region”, “The mediastinal silhouette
is normal.”:“mediastinum”, where “cardiomediastinal” corresponds to the “cardiac region” and

“mediastinum”.
(4) Small (tiny) pleural effusion (fluid) usually appears in the lower lung zone, a moderate pleural

effusion appears in the mid-to-lower lung zone, and a large (substantial) pleural effusion can even
occupy the entire lung. If the severity (like small, moderate and large) is not indicated, output the

left lung or right lung directly.
(5) The main anatomical region for observing pulmonary venous is the bilateral hilar structures on

the X-ray.

(6) The region where the atrium and ventricle can be observed is the cardiac region.

Here are some cases: (1)... (2)... (3)... (4)...

Organize your output in a json formatted as Dict{Str(sentence):Str(region)}, without other

words.””’]

99, ¢ CLINT3

messages +=[“role”:“user”, “content”: “Input: “Bibasilar atelectasis is seen without discrete focal

consolidation.”

Table 7.2: Our proposed prompt for refining sentence-region pairs.

ing. For example, “The cardiomediastinal silhouette is normal.” is converted into
{“The cardiac silhouette is normal.”:“cardiac silhouette”, “The mediastinal silhouette
is normal.”:*“mediastinum”}, where “cardiomediastinal” corresponds to the “cardiac sil-

houette” and “mediastinum”. This approach ensures the output clauses align one-to-one
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with the respective regions. Ultimately, the final prompt is determined with an accuracy
of approximately 98.4% on the aforementioned test set, provided in Table 7.2. Figure 7.2

presents an example of a re-grounded report and its corresponding updated image.

7.2.2 Groundable and Explainable VQA Generation

Although there are many Med-VQA datasets [94, 95] available, some even generated
using MIMIC-CXR or Chest ImaGenome, they all have two weaknesses that diminish
their practicality: (1) lacking strong explainability, especially the visual guidance, that
hinders the user’s understanding; (2) a restricted range of question types, typically con-
fined to open-ended or closed-ended formats with no inclusion of choice-based questions,
reducing the flexibility and comprehensiveness. In general, these issues highlight the
necessity for more versatile and explainable Med-VQA datasets to enhance their utility

in clinical settings.

Data Generation with Quality Control. As shown in Stage II of Figure 7.2, we
generate our VQA dataset based on re-grounded reports. Here, we employ GPT-40
(2024-08-06) [17] as a generator due to its remarkable capabilities in understanding
and generating long texts. We ensure the quality of the generated dataset by: (1) to ensure
a diverse range of question content [2], like “abnormality” and “location”, we identified
7 distinct categories through discussions with radiologists, as illustrated in Figure 7.4.
Then, we manually craft questions covering these 7 types for 30 images, which serve
as good demonstrations in the prompt to enhance the generation accuracy and better
align with our objectives; (2) we also design specific rules (like not generating questions

that need to be answered by comparing two images) to ensure the generated VQAs are
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99,66 9 <

messages = [“role”:“system”, “content’:
f““You are a chest X-ray Al assistant, and you are seeing a frontal view chest X-ray image, described

by several phrases with visual regions. Generate 3 open-ended questions, 2 closed-ended questions,
3 single-choice questions, and 3 multi-choice questions about this chest X-ray. Format your output
in JSON format.

Here are some rules:
(1) Include questions asking about the visual content of the image, containing abnormality, disease,

location, severity, cause of disease, etc. For a CXR, the types of questions generated need to be

diverse. Do not ask any questions that cannot be answered confidently.
(2) For each question, provide the answer, explain the reason for obtaining such answer, and output

the corresponding visual regions as a visual clue.
(3) For open-ended questions, the answers must be concise. You should generate detailed reasons

based on the provided CXR phrases and your medical knowledge. Do not refer to the text description

in your questions or answers.
(4) Avoid questions that cannot be answered by looking at the given CXR image itself, such as

asking about changes/comparisons from previous scans, asking about staff notifications, or asking
about view types or other scans.

Here is one example:
Chest X-ray: {...}, One open-ended question can be: {...}, One closed-ended question can be:

{...}, One single-choice question can be: {...}, One multi-choice question can be: {...}

99,6 CLINNT3

messages += [“role”:“user”, “content”: “Chest X-ray: There is also fullness of the right hilum

which is new. [visual location: right hilar structures] ...”

Table 7.3: Our designed prompt for generating groundable and explainable medical

VQA, using a grounded report as input.

answerable; (3) similar to the re-grounding process, we extract 50 samples to observe the
effect of the prompt. Only when the overall performance meets our expectations do we

proceed with the final dataset generation. The detailed prompt is elaborated in Table 7.3.

For each image-report sample, we instruct the GPT-40 to generate a total of 11 questions:

3 open-ended VQAs, 2 closed-ended VQAs, 3 single-choice VQAs, and 3 multi-choice
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Open. (T/B) Closed. (T/B) Single. (T/B) Multi. (T/B)
Train | 441,471/466,725 272,323/277,249 441,114/448,810 434,067/861,635
Valid 3,524/3,704 2,145/2,184 3,520/3,599 3,451/6,955
Test 1,144/1,189 543/552 1,300/1,310 973/1,870
Total | 446,139/471,618 275,011/279,985 445,934/453,719 438,491/870,460

Table 7.4: Distribution statistics of question types (T) and number of bounding boxes

(B) across data splits.

VQA:s, culminating in approximately 1.6 million VQA pairs. The reports containing less
than three sentences will not be used to generate QAs. The generated location is provided
as an anatomical region in text format (e.g., “left lower lung zone”). To enable the VQA
model to identify the specific location on the image, a post-processing step is required
to map the region to bounding box coordinates. An example demonstrating multi-modal

explainability is presented in Figure 7.2 (right).

7.3 Statistics of GEMeX

Dataset Split. GEMeX is partitioned in accordance with the distribution of MIMIC-
CXR. Specifically, we have 149,535 images with 1,588,975 QA pairs for training,
1,190 images with 12, 640 QA pairs for validation, and 300 images with 3, 960 QA pairs
for testing. Detailed statistics, including question type distribution and the number of

bounding boxes, are shown in Table 7.4.

Data Quality. To establish a golden test set, we selected 300 images from the MIMIC-
CXR’s test set, initially accompanied by 3,291 questions auto-generated by GPT-4o.
Radiologists meticulously reviewed theses questions, correcting around 10 incorrect

answers and adjusting 3 inaccurate location annotations. This minimal revision rate
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Mass (0.57%)
Pneumothorax (0.95%)
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Nodule (1.51%) —
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Figure 7.3: The distribution of normality and abnormality contained in images from the

test set of our GEMeX.

demonstrates the high quality of the generated dataset. Additionally, the radiologists
contributed approximately 600 new questions, thereby creating a comprehensive golden

test set for benchmarking large vision language models.

Distribution of Clinical Observations. The X-ray image selection for the test set is ac-
cording to the clinical observations. In Figure 7.3, we plot the distribution of normality
and abnormality contained in images. The original distribution of MIMIC-CXR, char-
acterized by a high proportion of healthy samples, introduces a significant bias affecting
model performance [210]. To mitigate this issue, we preserve only a small proportion of
healthy samples (around 12.48%) during manual cleaning. Meanwhile, we ensure that

2% &6

clinically important observations occupy a large proportion, such as “atelectasis”, “car-

2 (13

diomegaly”, “edema”, and “pleural effusion” [211]. Additionally, common diseases or

9% G¢

observations like “pneumonia”, “opacification”, and “pneumothorax” are also included.

Distribution of Question Content. We show the distribution of the question content

categories that GPT-4o itself summarizes according to demonstrations during VQA gen-
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Figure 7.4: The distribution of question content in our GEMeX.

eration. Figure 7.4 shows the corresponding results where we can find that “abnormality”,
“disease”, and “location” account for over 88%, while the remaining categories mainly

include “cause”, “size”, “severity”’, and “implication”, which highlights the diversity of

questions.

7.4 Evaluation of GEMeX

7.4.1 Experimental Details

7.4.1.1 A Strong Baseline Fine-Tuned on GEMeX

To validate the effectiveness of the dataset, especially the auto-generated training set, we
propose a question-type-aware instruction tuning to fine-tune LLaVA-Med-v1-7B [80] on
the training set of GEMeX, termed as LLaVA-Med-GEMeX, serving as a strong baseline.
Specifically, for each VQA sample from our GEMeX, we add a type prompt Xrype after

the original system prompt and a question Xguestion With its answer Xjansyer, textual
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reason Xgeason, and corresponding visual location X catrion, CONstructing a single-turn
dialogue shown in Table 7.5. In particular, Xtype is “Input an {Type} question, and the
assistant will output its answer {Supplement} with a detailed reason and corresponding
visual location.” where {Type} refers to “open-ended/closed-ended/single-choice/multi-
choice” and {Supplement} is replaced by “none/(yes or no)/(an option)/(some options)”,

respectively.

<Ori_System Prompt> Xrtype <STOP>
Human: <image>\nXquestion Xchoices (if any) <STOP>

Assistant: <answer>Xansyer <reason>Xgeason <location>Xiocation <STOP>

Table 7.5: Input format for fine-tuning LLaVA-Med.

7.4.1.2 Training Details

We fine-tune both the visual projection layers and the LLM components of LLaVA-Med-
v1 (after stage I1) by calculating the auto-regressive loss to predict the assistant’s responses
and the dialogue termination token <STOP>. Particularly, the model is fine-tuned for 3
epochs on four NVIDIA H100 GPUs with a batch size of 64, taking around 54 hours.
The network is warmed up in the first 0.03 epochs with a linear learning rate from 3e-7
to 2e-5, which further decays by cosine schedule. The optimizer is AdamW. To enhance
training efficiency, we utilize the Fully Sharded Data Parallel (FSDP) mechanism, the

bf16 (Brain Floating Point) precision format, and gradient checkpointing.
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7.4.1.3 LVLMs Benchmarks

Besides fine-tuning a task-oriented model, we perform a zero-shot evaluation on our
GEMeX dataset across the other 12 LVLMs, with 7 in the general domain and the other

5 in the medical domain:

In the General Domain: we test LLaVA-v1[85],Mini-GPT4-v1[84], mPLUG-0wl [212],
LLaVA-v1.5 [213], DeepSeek-VL [209], Qwen-VL-Chat [214], and GPT-40-mini
(2024-07-18). Note that we did not test GPT-40 because its safety protection policy
prohibits it from analyzing medical images, especially when asking about the condition

of patients.

In the Medical Domain: we evaluate LlaVA-Med-v1 [80], LLaVA-Med-v1.5 [80],

MiniGPT-Med [79], XrayGPT [77], and RadFM [78].

To make a fair comparison, the evaluated models (except GPT-40-mini and RadFM (with
MedLLLaMA-13B [215])) are based on 7B-LLMs in this section. Specifically, LLaVA-v1,
LLaVA-Med-v1, and Mini-GPT4-v1 are based on Vicuna-v0-7B [152] while LLaVA-
v1.5 and XrayGPT are based on Vicuna-v1-7B; LLaVA-Med-v1.5 is built upon Mistral-
7B-Instruct-v0.2 [166]; mPLUG-Owl is using LLaMA-7B [37]; Deepseek-VL [209]
is based on DeepSeek-LLM-7B; and Qwen-VL-Chat [216] is based on Qwen-7B. All

models’ configurations are set according to their open-source codes.

7.4.2 Evaluation Metrics

In GEMeX, each question has a corresponding answer, textual reason, and visual location.

Ideally, we aim to evaluate all these three aspects with designed metrics as follows:
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Answer-Reason Score (AR-score): In reality, most LVLMs struggle to output correctly
in terms of format. This doesn’t mean these models lack the knowledge to answer the
questions but rather simply lack the ability to follow instructions properly. To ensure
a fair comparison, we introduce the Answer-Reason score (AR-score) as an evaluation
metric for the textual output, where the answer and reason parts from each test sample
are merged as a reference (ground truth), and the evaluated LVLM’s output serve as a
candidate. We use GPTScore [80] to calculate the AR-Score from a semantic perspective,
where GPT-4o is utilized to quantify the correctness. Specifically, we start by treating
the aforementioned reference as a textual response from assistant #1, while the candidate
as the response from assistant #2. With both responses, the original question, and
the X-ray report, GPT-40 assesses the accuracy, relevance, and helpfulness of each
assistant’s answer and assigns a comprehensive rating on a 1 to 10 scale, with higher
values reflecting better performance. We then calculate the relative score using GPT-40’s
reference score for normalization. Besides, we also employ common NLG metrics (e.g.,

BERTScore [217], BLEU, ROUGE) to evaluate AR-score.

Answer Score (A-score): For responses where the model can output specific answers
(such as yes/no for closed-ended questions or options for single-/multiple-choice ques-
tions), we calculate the accuracy by comparing with the ground truth. It is worth noting
that although some models cannot directly output the answer, we still attempt to match it

from their responses.

Visual Score (V-score): For models capable of visual grounding (i.e., outputting visual
locations), we calculated mean intersection over union (mloU) as a metric. For a VQA
case, considering there might be multiple corresponding locations (commonly seen in

multi-choice questions), we use the Hungarian algorithm [218] to match the predicted
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Open-ended Closed-ended Single-choice Multi-choice

Models AR-scoref  V-score | A-score AR-scoref V-score | A-score AR-scoref V-score | A-score AR-scoref V-score | Avg.f

Random - - 48.80 - - 25.85 - - 7.50 - -
GPT-40-mini [17] 97.68 18.05 59.30 71.14 28.64 59.00 7147 23.62 49.13 8291 19.19 | 82.30
LLaVA-v1 [85] 76.14 - 30.76 38.02 - - 50.47 - - 66.52 - 57.79
LLaVA-v1.5[213] 77.62 - 58.93 57.00 - 47.00 57.05 - - 65.17 - 64.21
Mini-GPT4-v1 [84] 55.32 - 26.33 31.09 - - 37.63 - - 46.65 - 42.67
mPLUG-Owl [212] 76.73 - 27.26 36.70 - 32.00 46.89 - - 67.92 - 57.06
DeepSeek-VL [209] 79.30 11.00 57.10 59.86 8.28 51.69 62.03 8.57 17.99 70.35 12.98 | 67.89
Qwen-VL-Chat [214] 78.36 3.17 23.02 45.79 12.25 44.69 59.15 16.69 7.30 67.21 2.26 62.63
LLaVA-Med-v1 [80] 90.34 - 62.62 69.91 - - 61.74 - - 68.14 - 72.53
LLaVA-Med-v1.5 [80] 94.43 - 71.82 76.54 - - 66.04 - - 67.28 - 76.07
MiniGPT-Med [79] 86.12 - 55.24 65.25 - - 55.61 - - 64.33 - 67.83
XrayGPT [77] 81.17 - - 68.17 - - 48.33 - - 55.10 - 63.19
RadFM [78] 88.57 - 58.01 67.91 - - 57.82 - - 62.41 - 69.18
LLaVA-Med-GEMeX 97.05 51.47 77.35 80.72 53.20 73.08 81.42 54.57 67.42 84.98 47.99 | 86.04

Table 7.6: Performance of representative LVLMs on our GEMeX across four question
types. The AR-score combines answer and reason to evaluate textual outputs. T denotes
the GPTScore value (%). The A-score indicates answer or choice accuracy (%), and
the V-score represents mloU (%). The best results are bolded, and the second-best are

underlined in each column.

bounding boxes with the actual ones.

7.4.3 Results and Analysis

7.4.3.1 Overall Performance

The comprehensive results are shown in Table 7.6. The first 7 rows indicate the perfor-
mance of general LVLMs, while the last 6 rows present the results of medical ones and
our fine-tuned version of LLaVA-Med-v1 (termed as LLaVA-Med-GEMeX). It can be

found that:
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* Most available LVLMs exhibit suboptimal performance when tested on GEMeX.
The only exception is GPT-40-mini, which achieves an average AR-score above
80 across all tasks. When considering specific question types, LLaVA-Med (both
versions 1 and 1.5) stands out for its strong performance on open-ended questions,
scoring above 90 on the AR-score. However, all models show poor results on the

other three categories of tasks.

* When faced with choice-based questions, most models, particularly those
in the medical domain, struggle to provide definitive answers, despite their
ability to analyze each option. This difficulty accounts for why many models
have an associated AR-score but lack an A-score, highlighting the importance of

introducing these types of questions.

* Powerful LVLMs, such as GPT-40-mini, often rely on shortcut reasoning
rather than real multimodal reasoning. Although these models can sometimes
answer questions to a certain extent (as indicated by the AR-scores), they often fail
to accurately achieve visual grounding. This suggests that these models tend to
address Med-VQA tasks using shortcut knowledge, such as retrieving information
from their pre-training memory, instead of engaging in real multimodal reason-
ing [219]. However, real multimodal reasoning is essential for the explainability

of Med-VQA systems.

* Through simple question-type-aware instruction tuning, the proposed baseline
model achieves a significant performance improvement, with an approximate
13.5% increase in average AR-score compared to LLaVA-Med-v1. Notably, it sur-

passes GPT-40-mini on most metrics, demonstrating the reliability of the training
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Open-ended Closed-ended Single-choice Multi-choice

Models BERTScore ROUGE-L BLEU-1 | BERTScore ROUGE-L BLEU-1 | BERTScore ROUGE-L BLEU-1 | BERTScore ROUGE-L BLEU-1
GPT-40-mini [17] 30.43 22.67 18.25 40.02 25.63 19.10 4834 39.17 30.82 46.58 39.20 28.65
LLaVA-v1 [85] 20.09 15.22 11.57 22.42 13.10 8.01 20.25 14.97 10.61 19.69 17.35 1115
LLaVA-v1.5[213] 21.49 16.11 12.20 32.59 15.37 6.69 17.42 17.53 1.49 23.74 21.20 8.95
Mini-GPT4-v1 [84] 15.03 14.66 11.46 13.83 9.65 6.31 6.50 6.79 4.60 5.31 579 3.22
mPLUG-OwI [212] 22.52 17.03 13.22 32.23 20.20 13.92 39.64 33.69 30.32 26.09 24.97 16.68
DeepSeek-VL [209] 24.06 18.62 15.94 26.12 23.27 13.83 26.16 30.46 18.79 22.10 27.32 20.74
Qwen-VL-Chat [214] 23.31 18.48 14.63 33.18 2243 17.19 25.47 22.25 6.95 22.03 22.88 12.26
LLaVA-Med-v1 [80] 25.14 19.63 15.93 38.04 29.08 19.74 34.89 30.10 25.84 28.63 26.51 20.99
LLaVA-Med-v1.5 [80] 26.42 21.38 17.28 44.48 36.73 26.35 36.62 30.32 25.44 28.11 24.49 16.53
MiniGPT-Med [79] 23.47 19.20 16.03 34.31 29.47 19.13 30.11 28.51 22.13 26.51 24.42 15.98
XrayGPT [77] 22.57 18.30 15.73 21.35 14.55 10.17 16.31 12.17 9.23 12.15 10.30 6.22
RadFM [78] 24.96 20.71 17.73 37.43 27.95 20.56 32.30 27.02 24.39 25.81 20.02 13.80
LLaVA-Med-GEMeX 42.69 32.75 25.28 54.44 38.39 33.99 56.35 53.23 47.31 54.95 50.85 43.99

Table 7.7: Performance of representative LVLMs evaluated using various natural lan-
guage generation metrics for AR-score, including BERTScore, ROUGE-L, and BLEU-1.

The best results are bolded, and the second-best are underlined in each column.

set. However, a substantial gap remains for practical application, highlighting the

challenges associated with GEMeX.

Limitation. Note that the proposed baseline model is inherently task-specific, which
may result in reduced accuracy on other tasks or a diminished capacity for conversational
engagement. The true potential of our GEMeX lies in its integration into multi-task
training frameworks, such as the second training stage of LLaVA-Med. The baseline
model primarily serves to demonstrate the dataset’s effectiveness while also providing a

robust benchmark.



132 CHAPTER 7. INTRODUCING MULTIMODAL EXPLAINABILITY

7.4.3.2 More Metrics

As we mentioned in Section 7.4.2, we also calculate NLG metrics to measure AR-score.
Detailed results are presented in Table 7.7. Overall, the NLG metrics generally share the
same trend as GPTScore (AR-score in Table 7.6), but there are some minor differences.
(1) Models with high NLG scores do not always correlate with good performance, as
seen with mPLUG-Owl compared to LLaVA-v1.5. Essentially, LLaVA-1.5 demonstrates
higher performance, such as achieving an answer accuracy rate (A-score) in single-choice
tasks that is 15% higher than that of mPLUG-Owl. However, since LLaVA-v1.5’s output
mostly consists of the answer without reason, the shorter output results in a lower NLG
score, with its BLEU-1 approximately 28.8% lower than mPLUG-Owl; (2) NLG metrics
can better reflect the performance improvement after fine-tuning. For example, the
fine-tuned model shows only about a 3.7% average improvement over GPT-40-mini on
GPTScore but brings around a 12.1% improvement on average NLG metrics. This more
significant improvement better demonstrates the model’s learning effect on the dataset.
Overall, we believe that for models that have not participated in GEMeX training, using
GPTScore is more reasonable, as semantic understanding can be used to judge the
difference between the model’s output and the true label. For fine-tuned models, NLG
metrics are preferred because they can better reflect the model’s alignment with the

dataset.

7.4.3.3 Transferability

To further validate the effectiveness of GEMeX, we assess it from a transfer learning

perspective by treating GEMeX as a pre-training dataset, and then testing our LLaVA-
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Table 7.8: Performance of LVLMs on SLAKE-CXR.

Models Open-ended Closed-ended
AR-Score | A-Score AR-Score
LLaVA-Med-vl 73.31 56.17 62.35
LLaVA-Med-GEMeX 82.78 69.79 75.06

Med-GEMeX on other X-ray VQA datasets. Given the potential overlap in data sources,
we utilize the CXR part from the test set of SLAKE [2], which includes 505 open-ended
questions and 235 closed-ended questions. The zero-shot performance of LLaVA-Med-
GEMeX and LLaVA-Med-v1 on this dataset is reported in Table 7.8. The results reveal
that our LLaVA-Med-GEMeX still outperforms LLaVA-Med-v1 on both tasks by a large

margin, demonstrating the effective knowledge regarding X-ray learned from GEMeX.

7.4.4 Qualitative Evaluation

In Table 7.9, we show some questions with outputs from both GPT-40-mini and our
LLaVA-Med-GEMeX for qualitative comparison. In CASE I, although GPT-40-mini
can generate a very detailed answer, it provides answers without reasoning on the vi-
sual content, resulting in a significant difference from the ground truth. In contrast,
the LLaVA-Med-GEMeX offers relatively accurate visual clues and is able to provide
partially correct answers (‘“‘the compensatory mechanism”), while there is a false mention
of “possible chronic lung disease” when considering the patient’s condition. In CASE
II, although GPT-40-mini can analyze images, its limited capabilities can select only one
option and provide a vague reason. In contrast, the LLaVA-Med-GEMeX outputs the
correct options but gives an incorrect reason for one option (i.e., answer “A”). In CASE

IIT and CASE 1V, GPT-40-mini cannot both visually reason and output answers cor-
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rectly, while the fine-tuned model can give better outputs from these two aspects. From
these examples, we can conclude that some LVLMs still lack sufficient understanding of
medical images. Meanwhile, while the proposed simple fine-tuning method improves
performance, it is still far from fully accurate, leaving much room for further exploration.

More cases can be explored by using the display system we designed, as detailed in the

project page.
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Challenging examples from GEMeX:

CASE 1

(Bbox predicted by each model)

CASE I

(Bbox predicted by each model)

Question What might be the cause of the overexpansion of the right lung? ‘What regions on the X-ray indicate abnormal findings? Choices: [A: Bilateral

lung, B: Cardiac region, C: Abdomen, D: Spine]

Ground Truth <Answer>: Compensatory hyperinflation due to left lung removal. <Rea- | <Answer>: [A, B, C]. <Reason>: The bilateral lung shows pleural effusion,
son>: After a pneumonectomy, the remaining lung may overexpand to com- | the cardiac region shows enlargement, and the abdomen shows the nasogastric
pensate for the loss of the left lung. tube. The spine is normal.

GPT-40-mini <Answer>: The overexpansion of the right lung may be caused by conditions | <Answer>: [A: Bilateral lung]. <Reason>: The bilateral lung region shows

such as a right-sided pneumothorax or chronic obstructive pulmonary disease
(COPD). <Reason>: Overexpansion can occur when air enters the pleural
space (as in pneumothorax) or when there is an obstruction that prevents air
from leaving the lung, causing it to become hyperinflated. In COPD, the lung

tissue loses elasticity, leading to overinflation. <GPTScore>: 44.44

potential abnormalities such as opacities or other irregularities that may indi-

cate pathology (X). <GPTScore>: 37.50

LLaVA-Med-GEMeX

<Answer>: Possible chronic lung disease or compensatory mechanism ).
<Reason>: Overexpansion of the lung can be due to chronic lung dis-

eases or compensatory mechanisms, especially after a left lobectomy ).

<GPTScore>: 66.67

<Answer>: [A, B, C]. <Reason>: The bilateral lung shows interstitial
opacities (X), the cardiac region shows enlargement (/) , and the abdomen

shows the feeding tube location (v/). <GPTScore>: 87.50

CASE III

(Bbox predicted by each model)

CASE IV

(Bbox predicted by each model)

Question What is the overall condition of the lungs based on the CXR? Choices: [A: | Are there signs of pneumonia in this CXR?
Clear, B: Consolidated, C: Effused, D: Thickened]

Ground Truth <Answer>: A. <Reason>: The CXR indicates that the lungs are clear of | <Answer>: No. <Reason>: The CXR explicitly states that there is no
consolidation or effusion, although right pleural-based thickening at the base. | evidence of pneumonia, indicating clear lung fields.

GPT-40-mini <Answer>: B. <Reason>: The presence of increased opacity in the lung | <Answer>: Yes. <Reason>: The chest X-ray shows areas of increased opac
fields suggests consolidation, indicating that the lungs are not clear and may | ity, which may indicate the presence of fluid or consolidation (X typically
have fluid or solid material in the alveoli (X). <GPTScore>: 33.33. associated with pneumonia. <GPTScore>: 37.50

LLaVA-Med-GEMeX

<Answer>: A. <Reason>: The CXR indicates that the lungs arc otherwise

clear except for the noted pleural thickening (v/). <GPTScore>: 88.89

<Answer>: No. <Reason>: The CXR indicates no focal consolidation

which rules out pneumonia (v/). <GPTScore>: 100

Table 7.9:

Challenging questions from GEMeX answered by GPT-40-mini and our

LLaVA-Med-GEMeX, highlighting the limitations of LVLMs like GPT-40-mini

in visual reasoning, which can be enhanced by integrating knowledge from

GEMeX. Colors in outputs highlight pathological descriptions that are similar to

the ground truth, though they may be either correct (\/ ) or incorrect (X ).
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Chapter Review

In this chapter, we construct a benchmark, GEMeX, aiming to advance the field of medical
VQA with two primary advantages: multimodal explainability and diverse question
types. GEMeX not only provides more accessible medical explanations for patients and
junior doctors but also functions as an important dataset for developing next-generation
medical LVLMs with enhanced instruction-following capabilities. We demonstrate the
effectiveness and difficulty of the dataset through comprehensive testing of representative
LVLMs as well as task-specific fine-tuning, hoping GEMeX can promote medical VQA

development and Al-assisted medical care.



Chapter 8

Conclusion and Future Works

This thesis has made significant contributions to addressing critical challenges in con-
versational Al, focusing on two essential aspects: textual out-of-distribution (OOD)
detection and medical visual question answering (Med-VQA). Through comprehensive
research and novel methodologies, we have advanced both the safety and usability of

conversational systems, particularly for high-stakes applications.

Our research on OOD detection in large language models (LLMs) has made significant
advancements, including the first comprehensive evaluation of traditional OOD detection
methods across zero-shot and fine-tuning settings with LLMs [7]. The results show that
cosine distance-based detector outperforms others by effectively utilizing the isotropic
embedding space of LLMs. We also introduce a generative fine-tuning paradigm that
aligns with LLMs’ pre-training objectives, improving OOD detection capabilities while
keeping performance on in-distribution tasks. To tackle near-OOD detection, we de-
velop a novel framework leveraging LLLMs’ isotropic characteristics, generating semantic

prototypes for ID classes and using semantic matching for OOD detection and ID clas-

137



138 CHAPTER 8. CONCLUSION AND FUTURE WORKS

sification. This framework shows superior performance in few-shot learning, making it
particularly valuable for domains like medicine and finance, where data acquisition is

limited.

In the field of Med-VQA, we make significant advancements to address data scarcity, en-
hance reasoning, and improve explainability. We introduced SLAKE [2], a semantically-
labeled, knowledge-enhanced dataset with accurate visual and textual annotations, en-
abling contextual understanding of medical images and supporting complex questions
requiring both visual comprehension and medical reasoning. This dataset fills the gap
in the medical VQA field where there is a lack of suitable datasets. To mitigate overfit-
ting on small-scale datasets, we develop a pre-training framework CPRD [3] that learns
transferable features from unlabeled radiology images and distills a lightweight visual
feature extractor. Additionally, we propose a novel conditional reasoning mechanism
CR [4] with the QCR and TCR modules to improve reasoning on both closed- and open-
ended tasks. Finally, to enhance explainability, we introduced GEMeX [6], the largest
chest X-ray VQA benchmark with multi-modal explanations and over 1.6 million ques-
tions across 151,025 images, offering a comprehensive foundation for future research in

clinical VQA.

The significance of this thesis is two-fold:

* The thesis pioneers in evaluating the capabilities of LLMs for textual OOD detec-
tion, pointing out the limitations and effectiveness of existing detection methods.
Based on this, a framework is designed for efficient few-shot near-OOD detection.

These contributions ensure the safety and robustness of conversational Al.

 This thesis greatly advances the development of Med-VQA, contributing two im-
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portant datasets to fill gaps and introduce explainability and a series of methods
to enhance visual representation and multimodal reasoning capabilities. These

contributions enhance the usability and applicability of conversational Al

Future work. The following issues are left for future exploration.

1) More LLMs for textual OOD detection. As demonstrated in Chapters 3 and 4, using
LLMs for textual OOD detection proves that among existing post-hoc OOD detection
methods, cosine distance is the simplest and most effective. Additionally, a near-OOD
detection framework based on cosine distance is proposed, achieving excellent results
in few-shot settings. Despite these promising results, one worthwhile direction for
future research is to validate and generalize these findings across more types of LLMs.
The current work primarily focuses on the LLaMA series; however, other recent LLM
models, such as Qwen [216] and DeepSeek [209] series, have also shown outstanding
performance, making exploration of OOD detection on these models part of future plans.
Furthermore, the work in this thesis mainly concentrates on non-chat models. Exploring
how well current OOD detection methods perform on chat-based models, how to design
efficient prompts, and how to develop methodologies specifically for chat-based models,

also represents future work.

2) A large vision-language model for Med-VQA. Recently, the development of LVLMs
(Large Vision-Language Models) has received widespread attention. In combination
with GEMeX, a large-scale Med-VQA dataset introduced in Chapter 7 of this thesis, one
potential future direction is to design a more comprehensive LVLM. Although in Chapter
7 we fine-tune an LVLM, it is task-specific, meaning it loses its ability to engage in general

dialogue or solve other downstream tasks. Therefore, future work could involve training
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a more general LVLM by incorporating multi-modal medical image-text data with our

GEMeX and applying techniques like instruct-tuning for the medical field.

3) Exploration of more medical vision-language tasks. In this thesis, we primarily focus
on the Med-VQA task. However, current LVLMs still show insufficient performance for
other medical image-text tasks, such as image-text retrieval and report generation. There-
fore, a future direction is to explore these tasks and integrate them into a single LVLM to
enhance the usability of conversational Al. Additionally, an Al agent system [220] could
be created, where each agent is responsible for a specific image-text task, utilizing them

as engines for conversational Al to improve overall usability.
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