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M4CXR: Exploring Multitask Potentials of
Multimodal Large Language Models for Chest

X-Ray Interpretation
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Abstract—The rapid evolution of artificial intelligence, espe-
cially in large language models (LLMs), has significantly
impacted various domains, including healthcare. In chest X-ray
(CXR) analysis, previous studies have employed LLMs, but
with limitations: either underutilizing the LLMs’ capability for
multitask learning or lacking clinical accuracy. This article
presents M4CXR, a multimodal LLM designed to enhance CXR
interpretation. The model is trained on a visual instruction-
following dataset that integrates various task-specific datasets
in a conversational format. As a result, the model supports
multiple tasks such as medical report generation (MRG), visual
grounding, and visual question answering (VQA). M4CXR
achieves state-of-the-art clinical accuracy in MRG by employ-
ing a chain-of-thought (CoT) prompting strategy, in which it
identifies findings in CXR images and subsequently generates
corresponding reports. The model is adaptable to various MRG
scenarios depending on the available inputs, such as single-
image, multiimage, and multistudy contexts. In addition to MRG,
M4CXR performs visual grounding at a level comparable to
specialized models and demonstrates outstanding performance
in VQA. Both quantitative and qualitative assessments reveal
M4CXR’s versatility in MRG, visual grounding, and VQA, while
consistently maintaining clinical accuracy.

Index Terms—Chest X-ray (CXR), medical imaging, medical
report generation (MRG), multitask learning, multimodal large
language model (LLM), visual grounding, visual question answer-
ing (VQA).

I. INTRODUCTION

RECENT advancements in artificial intelligence, particu-
larly large language models (LLMs), have led to their

widespread application across various fields, including health-
care. Numerous studies are exploring diverse methods of
application for improving healthcare outcomes, such as per-
sonalized treatment plans, clinical decision support systems,
and enhancing medical education [1].

Within the medical domain, this article focuses on chest
X-ray (CXR) interpretation. Although many studies have
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investigated LLMs for CXR, most encounter one of two
issues: they either underutilize the capabilities of LLMs or
struggle with ensuring clinical accuracy. Despite LLMs’ ability
to perform various tasks through conversational interaction,
many studies focus on a single task, typically medical report
generation (MRG) [2], [3], [4]. While some studies effec-
tively leverage LLMs to comprehend questions and generate
appropriate responses [5], [6], [7], [8], the clinical accuracy
of these conversational outcomes, including generated reports,
falls short of expectations.

In this work, we propose M4CXR, an LLM for CXR
adept at handling four “Multi” aspects: Multimodal, Multitask,
Multiimage input, and Multiturn chatting. We train the model
on a dataset constructed by integrating various task-specific
datasets, enabling M4CXR to excel in MRG, image under-
standing, and visual question answering (VQA) tasks, as
depicted in Fig. 1. In MRG, M4CXR improves clinical
accuracy by leveraging LLMs’ reasoning abilities through
a chain-of-thought (CoT) [9] reasoning, where the model
identifies findings in the image and generates reports based
on these results. Additionally, we conduct experiments across
various scenarios with inputs extending beyond a single image,
including CXR images from different views and prior patient
studies. Besides MRG, M4CXR demonstrates a strong capabil-
ity for multitask learning with successful application in visual
grounding and VQA, showcasing its adaptability in diverse
clinical contexts.

In summary, our main contributions are as follows.
1) We propose M4CXR, an MLLM designed for CXR

interpretation, capable of handling multiple tasks.
To enable multitask learning, we assemble a visual
instruction-following dataset from diverse CXR tasks.

2) By adopting a novel CoT reasoning process, M4CXR
achieves state-of-the-art clinical accuracy in CXR report
generation.

3) M4CXR effectively utilizes multiple images and reports,
allowing for its applicability across different scenarios.

4) Beyond MRG, M4CXR demonstrates remarkable per-
formance in visual grounding and VQA.

II. RELATED WORKS

A. Multimodal LLMs

As research on LLMs progresses, their advantages continue
to emerge. It is widely known that LLMs are capable of
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Fig. 1. Overview of M4CXR’s capability for multitask learning. Facilitated by CoT prompting in MRG, M4CXR produces clinically accurate reports and
adapts to various scenarios. Additionally, M4CXR can ground the locations described in the report or answer questions based on CXR images.

multitask learning [10], and they can also reason through
multiturn chats using CoT prompting [9]. The rise of mul-
timodal LLMs, which utilize the long context length of LLMs
to process visual content, further amplifies these advantages.
MLLMs can handle tasks that require comprehension of spatial
regions, and visual instruction tuning [11] allows them to
answer free-form questions about images.

For MLLMs, bridging the embedding spaces of vision and
language is crucial. A common approach is to freeze the pre-
trained vision model and LLM, and train only the bridging
module [12], [13], also known as the projector. The projector’s
structure varies, from a linear layer to Q-Former [14], C-
Abstractor [15], and more. Drawing insights from these works,
we employ a two-phase training strategy: pre-training the
projector first, and then fine-tuning the entire model with
visual instruction tuning.

B. CXR Report Generation

CXR interpretation via deep learning has been extensively
studied over time [16], [17], [18], [19]. Since the advent
of LLMs, strategies such as freezing pre-trained models [5]
or visual instruction tuning [7] to train CXR report genera-
tion models have been equivalently implemented. However, a
significant drawback of these models is the lack of clinical
accuracy in the generated reports. Efforts to address these
shortcomings include adopting a separate disease classification
module [2], [20], increasing the visual encoder’s resolution [4],
or incorporating additional input such as anatomy and clinical
prompts [21] or medical context information [22]. In this work,
we take a novel yet simple approach: leveraging the reasoning
abilities of LLMs.

C. Multitask Learning in CXR Interpretation

Confining the use of LLMs solely to report generation
underutilizes their potential. MLLMs that capitalize on the
characteristics of LLMs to enable conversations based on
CXR images include XrayGPT [5], RaDialog [6], and LLM-
CXR [7]. CheXagent [8] is a CXR foundation model trained
on various tasks, similar to our approach. Yet, the clinical
accuracy of these models’ responses remains suboptimal.

Medical foundation models such as Med-Gemini [23] and
MedPaLM-M [24] support CXR interpretation with conver-
sational capabilities, showing satisfactory clinical accuracy.
However, these models are not trained on spatial cognition
tasks like visual grounding, which involves identifying regions
in an image corresponding to a phrase in the text. For
CXR, the MS-CXR benchmark dataset [25] was released for
phrase grounding, and MedRPG [26] specializes in identify-
ing bounding boxes for phrases in CXR images. The latest
concurrent work introduced MAIRA-2 [27], an MRG model
for CXR capable of grounding but limited to grounded report
generation. In contrast, M4CXR handles multiple tasks such as
MRG, VQA, and visual grounding, while maintaining clinical
accuracy.

III. METHODS

A. M4CXR

1) Architecture: Fig. 2(a) illustrates the overall architecture
of M4CXR. Following LLaVA [11], M4CXR includes a vision
encoder, a projector, and an LLM, denoted as MV , MP,
and ML, respectively. n CXR images x1, . . . , xn and a text
prompt with n image slots, inserted in appropriate positions
based on the context, are given. The prompt is mapped into
a sequence of language token embeddings Xl. The vision
encoder processes each image xi to extract its visual feature
f v
i , which is subsequently transformed by the projector into a

sequence of visual token embeddings Xv
i , ensuring dimensional

alignment with Xl
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Fig. 2. (a) Architecture of M4CXR. Utilizing the LLaVA framework, it allows visual tokens from each image to be inserted at designated positions among
the text tokens. (b) Schema for constructing a CXR visual instruction-following dataset. Diverse tasks of three types are combined with appropriate sampling
ratios.

2) Bounding Box Representation: To enable visual ground-
ing, MLLMs need to represent spatial information as text
tokens. We use bounding box coordinates enclosed in square
brackets without any additional special tokens, following the
approach in [28]. The coordinates [x1, y1, x2, y2] represent
the top-left (x1, y1) and bottom-right (x2, y2) points of the
bounding box on the image. As input images are preprocessed
to a uniform size by the vision encoder, the bounding box
coordinates are also normalized [29] to integer values between
0 and 100.

B. Multiturn CoT Prompting

We derive insights from PromptMRG [20] to enhance the
clinical accuracy of MRG. It classifies observable lesions from
a CXR image and then uses the result as input prompts to
generate reports. We follow a similar two-step process, first
identifying key observations and then generating reports. The
difference from PromptMRG is that, in our work, a single
MLLM performs both classification and report generation
sequentially, enabling end-to-end learning.

The gist is to divide the input prompt into two questions,
creating multiturn conversational data. In the first question,
we present a list of potential observations and prompt the
model to identify those visible in the CXR image. Then,
we ask the model to generate a report based on the prior
conversation. This approach resembles the reasoning process
of a human radiologist, who first identifies lesions visible in
the image and then generates a diagnostic report. It can be
seen as a variant of the commonly used CoT [9] prompting,
hence we call it CoT MRG. Fig. 3 shows the multiturn CoT
prompting process. To validate the effectiveness of CoT MRG,
we conduct a comparative experiment with classification and
MRG as separate tasks.

C. Integrating CXR Interpretation Tasks

We focus on the following features of an MLLM: the
capability for reasoning through multiturn chat, the ability to
utilize multiple images due to its long context length, and
the flexibility for multitask learning. To exploit these features,

Fig. 3. Example of multiturn CoT prompting. M4CXR first identifies findings
in the CXR image, then generates a report. Findings and corresponding
sentences are color-matched for readability.

we construct a CXR visual instruction-following dataset, as
schematized in Fig. 2(b). We define a task set across three task
types: MRG, image understanding, and VQA, and transform
the corresponding datasets into conversational data. Detailed
descriptions for all CXR interpretation tasks considered in this
work and the corresponding conversation templates are listed
in Table I and in Appendix, respectively.

1) Report Generation: Various Scenarios: A single radi-
ologic study can include multiple CXR images taken from
different views: posterior-anterior (PA), anterior-posterior
(AP), or lateral. Additionally, when the same patient undergoes
follow-up studies, information from prior studies can also be
utilized in the radiologic interpretation.

In contrast to previous studies that generate reports from
a single image [3], [4], [17], [20], we consider MRG tasks
in three different scenarios based on the available inputs. The
single-image scenario incorporates one image from a single
study. The multiimage scenario accesses multiple images from
different views within a single study. The multistudy scenario
accepts images and the corresponding report from prior studies
as inputs, along with follow-up study images. These scenarios
have different conversation templates. In this work, since we
distinguish tasks by templates, they are treated as separate
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TABLE I
TASK DESCRIPTION

tasks. Through these different scenario tasks, we expect the
model to understand and fully utilize the given information,
enabling it to generate more accurate reports when additional
inputs are available.

2) Image Understanding: Disease classification is one of
the core tasks in CXR image understanding. We use class label
data from various classification datasets. Since each dataset has
its own set of disease labels, we specify the relevant labels for
each question in the prompt. The model is prompted to identify
findings in the image from a list of diseases.

Our task set also includes fine-grained tasks requiring
detailed analysis of specific CXR regions. These tasks involve
grounding and identification of findings, phrases, organs,
and anatomical structures, as well as abnormality detec-
tion. We convert bounding box labels and clinical text
reports into instruction-following data to help the model
link CXR images with spatial information for detailed
analysis.

3) Visual Question Answering: To train M4CXR, we con-
vert all the data into an instruction-following format using
predefined templates. However, training the LLM solely on
templates presents a risk of overfitting: the model might
lose its inherent conversational abilities and respond only
in a fixed format. Therefore, we also capitalize on VQA
datasets, which are already in a conversational format, expect-
ing the model to freely respond to a diverse range of
questions.

IV. EXPERIMENTS

A. Training Datasets

We collect and integrate various datasets according to the
tasks described in Section III.

1) Report Generation: MIMIC-CXR [31] encompasses
a diverse collection of CXR images along with detailed
radiology reports. These reports are extensively annotated,
facilitating advanced medical image analysis. For MRG tasks,
our focus is on generating the FINDINGS section, which offers
an in-depth description of significant observations identified in
the CXR images.

We employ CheXbert [32] to extract observation labels
from the FINDINGS section. CheXbert outputs four-class
(positive, negative, uncertain, blank) classification results for
14 predefined observation labels. For binary classification, all
non-positive classes are treated as negative. Its label set of
observations is provided as the candidate findings in the first
question of CoT prompting.

For the three different MRG scenario tasks, image-report
pairs are organized as follows. For single image, every image
is used as a data instance. In multiimage, images from different
views that share the same study ID are gathered to compose
study-level data. Multistudy combines two consecutive studies
of a patient, with the studies arranged in chronological order.

2) Image Understanding: BRAX [33] and CheXpert [30]
datasets are used for disease classification. We incorporate
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TABLE II
TRAINING HYPERPARAMETERS

datasets that contain bounding boxes along with class labels
(VinDr-CXR [34], ChestX-ray14 [35], ChestX-Det10 [36],
JSRT [37], SIIM [38], RSNA [39], COVID-19 Radiography
[40], COVID-QU-Ex [40], [41], [42], QaTa-COV19 [43]) for
various fine-grained image understanding tasks in addition to
disease classification. MS-CXR [25] includes image–sentence
pairs of bounding boxes and corresponding phrases for images
and reports from MIMIC-CXR. ImaGenome [44], which is
also derived from MIMIC-CXR, annotates text in the report
with bounding boxes aligned with 29 anatomical regions.

3) Visual Question Answering: MIMIC-CXR-VQA [45]
and MIMIC-Diff-VQA [46] datasets are designed to address a
wide range of questions based on MIMIC-CXR images. These
datasets encompass diverse and comprehensive question-
answer pairs, enabling models to effectively handle various
CXR-related queries. RaDialog [6] is a visual instruction-
following dataset designed to facilitate tasks that require
structured dialogs. It guides models in understanding and
responding to instructions based on CXR images.

B. Test Datasets

The test set used for evaluating all MRG tasks is from
MIMIC-CXR. The official test split includes 2461 images in
the frontal (PA, AP) view and 1397 in other views, totaling
3858 images. Each study corresponding to the 2461 frontal
images is considered a separate data instance in multiimage
and multistudy, with the prior study included for the latter
if available. As a result, the test set size for multiimage and
multistudy is 2461, while single-image considers two test set
sizes: 2461 and 3858.

For phrase grounding evaluation, the test set of MS-CXR is
used. Each query phrase in MS-CXR corresponds to a single
bounding box. To ensure a rigorous evaluation of the task, we
exclude all MS-CXR images from the training set of other
datasets across all tasks. Following the data split in [26], the
test set has 167 images.

We employ the test set of MIMIC-CXR-VQA for evaluating
medical VQA. Of the 13793 total samples, we exclude 2484
samples that lack answers, resulting in 11309 samples for
assessment. Additionally, we incorporate SLAKE [47], which
is not included in the training data. From its test set of 2094
samples, we use only CXR images with close-ended questions
in English, retaining 114 samples.

C. Evaluation Metrics

1) Report Generation: The generated reports are assessed
using natural language generation (NLG) and clinical metrics.
We use the traditional BLEU [48] and ROUGE-L [49] for
NLG metrics.

Regarding clinical accuracy, we calculate F1-scores from
CheXbert classification results. While example-based F1 (eF1)
calculates and averages F1 for each example [50], macro-
averaged F1 (MF1) computes F1 per class and averages
across classes, and micro-averaged F1 (mF1) aggregates all
class contributions before calculating F1. F1-14 indicates the
F1-score calculated over all 14 CheXbert labels, while F1-5
is computed for only 5 of those labels (cardiomegaly, edema,
consolidation, atelectasis, pleural effusion).

RadGraph-F1 [51] is another clinical accuracy metric. Rad-
Graph [52] extracts a graph composed of clinical entities and
relations from a radiology report. RadGraph-F1 is the average
of F1-scores for the graph’s entities and relations.

2) Medical Phrase Grounding: To evaluate the perfor-
mance of phrase grounding, we calculate the intersection over
union (IoU) between the ground-truth and predicted bounding
boxes. We use the mean IoU (mIoU) averaged over all data
as the evaluation metric. Additionally, accuracy is determined
by considering predicted boxes with an IoU of 0.5 or higher
as correct predictions.

3) Visual Question Answering: Accuracy, recall, and
BLEU-1 are used to assess the VQA performance. Exact
matches between predictions and ground truth are counted
to calculate the accuracy. To consider partial matches for
open-ended responses, recall is calculated by measuring the
proportion of ground-truth words present in the generated
sequences. For MIMIC-CXR-VQA, which includes open-
ended questions, BLEU-1 scores are also calculated for each
test sample and then averaged.

D. Implementation Details

We use a randomly initialized C-Abstractor as the projector
to efficiently handle multiple radiology images and reduce
image tokens. The LLM and vision encoder are pre-trained
models: Mistral-7B-Instruct-v0.2 [53] and Rad-DINO [54],
respectively. The training involves two stages. First, we pre-
train the projector while keeping the LLM and vision encoder
frozen, using only CXR images and reports without instruction
prompts. Subsequently, the vision encoder, projector, and LLM
are trained together for visual instruction tuning. We apply
LoRA [55] for LLM training to reduce computational cost.
Each instruction-following data input includes images and
instruction texts, and the model is trained to predict the
corresponding responses using cross-entropy loss.
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TABLE III
SINGLE-IMAGE MRG PERFORMANCE ON THE MIMIC-CXR TEST SET. THE BEST PERFORMANCES ARE HIGHLIGHTED IN BOLD. THE NUMBERS FOR

CHEXAGENT* WERE OBTAINED FROM [4]. MODELS WITH † REPORT CLASSIFICATION F1-SCORES USING A
DIFFERENT LABELER, CHEXPERT [30]

The detailed hyperparameters for training are summarized
in Table II. C-Abstractor is configured with a depth of 3, an
MLP depth of 2, and a hidden size of 1024, to be employed
as the projector. The number of visual tokens is set to 361,
corresponding to a 19×19 grid. Accordingly, the output of the
vision encoder, which is a sequence of 1369 (37× 37) tokens
processed by Rad-DINO, is compressed to a length of 361.
This reduction in the number of tokens, by approximately one-
fourth, enables the LLM to handle a greater number of images
more efficiently. In the training of the LLM, we configure the
LoRA hyperparameters as follows: rank is set to 8, alpha to 32,
and dropout to 0.05. Training our 7.37 billion parameter model
on two H100 GPUs using bfloat16 with automatic mixed
precision and flash-attention v2 [56] takes approximately 24 h
for the first stage and 80 h for the second stage. For evaluation,
sentences are generated with greedy search decoding, except
for the qualitative evaluation of VQA: to generate more natural
responses, multinomial sampling is applied. The average infer-
ence speed is approximately 1.24 s/image for single-image
CoT MRG. The source code is available at: https://github.com/

deepnoid-ai/M4CXR-TNNLS.

V. RESULTS

A. Medical Report Generation

1) Single Image: To evaluate single-image MRG perfor-
mance, we compared our model with state-of-the-art MRG
models, including LLM-CXR, RaDialog, METransformer
[57], DCL [58], PromptMRG, LM-RRG [2], CheXagent,
MAIRA-1 [3], Med-PaLM M, and LLaVA-Rad [4]. The results
are summarized in Table III. For direct comparison with other
models, we evaluated M4CXR using two distinct test sets: one
with 2461 frontal images and another with 3858 images of
all views. Including lateral views decreased clinical accuracy,
suggesting the complexity of recognizing observations from
lateral images.

Among the models evaluated on only frontal images,
M4CXR attained the highest CheXbert clinical accuracy, with

mF1-14 and MF1-14 scores of 60.6 and 40.0, respectively. In
the evaluation that included all views, our model outperformed
PromptMRG with an eF1-14 of 50.2. Although Med-PaLM
M used a different all-view test set, which limits direct
comparison, our model showed a significant advantage in mF1,
with similar or slightly lower MF1s.

However, M4CXR did not achieve the best scores in both
RadGraph-F1 and NLG metrics. To improve clinical accuracy,
CoT prompting provides candidate findings in the first ques-
tion before generating reports. This approach may have led the
model to use terms from the findings list rather than words that
exactly match those in the ground-truth report, which could
be a contributing factor to the observed lower NLG scores.
RadGraph-F1, calculated by extracting entities and relations
from the report, was likely reduced due to this mismatch.

2) Various Scenarios: Table IV shows the evaluation results
across various input scenarios. Multiimage improved clinical
accuracy compared to single-image, with CheXbert mF1-14
and MF1-14 scores of 61.1 and 41.0, respectively. Providing
the prior study as additional input improved MF1, though mF1
slightly decreased. These results demonstrate that our model
can effectively utilize available inputs to generate medical
reports in various scenarios.

Although test conditions differ, we compared our model’s
performance with two baseline models. Tu et al. [24] reported
the zero-shot generalization results of Med-PaLM M in a two-
view setting. Since it was trained only on single image, its
effectiveness diminished, unlike M4CXR leveraging additional
images for enhanced outcomes. MAIRA-2 accepts a prior
study and multiple images as input, akin to our multistudy
scenario. Its performance matches ours closely: MAIRA-2
achieved a higher MF1-14 of 42.7, whereas M4CXR surpassed
it with an mF1-14 of 60.7.

B. Medical Phrase Grounding

Table V compares the medical phrase grounding results
of TransVG [59], MedRPG, MAIRA-2, and M4CXR, on
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TABLE IV

EVALUATION RESULTS OF MRG PERFORMANCE IN VARIOUS SCENARIOS

TABLE V

REFERRING EXPRESSION GROUNDING RESULTS. NOTE THAT MAIRA-2
7B WAS EVALUATED ON A DIFFERENT TEST SPLIT

TABLE VI

MEDICAL VQA PERFORMANCE

the MS-CXR test set. While MedRPG achieved the highest
accuracy and mIoU, MedRPG and TransVG are specialized for
phrase grounding and cannot perform other tasks. Given this
limitation, M4CXR, which can handle multiple tasks, shows
competitive performance with an accuracy of 68.3 and mIoU
of 57.9. MAIRA-2, utilizing a private dataset for grounded
report generation, reported a similar mIoU to ours.

C. Visual Question Answering

Table VI presents the results of medical VQA evaluation.
We conducted our own evaluations on open-source medical
MLLMs: LLaVA version of RaDialog [60], RadFM [61], and
CheXagent. M4CXR outperformed the other models, except
for the recall on MIMIC-CXR-VQA. CheXagent included the
dataset in its training, likely explaining its high recall of
72.8. The lower accuracy on MIMIC-CXR-VQA, compared
to SLAKE, can be explained by the differences of the two test
sets: while the closed-ended questions in SLAKE are limited,
the questions in MIMIC-CXR-VQA have greater variety. Con-
sequently, the generated answers also exhibit greater diversity,
making it more challenging to generate an accurate response.
Moreover, the higher BLEU-1 score compared to accuracy
suggests the presence of partially correct answers.

D. Exploration of Sampling Ratios

In multitask learning, the data sampling strategy plays a
crucial role, with numerous such strategies being applicable.
We experiment with various sampling strategies, as shown in
Table VII. The tasks are grouped into three task types, and
a dataset used within a single task is referred to as a task-
dataset. The per-task-dataset (D1) strategy samples uniformly
across all task-datasets. The per-size (D2) strategy samples
proportionally based on the size of each task-dataset. After
setting equal proportions for each task type (per-task-type),
within each task type, D3 samples per-task-dataset, while D4
samples per-size.

In D1, which follows the per-task-dataset strategy, MRG
accounts for only 3 out of 50 total task-datasets. This very low
sampling ratio for MRG explains its low MRG performance. In
contrast, in the per-task-type settings of D3 and D4, one-third
of the overall tasks are allocated to MRG, leading to improved
MRG performance compared to D1. For grounding perfor-
mance, D2 and D4 showed inferior results, likely because
the training split of MS-CXR, which is the dataset used for
evaluation, was barely sampled when using the per-size setting.
As for VQA, since all datasets are large in size, per-size
sampling (D2) exhibited a high BLEU-1 score. Similar to
MRG, VQA also constitutes a small proportion of the total
task-dataset (4 out of 50), resulting in lower performance for
D1, while D3 and D4 achieved higher scores as per-task-type
allocates one-third to VQA.

We aimed to find the appropriate sampling ratios where
M4CXR remains clinically accurate, supports visual ground-
ing, and retains the conversational abilities of the LLM. To
improve MRG performance, we reduced the ratio allocated to
VQA and increased the proportion of MRG. For image under-
standing, we began with the per-size ratio and made further
adjustments to enhance grounding performance. Additionally,
to improve the instruction-following capabilities of the model,
we increased the ratio of RaDialog compared to other VQA
datasets. While this adjustment led to a decrease in quantitative
VQA performance metrics, it contributed to preserving the
LLM’s ability to understand and respond to instructions in
conversation. As a result, the empirical ratio for multitask
learning was determined to be approximately 54%, 35%, and
11% for MRG, image understanding, and VQA, respectively.

E. Ablation Study

We examined the effects of multiturn CoT prompting and
the combination of task types through comparative experi-
ments (Table VIII). Generating reports without CoT prompting
in M4CXR led to a significant drop in clinical accuracy. Exp1,
trained on single-turn MRG without the first question of CoT
prompts, yielded similar results. Exp2 involved training on
single-turn MRG and disease classification as separate tasks.
Testing Exp2 with CoT prompts improved clinical accuracy,
but NLG metrics fell significantly, with the generated text
being merely a list of identified observations. The experiments
reveal the effectiveness of multiturn CoT prompting in MRG’s
training and testing phases.
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TABLE VII

PERFORMANCE COMPARISON BETWEEN DIFFERENT DATA SAMPLING STRATEGIES

TABLE VIII

RESULTS OF ABLATION STUDIES. “IMGUND” STANDS FOR “IMAGE UNDERSTANDING.” Xs AND Xs,c INDICATE SINGLE-TURN MRG WITHOUT COT
PROMPTING AND THE TRAINING OF SINGLE-TURN MRG AND DISEASE CLASSIFICATION AS SEPARATE TASKS, RESPECTIVELY

Fig. 4. Examples of M4CXR’s performance in (a) visual grounding and (b) VQA. The images are selected from the test splits of MS-CXR and MIMIC-CXR,
respectively.

Exp3 and Exp4 excluded image understanding and VQA
tasks, respectively. In Exp3, while MRG performance was
on par and VQA performance improved due to the increased
proportion of VQA data, the absence of image understand-
ing data precluded visual grounding. In Exp4, the BLEU-1
score for VQA dropped significantly from 66.4 to 36.1,
suggesting the necessity of VQA datasets in understand-
ing and answering free-form questions. Moreover, the slight
decrease in Exp4’s clinical accuracy compared to M4CXR

implies the contribution of VQA datasets to MRG performance
improvement.

F. Qualitative Analysis

Figs. 4–6 collectively illustrate examples of dialogs between
a user and M4CXR. Additional examples are provided in the
Supplementary Material.

In Fig. 4(a), after the multiturn CoT prompting to generate
a report, the user asks a third question to locate the region of a
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Fig. 5. Examples of medical treatment recommendations. The left shows the results from M4CXR, while the right shows the results when trained without
VQA datasets.

sentence in the report. The model provides the coordinates of
a bounding box, depicted as a red dashed box. The prediction
covers all of the ground-truth, represented by the yellow solid
box, possessing sufficient explanatory power to indicate what
the corresponding sentence represents.

Fig. 4(b) illustrates M4CXR’s ability to write a clear and
concise summary from the generated report. On the left, the

ground-truth report is provided for comparison. For enhanced
visual clarity, findings and corresponding sentences are color-
matched. M4CXR accurately identifies all the observations in
the first question and subsequently generates a comprehensive
report without omitting any detail. In response to the third
question, which asks for a one-sentence summary, the model
offers a concise statement that includes every noted finding.
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Fig. 6. Examples of MRG across various scenarios. For the same study, the top left shows the result for single-image, the top right for multiimage, and the
bottom for multistudy report generation. The results are selected from the MIMIC-CXR test set.
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TABLE IX
CONVERSATION TEMPLATE FOR EACH TASK. PHRASES INSIDE BRACKETS {} ARE REPLACED WITH APPROPRIATE TEXT BASED ON DATA INSTANCES,

WITH RED-COLORED TEXT INDICATING TARGET OUTPUTS. < IMAGE > INDICATES THE POSITIONS WHERE VISUAL TOKENS ARE INSERTED

A notable flaw is that expressions such as “increasing” and
“worsening,” which would be meaningful only in a multistudy
scenario, were generated despite the single-image context.
While it is understandable that this hallucination is due to
the ground-truth reports containing such expressions during
training, it is evident that there is room for improvement.

To emphasize the impact of incorporating VQA datasets,
Fig. 5 illustrates the differences in VQA performance between
M4CXR and the Exp4 model in Section V-E, using images
selected from the MIMIC-CXR test set. When recommen-

dations for diagnosis and treatment are requested, M4CXR
suggests continued observation and follow-up imaging studies
based on the findings, and also recommends treatments such
as pleural drainage or placement of the chest tube if the
condition worsens. In contrast, the Exp4 model provides a
simpler response, suggesting a CT evaluation and the need
for monitoring. This comparison between the two models
demonstrates that VQA datasets play an important role in
maintaining the LLM’s ability to provide specific and helpful
responses.
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TABLE X
NUMBER OF TRAINING INSTANCES AND SAMPLING RATIOS FOR EACH DATASET USED ACROSS TASKS

In Fig. 5, the medical report generated by M4CXR con-
tains comparative contents such as “In comparison with
study” and “decreased,” even though it was generated in
a single-image scenario. Similar issues can be observed in
other examples, where the model often refers to compar-
isons or mentions images that are not provided. During the
training of single-image MRG, the use of certain ground-
truth reports, those written specifically in a multistudy
context, is likely to have induced these hallucinations. To
address this issue, ground-truth reports tailored to each MRG

scenario are needed, which could be explored in future
work.

Fig. 6 presents the results of report generation for the same
study across various scenarios, highlighting how clinical accu-
racy improves as more information becomes available. The
ground-truth targets, including atelectasis, pleural effusion, and
support devices, are each marked in different colors. In single
image, one lateral image is used; in multiimage, both AP and
lateral images are used; and in multistudy, three prior images
and the corresponding report are included.
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In single image, only the support devices are correctly
identified, suggesting that a single lateral image may not
provide sufficient information for accurate CXR interpretation.
In multiimage, the addition of a frontal image enables the
correct identification of atelectasis. In multistudy, all three
targets are successfully identified, possibly due to the prior
report already containing these three findings. This demon-
strates that M4CXR is capable of understanding and utilizing
the information provided in various MRG scenarios.

VI. CONCLUSION

In this study, we introduced M4CXR, a multimodal LLM
aimed at enhancing CXR interpretation by leveraging the
versatile advantages of LLMs. Trained on a CXR visual
instruction-following dataset constructed by appropriately
combining various datasets, M4CXR is capable of perform-
ing multiple tasks. Exploiting its reasoning capability, we
proposed a novel CoT prompting strategy that significantly
improved the clinical accuracy of report generation. By
identifying observations from X-ray images and generat-
ing descriptions through multiturn conversations, M4CXR
achieved notable improvements in CheXbert F1-scores com-
pared to existing models. The model’s ability to handle
multiple images and incorporate prior studies demonstrated
its adaptability in diverse clinical scenarios. Beyond report
generation, M4CXR also proved to be highly effective in visual
grounding and VQA. M4CXR competed well with models
specialized for visual grounding, while also exhibiting out-
standing performance in VQA. Qualitative analysis highlights
M4CXR’s flexibility in answering free-form questions.

Although M4CXR demonstrated strong performance in
CheXbert metrics, it also exhibited clear limitations, such as
low RadGraph F1-scores and the occurrence of hallucinations.
Some potential improvements include incorporating the con-
cept of knowledge graphs to improve RadGraph results or
using LLMs for data preprocessing to eliminate hallucinations.
With future work to address these limitations, we anticipate
that further advancements in M4CXR will contribute to the
development of a highly capable radiology assistant.

APPENDIX A
DATASET PREPROCESSING

We follow the official split for every dataset. The addi-
tional preprocessing steps, taken for each dataset as required,
are described in detail. For MIMIC-CXR, we extract the
FINDINGS section using the official preprocessing code.1

Then, we use the text preprocessing code from [62] with
slight modification to remove special characters, numbering,
and extra spaces. We exclude reports that lack a FINDINGS
section or have a length of less than five characters. For
multiimage, we consider only studies with at most five images.
For multistudy, we include only cases where the combined
number of images in the prior and follow-up studies is at most
10. Out of 2461 follow-up studies in the test set, only 2333
studies have a prior study, and the remaining 128 studies have
no preceding study.

1https://github.com/MIT-LCP/mimic-cxr/tree/master/txt

Especially, image understanding datasets that involve mask
labels require extra procedures. Due to the presence of many
similar bounding box labels in VinDR-CXR, overlapping
boxes in an image are merged into the smallest possible
bounding box if they overlap by more than 50%. Since the
labels of JSRT are circular, they are converted to the smallest
possible bounding box labels. The mask labels of ChestX-
Det10, SIIM, COVID-19 Radiography, COVID-QU-EX, and
QaTa-COV19 are converted to bounding boxes that minimally
enclose each mask. For COVID-19 Radiography, images with
more than three mask regions are excluded, and data in
QaTa-COV19 that overlaps with COVID-QU-EX are removed.
We utilize the code from [17] to preprocess ImaGenome,
obtaining report text, bounding boxes, and anatomical names
for 29 anatomical regions. Additionally, among the disease
labels of RSNA dataset, only “lung opacity’ and “normal” are
used, and according to [63], “lung opacity” is referred to as
“pneumonia.”

For RaDialog, we use only the images from MIMIC-CXR.
Among the tasks introduced in [6], we exclude RG (report
generation). We utilize version 1.1.0 [60] of the dataset.

APPENDIX B
DETAILS ON CXR INTERPRETATION TASKS

Table IX provides the conversation templates for each task.
Although not shown in the table, a system prompt, which
specifies that the AI medical assistant should give helpful and
detailed answers, is inserted before the first question in each
template. Table X lists the datasets used for each task, along
with the number of training instances and the sampling ratios
applied during training.
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