
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2025

COVT-CXR: BUILDING CHAIN OF VISUAL THOUGHT
FOR INTERPRETABLE CHEST X-RAY DIAGNOSIS

Anonymous authors
Paper under double-blind review

ABSTRACT

Though clinical report generation demonstrates the potential to improve the effi-
ciency of radiologist workflow and benefits the under-served regions, automated
analysis of radiographs suffers from un-interpretable progress and inaccurate re-
sults. To this end, we propose a novel Chain-of-Visual-Thought (CoVT) to emulate
doctors’ multi-modal reasoning, enabling more interpretable and accurate CXR
diagnostic predictions with explicit multi-step intermediate guidance. Specifically,
we mimic the multi-modal multi-step reasoning procedure of the doctors by break-
ing down clinical reports into individual descriptions and connecting each rationale
to corresponding visual prompts—like masks, landmarks, linestrips, and bounding
boxes—to illuminate the visual reasoning behind radiographs. By further dividing
this association into cross-modal sub-tasks, CoVT is able to exploit a multi-stage
fine-tuning protocol to gradually develop the chain-of-reasoning capability. To sup-
port this approach, we introduce CoVT-CXR, the first detailed-aligned, multi-step
cross-modal dataset for diagnostic tasks, featuring about 3M instruction-following
data points for pretraining and around 30K reasoning sequences for fine-tuning,
sourced from 6K patient cases and annotated by 32 medical trainees using our
tailored tool. Our CoVT-CXR covers more than 20 diseases, requiring 1 to 12
reasoning steps for diagnoses. Through a series of experiments on our CoVT-CXR,
we demonstrate the advantages of the CoVT method over baseline approaches,
validate the quality of our annotated data, and highlight the positive impacts of
CoVT-CXR on various clinical-related tasks. Our CoVT model, annotation tool,
and CoVT-CXR dataset will be fully available upon acceptance.

1 INTRODUCTION

Benefiting from the advanced comprehension capabilities of large language models (LLMs), Visual
Language Models (VLMs) demonstrated significant achievements in common multimodal scenarios,
such as automatic medical diagnostics, report generation, instruction-following, and image inter-
pretation (Li et al., 2023e). Though showcasing impressive performances in general tasks, the vast
majority of existing models, including GPT-4V, struggle with specialized medical imaging (Yang
et al., 2023b; Wu et al., 2023). In particular, they often fail to find subtle pathologies, focusing instead
on only inherent structures or prominent lesions.

Despite the initiative’s attempts to replicate the success of GPT within the biomedical field by lever-
aging abundant datasets and large models (Li et al., 2023a; Singhal et al., 2023), these explorations
neither yield the expected emergent intelligence nor provide explainable reasoning pathway in so-
phisticated medical scenarios, leaving a significant gap in diagnostic accuracy compared to human
physicians. This observation is further explained by literature (Sucholutsky & Griffiths, 2023; Miller,
2019; Lake & Baroni, 2023) where they claim that the conventional end-to-end learning strategies
demand massive data volumes and extensive training hours, leading to less efficient learning process
compared to humans. Though incorporating intermediate human knowledge proves to be an effective
solution (Guo & Bürger, 2022; Dhuliawala et al., 2023; Hong et al., 2023), research in medical
scenarios is constrained not only by the inherently complex, multi-step, and cross-modal nature of
medical reasoning but also by the scarcity of suitable datasets.

To this end, we introduce the very first multi-step cross-modal method for explainable clinical report
generation, or Chain of Visual Thought (CoVT). Unlike existing methods that rely on pre-defined

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICLR 2025

Rationale of Thought Example

Q: What findings 
relate to the heart?

A: the heart is 
within normal.

Plain Reasoning Grounding-Guidance Reasoning

Chain-of-Visual-Thought Reasoning

The heart 
area  

detected.

Heart width 
measured at 
760 pixels.

Lung width is 1148 pixels. 
CTR is 760/1148 = 0.662. 

A CTR > 50% on a PA film 
indicates cardiomegaly, 

meaning the patient has an 
enlarged heart.

<findings>Mild 
enlargement of the 

cardiac silhouette is 
presentt</findings>

Both lungs 
detected. To 

measure 
cardiothoracic 

ratio, lung 
width is needed.

A: the cardiac 
silhouette is top-
normal in size.

Figure 1: The chain of visual thought extends beyond plain reasoning to explore its visual dependen-
cies, providing detailed grounding and guidance to form an intermediate diagnostic process.

reasoning steps (Pellegrini et al., 2023; Kougia et al., 2019) or single-step reasoning (Gu et al.,
2024; Tanida et al., 2023), our CoVT enables more flexible and complex reasoning, resulting in
improved performance and greater interpretability. To accomplish this, we break down the clinical
report generation into multiple rationale description processes, where each description can be derived
through several cross-modal reasoning steps. Taking the heart diagnosis in Fig.1 as an example, a strict
process should follow: identify heart structures, examine the heart-lung relationship, and measure the
cardiothoracic ratio, our CoVT is able to execute this protocol step-by-step with interleaved detailed
visual examination, which is presented in the form of masks, landmarks, linestrips, and bounding
boxes, and textual self-guided instructions to create an interpretable and traceable diagnosis. By
further abstracting the cross-modal reasoning process into sub-tasks and implementing a multi-stage
fine-tuning protocol, CoVT leverages the easy-to-hard spirit of curriculum learning (Hong et al.,
2022; Azad et al., 2023) to progressively develop chain-of-reasoning capabilities.

To address the gap in detailed multi-step cross-modal dataset, we further introduce the first and
foremost fine-grained and well-aligned cross-modal dataset based on MIMIC-CXR (Johnson et al.,
2019), or Chain of Visual Thought for Chest X-Ray (CoVT-CXR). Different from existing work
that aims at simply increasing the sizes of datasets, our CoVT-CXR not only greatly enhances the
interpretability of medical diagnostic tasks, which has been neglected in literature for a long time, but
also enables novel designs in clinical-related tasks. In summary, our CoVT-CXR consists of �30k
chain sequences from 6k CXR diagnostic cases, each of which is associated with various number
of reasoning steps annotated by medical trainees. To simplify the annotation process and improve
its efficiency, we introduce a tailored annotation tool, which not only allows fine-grained alignment
across multiple modalities, but also enhances annotation efficiency by supporting semi-automated
interactive curation in a human-in-the-loop manner. Please note that our CoVT-CXR is generic as all
anatomical structures and major pulmonary pathologies are included.

To validate our hypothesis that CoVT yields more accurate and interpretable predictions, and that
the CoVT-CXR dataset facilitates innovative yet interpretable designs for various medical tasks,
we conduct comprehensive experiments on CoVT with the help of CoVT-CXR. By comparing
prediction accuracy against several baselines, we demonstrate the overall effectiveness and the
step-wise reasoning of CoVT. Additionally, we perform comprehensive ablation studies on CoVT,
showcasing the necessity of the multi-step design and the effectiveness of our sub-tasks.

In all, our contributions can be summarized as follows:

• CoVT-CXR dataset. To the best of our knowledge, CoVT-CXR is the very first interpretable
dataset for various CXR diagnostic tasks, thanks to its notable features where the well-
aligned cross-modal reasoning process is annotated explicitly.

• CoVT method. We propose a novel CoVT method that allows more interpretable yet accurate
CXR diagnostic predictions, demonstrating strong ability in various clinical-related tasks.

• Open access. Our dataset, code as well as the tool will be fully public upon acceptance.
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Figure 2: An example annotation for oneR. We highlight only the annotations for oneS in red.

2 DATASET CURATION

Motivation. As described in previous sections, the ultimate goal of our dataset CoVT-CXR is to
shed light on intermediate reasoning steps from well-trained doctors, thereby encouraging research
into designing interpretable yet accurate methods for diagnostic tasks. In this paper, we formulate
this reasoning procedure into a multi-step, cross-modal pipeline that not only mimics the underlying
reasoning path of doctors but also explicitly bridges the gap between the input CXR image and the
generated report. Assuming doctors are provided with a CXR image, they will �rst take a glance
at the radiography and roughly separate various lobes along with their semantics. Initial reasoning
based on the segmented results is conducted. This initial reasoning is further utilized to identify
Regions of Interests (RoIs) and guide more detailed measurements on top of them, together with the
chief complaint of this patient when available. The reasoning for individual RoIs that belong to the
same lesion or structure is grouped together, resulting in a single interpreted sentence for each. When
multiple lesions or structures are present, this process culminates in a comprehensive report for this
CXR. Motivated by this, we request the annotators to follow the widely adopted 'ABCDE' approach1

(A-Airway; B-Breathing; C-Cardiac; D-Diaphragm; E-Everything else) to ensure a comprehensive
interpretation. And clinical logic �ow is roughly based on the formal diagnostic guidelines outlined
at radiology masterclass2. All medical trainees present their reasoning steps sequentially in the form
of textual, visual, and cross-modal annotations. In the following paragraphs of this section, we will
elaborate on the metadata collection and our annotation tool.

Metadata Collection. During the annotation process, the annotators are provided with a CXR image
I as well as its original comprehensive reportR from an existing dataset. They are asked to �rst
decomposeR into report segmentsS 2 R , then �gure out the corresponding set of visual points
v 2 P and its semanticsc 2 C described by thisS. Finally, an intermediate text descriptiont is also
requested to explicitly represent the underlying prior knowledge for eachv andc. Speci�cally, P
denotes thex; y co-ordinate space andC = f 1; : : : ; 112g, re�ecting pre-de�ned 112 semantic classes.

Mathematically, we have metadata de�ned asT = hI; S; v; t; c i . Please note that inR, natural
decomposition according to punctuation can often be confusing. For example, two sentences might
describe the same structure, or a single sentence might refer to multiple lesions. To address these
entangled interpretations, we propose decomposing or merging every diagnostic sentence. Speci�cally,
any report sentence that corresponds to more than one lesion or structure will be split, while sentences
referring to the same lesion or structure should be merged. This instruction guides the creation of
ourS. Subsequently, annotators will present their own diagnostic reasoning to explicitly detail the

1https://geekymedics.com/chest-x-ray-interpretation-a-methodical-approach/
2https://www.radiologymasterclass.co.uk
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Dataset Subjects Cn Det. Seg. VQA Gen. Rat.3

JSRT (Shiraishi et al., 2000) BBox 2 3 7 7 7 7

MC (Jaeger et al., 2014) Polygon 2 3 7 7 7 7

SH (Jaeger et al., 2014) BBox 2 3 7 7 7 7

ChestX-ray8 (Wang et al., 2017) BBox, Description 8 3 3 7 7 7

ChestX-ray14 (Wang et al., 2017) BBox, Description 14 3 3 7 7 7

IU X-Ray (Kougia et al., 2019) Description - 3 7 7 3 7

CheXpert (Irvin et al., 2019) Description 14 3 7 7 3 7

MIMIC-CXR (Johnson et al., 2019) Description - 3 3 7 3 7

PadChest (Bustos et al., 2019) BBox, Polygon, Description174 3 3 7 3 7

VinDr-CXR (Nguyen et al., 2022) BBox, Polygon, Description 28 3 3 7 7 7

MS-CXR (Boecking et al., 2022) BBox, Description 8 3 7 7 7 7

CTR-CPAR (Duvieusart et al., 2022) BBox, Polygon, Table 2 3 3 7 7 7

Medical-CXR-VQA (Hu et al., 2024b) Description 35 3 7 3 7 7

LLM-CXR (Lee et al., 2024) BBox, Description - 3 3 3 3 7

CoVT-CXR BBox, Polygon, Landmark
112 3 3 3 3 3

(Ours) Linestrip, Description

Table 1: Comparison of our CoVT-CXR with mainstream
datasets.Cn , Det., Seg., VQA, Gen., and Rat. represent
the number of classes in each dataset, and whether they
involve detection, segmentation, visual question answering,
generation, and rationale, respectively..

Figure 3: The visual cue class4 dis-
tribution of all identi�ed lesions and
anatomical structures during diagnos-
ing, which can be represented through
masks, linestrips, or landmarks.

intermediate steps for eachS, ensuring that the content is not interwoven. This process will produce
well-alignedv, c, andt for each speci�ed intermediate step. Thanks to our design, the entire dataset
features �ne-grained multi-modal alignment and a multi-step structure. We provide an example in
Fig. 2 and highlight our annotations in red. As shown in this �gure, given the original reportR , the
annotator �rst decomposes it into multiple sentencesS. For each individualS, several metadata are
further annotated, with the number ofT corresponding to the required intermediate steps for that
S. Speci�cally, we have 4 and 6T under the highlightedS and for the entireR, respectively. The
forms ofv, c, andt may vary at each intermediate step. For example,c could be4_1=4_2 and7_1_5
in steps 1 and 3, meaningboth lungsand5th right rib semantic classes. whilet is Both lungs are
detectedin step 1. Please note thatv are in the form of masks for allT , but they can take different
forms in practice. We refer the readers to the Appendix for more annotation examples.

As a result, we ask 32 medical trainees and construct a very comprehensive CXR dataset including
6k cases, 10k radiographs, and 70k metadata descriptions from 30k reported interpretations. Fig.3
provides an overview of our collected dataset. We refer the readers to our Appendix for more dataset
statistics.

Annotation tool. As shown inT , our annotations offer a comprehensive view of the entire dataset.
However, this process is extremely time-consuming for annotators. Consequently, no mainstream
applications (Wada; CVAT.ai Corporation, 2023; AIPair, 2023) are capable of building such complex
multi-modal datasets. To this end, we have modi�ed an enhanced version of the open-source
Labelme (Wada) into a customized annotation platform, Labelme-CoVT, tailored to match the
schema set forth by CoVT-CXR. This tool allows annotators to select different perspective images,
decompose report sentencesR as needed, and provide metadataT , including the corresponding
categoryc, maskv, and descriptiont, for each step. Additionally, with the integration of AI models,
Labelme-CoVT boosts annotation ef�ciency by supporting semi-automated interactive curation in a
human-in-the-loop manner. More features of Labelme-CoVT can be found in the Appendix. Our
CoVT-CXR, Labelme-CoVT, and AI model integrations will be publicly available upon acceptance
to foster the broader creation of multi-modal chain reasoning data within the community.

Comparison with existing chest X-ray dataset.As shown in Tab. 1, Our CoVT-CXR is the �rst
dataset speci�cally designed to offer multi-step cross-modal annotations, an aspect that has been
neglected yet is crucial for the �eld. In contrast to existing datasets, ours features greater diversity,
incorporating a wider array of annotation types and supporting multi-class annotations. This variety
greatly enhances the interpretability and accuracy of designs for various clinical tasks.

4CoVT-CXR contains many ribs labeled to help describe relevant lesions, even though MIMIC-CXR has
reported fewer rib lesion cases. Detailed discussions about ribs are provided in the Appendix.

3Rat. refers to multimodal rationale, requiring reasoning with both visual and textual content. Therefore,
datasets that include only textual chains of thought are not included.
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