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Abstract
Radiology report generation from chest X-rays is an impor-
tant task in artificial intelligence with the potential to greatly
reduce radiologists’ workload and shorten patient wait times.
Despite recent advances, existing approaches often lack suf-
ficient disease-awareness in visual representations and ade-
quate vision-language alignment to meet the specialized re-
quirements of medical image analysis. As a result, these mod-
els usually overlook critical pathological features on chest
X-rays and struggle to generate clinically accurate reports.
To address these limitations, we propose a novel dual-stage
disease-aware framework for chest X-ray report generation.
In Stage 1, our model learns Disease-Aware Semantic To-
kens (DASTs) corresponding to specific pathology categories
through cross-attention mechanisms and multi-label classi-
fication, while simultaneously aligning vision and language
representations via contrastive learning. In Stage 2, we in-
troduce a Disease-Visual Attention Fusion (DVAF) module
to integrate disease-aware representations with visual fea-
tures, along with a Dual-Modal Similarity Retrieval (DMSR)
mechanism that combines visual and disease-specific simi-
larities to retrieve relevant exemplars, providing contextual
guidance during report generation. Extensive experiments
on benchmark datasets (i.e., CheXpert Plus, IU X-ray, and
MIMIC-CXR) demonstrate that our disease-aware frame-
work achieves state-of-the-art performance in chest X-ray re-
port generation, with significant improvements in clinical ac-
curacy and linguistic quality.

Code — https://github.com/bionlplab/
2026 AAAI CXR report generation

Introduction
Generating chest X-ray reports is a critical yet highly com-
plex challenge in medical AI. The goal is to automatically
generate comprehensive diagnostic reports from chest ra-
diographs, thereby assisting radiologists by potentially re-
ducing their workload and mitigating workforce shortages.
Achieving this goal can also accelerate patient assessment
and improve workflow efficiency.

Most state-of-the-art chest X-ray report generation mod-
els follow an encoder–decoder architecture. In this frame-
work, a vision encoder processes the chest X-ray image. At

*These authors contributed equally.
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Intelligence (www.aaai.org). All rights reserved.

Right lower lung shows a localized patchy opacity. 
No pleural effusion or pneumothorax detected.

Right lower lobe consolidation with surrounding 
ground-glass changes, most compatible with 
bacterial pneumonia. No cardiomegaly or effusion 
observed.

Dense lobar opacity occupies the right lower lung 
with air bronchograms and clear lobar margins, 
pattern suggestive of infectious consolidation yet 
atypical due to absence of small effusion or nodular 
satellite lesions.
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Figure 1: Disease-Aware Semantic Tokens and retrieved ex-
amples make image-only LLM reports highly specific.

the same time, a language decoder generates the correspond-
ing report. Notably, the R2Gen model introduced a memory-
driven Transformer decoder to better capture and retain vi-
sual features during the report generation process (Chen
et al. 2020). Building on this foundation, subsequent works
have sought to incorporate domain knowledge and enhance
feature representations. For example, the DCL approach
by (Li et al. 2023) integrated a dynamic graph of medical en-
tities coupled with contrastive learning to emphasize abnor-
mal findings, thereby demonstrating the benefit of combin-
ing structured knowledge with visual encoding. Meanwhile,
the adoption of specialized pre-trained language models like
Bio-ClinicalBERT (Alsentzer et al. 2019) has enriched the
inclusion of medical context during text generation.

The rapid advancement of large language models (LLMs)
has further propelled progress in this field. For example,
R2GenGPT (Wang et al. 2023b) aligned extracted visual
features with the embedding space of a frozen LLM, ef-
fectively leveraging a pre-trained GPT-style model to gen-
erate more fluent and clinically accurate reports. Advance-
ments in vision encoding have also played a significant role.
Transformer-based encoders, such as ViT (Dosovitskiy et al.
2021), have been employed to capture global image features,
while self-supervised learning methods, such as masked au-
toencoders (MAE) (He et al. 2022), have improved image
representations by pre-training on large collections of unla-
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beled chest X-rays (Wang et al. 2025b). Moreover, multi-
modal representation learning approaches (e.g., CLIP (Rad-
ford et al. 2021), which couples images and text with natu-
ral language supervision) have inspired techniques to better
align visual and textual features. Collectively, these devel-
opments have substantially advanced the state of the art in
automatic chest X-ray report generation (Xu et al. 2025).

Despite substantial progress, several gaps remain un-
addressed. Current models often struggle to capture fine-
grained, disease-specific details that are essential in clinical
practice. Radiology reports are expected to comprehensively
describe all critical findings (e.g., precise locations and
severities of lesions). However, standard encoder–decoder
models often overlook less prominent findings and tend
to generate only high-level impressions. Many existing ap-
proaches also lack explicit mechanisms to ensure that each
clinically important disease present in the image is both rec-
ognized and appropriately described. This can lead to the
omission of key conditions or the inclusion of irrelevant ob-
servations. Moreover, most contemporary frameworks gen-
erate the report solely based on features extracted from the
input image and learned language patterns, without utilizing
information from similar prior cases that might provide valu-
able contextual cues. This limitation reduces the model’s
ability to reinforce its predictions with evidence, particularly
for rare conditions or atypical presentations.

In this paper, we propose a novel Disease-Aware Dual-
Stage Framework for chest X-ray report generation that di-
rectly addresses the issues above. The key innovation lies in
incorporating an intermediate semantic understanding stage
centered on disease-specific analysis before producing the
report. In Stage 1, our model extracts high-level Disease-
Aware Semantic Tokens (DASTs) from the image. These
DASTs consist of a set of discrete tokens that encode the
presence and characteristics of diseases or abnormal find-
ings, thereby creating an explicit semantic bridge between
visual features and medical terminology.

In Stage 2, we leverage a Disease-Visual Attention Fu-
sion (DVAF) module to generate the textual report. This
module fuses image features with disease-specific seman-
tic tokens via an attention mechanism. The DVAF module
ensures that the decoder attends to the pertinent visual re-
gions and their corresponding disease semantics when con-
structing each sentence of the report. This approach sub-
stantially improves the completeness and accuracy of dis-
ease descriptions. Additionally, our framework incorporates
a Dual-Modal Similarity Retrieval (DMSR) mechanism that
retrieves relevant previous cases by jointly considering im-
age and semantic similarity derived from reports. By ref-
erencing image-report pairs similar to the current case, the
model gains contextual guidance, helping it avoid common
errors and include clinically relevant details that appear in
analogous cases. As illustrated in Figure 1, augmenting an
image-only LLM with DASTs and retrieved examples pro-
gressively refines the generated report.

We developed and validated our models using three
official splits of CheXpert Plus (Chambon et al. 2024),
IU X-Ray (Demner-Fushman et al. 2016), and MIMIC-
CXR (Johnson et al. 2019). Extensive experiments demon-

strated that our model achieves state-of-the-art performance
across these benchmarks.

To sum up, our main contributions are as follows: (1) We
introduce Disease-Aware Semantic Tokens (DASTs) that en-
code disease-specific features, guiding the model toward
clinically important abnormalities; (2) We design a Disease-
Visual Attention Fusion (DVAF) module that aligns dis-
ease tokens with visual regions, enabling a precise descrip-
tion of findings; (3) We develop a Dual-Modal Similarity
Retrieval (DMSR) mechanism that retrieves relevant im-
age–report exemplars using visual and semantic similarity,
enhancing completeness and factual accuracy; and (4) We
conduct comprehensive evaluations on CheXpert Plus, IU
X-Ray, and MIMIC-CXR, achieving state-of-the-art perfor-
mance across both textual and clinical metrics.

Related Work
We briefly review three areas of related work: (1) chest X-
ray report generation, (2) large-scale pre-trained models for
medical vision–language tasks, and (3) state-space models
as efficient backbones.

X-ray Medical Report Generation. Early research on au-
tomatic report generation for chest X-rays introduced var-
ious strategies to improve model performance and coher-
ence. DCL proposed a vision-based dynamic graph mech-
anism, leveraging external knowledge to strengthen image
representations (Li et al. 2023). RGRG employed an ob-
ject detector to localize salient lesion regions and gener-
ated textual descriptions for each area that were then com-
bined into a complete report (Tanida et al. 2023). HERGen
treated previous reports of the same patient as a tempo-
rally ordered sequence, capturing longitudinal information
across visits (Xue et al. 2024a). More recently, R2GenGPT
replaced the traditional decoder with an LLM to improve the
output quality (Wang et al. 2023b). These innovations ad-
dress domain knowledge, temporal context, and the capabili-
ties of modern LLMs. CXPMRG-Bench (Wang et al. 2025b)
provides the latest controlled experimental results currently
through systematic pre-training and benchmark evaluation.

Pre-trained Large Models. With the success of large-
scale pre-training, several works have adopted similar ideas
for report generation. Wang et al. introduced a context-
aware masked autoencoder for high-resolution chest X-rays,
enabling richer visual features to be extracted from unla-
beled images before report generation (Wang et al. 2025a).
CXR-CLIP enlarged the training corpus by synthesizing
additional image–text pairs and applied a contrastive loss
to align images and reports in a shared space (You et al.
2023). PTUnifier unifies modalities through learnable vi-
sual and textual prompt pools, integrating fusion and dual-
encoder paradigms (Chen et al. 2023). Although promising,
these methods typically employ Transformer-based vision
encoders (Wu et al. 2023) with quadratic complexity (Doso-
vitskiy et al. 2021) and single-stage pre-training, limiting the
use of abundant unpaired X-ray data.

State-Space Models as Efficient Backbones. State-space
models have emerged as efficient alternatives to Transform-
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Figure 2: Overview of the proposed two-stage framework. Stage 1 jointly trains a VMamba image encoder and a text encoder to
learn disease-aware semantic tokens (DASTs), aligning visual and textual features through classification and contrastive losses.
Stage 2 fuses the learned DASTs with visual features, retrieves a similar study via dual-modal similarity retrieval, and feeds
these cues into a large language model to generate the final radiology report.

ers for sequence modeling because they scale linearly with
sequence length. Mamba introduced selective state transi-
tions and a parallelizable recurrence, achieving strong per-
formance with lower computational cost (Gu and Dao 2024).
Vision Mamba (Vim) (Zhu et al. 2024) adapted this design
to images and provided a global receptive field with linear
complexity (Liu et al. 2024b). VMamba extended Vim and
has been incorporated into the R2GenCSR generator as a
more efficient backbone (Wang et al. 2024b). Inspired by
these successes (Wu et al. 2025), we employ a Mamba-based
encoder in our dual-stage disease-aware framework, benefit-
ing from faster computation and effective long-range depen-
dency modeling on high-resolution medical images.

Method
Overview
Our framework integrates three key components (Fig-
ure 2): a lightweight VMamba encoder for image interpre-
tation (Liu et al. 2024b), a pretrained Bio-ClinicalBERT for
medical language modeling (Alsentzer et al. 2019), and an
LLM for radiology report generation. This architecture is
specifically designed to combine efficient visual represen-
tation learning with rich medical language understanding
and generative capabilities. To fully exploit the proposed ar-
chitecture, we implement a two-stage training strategy. In
Stage 1, we introduce 14 DASTs, each corresponding to a
specific pathology category. Through cross-attention inter-
actions with visual patch tokens and subsequent multi-label
classification tasks, each DAST is trained to encode disease-
specific semantic information relevant to its corresponding
pathology. We also employ a contrastive loss to more closely

align representations learned from visual and textual modali-
ties. In Stage 2, we freeze the LLM’s parameters and employ
a DVAF module to connect the learned disease-aware repre-
sentations with visual features. Additionally, we introduce
a novel DMSR mechanism that jointly considers both vi-
sual similarity and disease-specific similarity to retrieve the
most relevant exemplar from the training set. This retrieved
exemplar provides precise contextual guidance to the report
generation process. The final fused visual-disease represen-
tations, along with the retrieved exemplar, are then fed into
the LLM to generate detailed radiology reports.

Stage 1: Disease-Aware Semantic Tokens (DASTs)
Classification and Vision Language Alignment
Visual Encoder. To efficiently extract both local anatom-
ical features and global contextual information from chest
X-ray images, while maintaining linear computational com-
plexity, we adopt the VMamba architecture (Liu et al.
2024b). VMamba leverages selective state-space models to
capture long-range dependencies with O(N) complexity, of-
fering an advantage over the quadratic O(N2) computa-
tional cost of conventional Transformers. Given an input im-
age I ∈ RH×W , we first divide it into N non-overlapping
patches and obtain the initial patch embeddings via

x = PatchEmbed(I), (1)

where x ∈ RN×C denotes the sequence of raw patch tokens
with C feature dimensions. These tokens are then fed into L
VMamba blocks to model long-range interactions:

z = VMamba(x), (2)
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where z ∈ RN×C represents the refined visual patch tokens
enriched with global contextual information.

DAST Classification. To complement the visual represen-
tation, we incorporate D = 14 learnable DASTs, denoted
as {td}Dd=1, each corresponding to a pathology category de-
fined in the CheXpert ontology (Chambon et al. 2024). Each
DAST td ∈ RC is randomly initialized and subsequently
optimized during training to encode disease-specific seman-
tics that inform downstream report generation. To fuse visual
and semantic information, we apply a cross-attention mech-
anism in which the DASTs serve as queries and visual patch
tokens act as keys and values. This design allows each DAST
to selectively attend to relevant visual regions associated
with its pathology while learning disease-specific seman-
tic representations. The resulting refined disease features are
then passed through independent classification heads to en-
able multi-label pathology prediction within the image. The
learned DASTs capture both visual evidence and medical se-
mantics. The multi-label classification objective serves as an
auxiliary task that encourages DASTs to encode meaningful
pathological information while simultaneously guiding the
visual encoder to learn discriminative and disease-relevant
visual features. This approach ultimately improves the se-
mantic richness and medical accuracy of generated reports
in subsequent stages of the framework.

Training Objective. To optimize both disease classifica-
tion and multimodal alignment, we design a dual loss func-
tion that combines a multi-label classification loss with
a contrastive alignment loss. This joint training strategy
ensures accurate pathology detection and robust vision-
language correspondences, which are essential for high-
quality report generation in Stage 2.

The classification loss LCLS is computed using binary
cross-entropy applied to the outputs of the disease-specific
classification heads. This auxiliary task encourages the
DASTs to encode clinically relevant semantic information,
thereby enhancing the medical coherence and accuracy of
the generated reports.

Furthermore, we implement contrastive learning to align
visual and textual modalities. This alignment is crucial for
bridging the semantic gap between visual pathological find-
ings and their textual descriptions, thereby enabling more
effective cross-modal understanding in downstream report
generation. Specifically, visual features are extracted from
the VMamba encoder via global average pooling over the
patch tokens, while textual features are obtained from a
frozen Bio-ClinicalBERT encoder. Denote Ii as the i-th im-
age and Rj as j-th report; the contrastive loss is defined as

LCTL = Similarity (Visual(Ii),Textual(Rj)) , (3)
where the similarity is measured by cosine similarity be-
tween paired and unpaired samples. The final training objec-
tive is formulated as a combination of two loss components

Ltotal = LCLS + LCTL. (4)
This joint optimization ensures that the learned visual rep-

resentations are both diagnostically informative and seman-
tically aligned with medical language, providing a strong
foundation for subsequent report generation.

Stage 2: Augmented Report Generation with
Disease-Visual Attention Fusion (DVAF) and
Dual-Modal Similarity Retrieval (DMSR)
In Stage 2, we aim to generate detailed radiology reports
by leveraging the rich visual features and DASTs learned in
Stage 1. We freeze the LLM’s parameters and employ DVAF
to fuse disease-aware tokens with image features. Simulta-
neously, DMSR is used to retrieve the most similar case from
the training set. The fused features and the retrieved exem-
plar, are then fed into the LLM to generate the report.

DVAF. We begin with the visual patch tokens z ∈ RN×C

and the set of refined DASTs {td}14d=1, both obtained from
Stage 1. To transform this disease-specific information into a
representation suitable for report generation, we propose the
DVAF module to aggregate the DASTs through a cascade of
operations: (1) cross-attention with visual patch tokens to in-
ject spatial context, (2) self-attention to model inter-disease
relationships, and (3) attention pooling to yield a single, uni-
fied disease representation

p = AttnPool (SelfAttn (CrossAttn ({td}, z, z))) . (5)
To incorporate global image context, we average the patch
tokens z̄ and fuse it with p using a gating mechanism

f = Wgate[p; z̄]. (6)
The resulting fusion token f encapsulates both visual and
pathological information. This token is then appended to the
original patch sequence to construct the final LLM input:

V = [z1, z2, . . . , zN , f ] ∈ R(N+1)×C . (7)
We then apply a trainable linear projection followed by layer
normalization to align with the LLM’s latent space.

DMSR. To improve fluency and completeness of the gen-
erated reports, we introduce DMSR. For each input, we con-
struct a composite query vector by combining the mean vi-
sual features z̄ and the disease classification logits l. We then
compute similarity scores between this query vector and en-
tries stored in the database:

sk = Similarity(z̄, z̄k) + λ · Similarity(l, lk), (8)
where λ balances visual and disease similarity. By lever-
aging both modalities, the DMSR mechanism identifies the
most relevant exemplar from the database. The correspond-
ing report Rret is then retrieved and inserted as an in-context
example in the prompt provided to the LLM.

Report Generation and Optimization. The final input to
the LLM consists of the retrieved report prompt Rret, the pro-
jected visual representation Ṽ, and the target report tokens
y. The model is trained using a standard language modeling
loss

LLM = −
T∑

t=1

logP (yt | y<t, Ṽ, Rret), (9)

where y<t is the previously generated tokens, and T is the
report length. Notably, during Stage 2 training, we freeze all
components from Stage 1 and only optimize the projection
layers and normalization parameters. This approach ensures
efficient adaptation to the report generation task while pre-
serving the learned representations from Stage 1.
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Algorithm Venue Encoder Decoder BLEU4 ROUGE-L CIDEr Precision Recall F1

R2GenRL (Qin and Song 2022) ACL’22 Transformer Transformer 0.035 0.186 0.012 0.193 0.229 0.196
XProNet (Wang, Bhalerao, and He 2022) ECCV’22 Transformer Transformer 0.100 0.265 0.121 0.314 0.247 0.259
MSAT (Wang et al. 2022) MICCAI’22 ViT-B/16 Transformer 0.036 0.156 0.018 0.044 0.142 0.057
ORGan (Hou et al. 2023) ACL’23 CNN Transformer 0.086 0.261 0.107 0.288 0.287 0.277
M2KT (Yang et al. 2023) MIA’21 CNN Transformer 0.078 0.247 0.077 0.044 0.142 0.058
TIMER (Wu, Huang, and Huang 2023) CHIL’23 Transformer Transformer 0.083 0.254 0.104 0.345 0.238 0.234
R2Gen (Chen et al. 2020) EMNLP’20 Transformer Transformer 0.081 0.246 0.077 0.318 0.200 0.181
R2GenCMN (Chen et al. 2021) ACL’21 Transformer Transformer 0.087 0.256 0.102 0.329 0.241 0.231
Zhu et al. (Zhu et al. 2023) MICCAI’23 Transformer Transformer 0.074 0.235 0.078 0.217 0.308 0.205
CAMANet (Wang et al. 2024a) JBHI’23 Swin-Former Transformer 0.083 0.249 0.090 0.328 0.224 0.216
ASGMD (Xue et al. 2024b) ESWA’24 ResNet-101 Transformer 0.063 0.220 0.044 0.146 0.108 0.055
Token-Mixer (Yang et al. 2024) TMI’23 ResNet-50 Transformer 0.091 0.261 0.098 0.309 0.270 0.288
PromptMRG (Jin et al. 2024) AAAI’24 ResNet-101 BERT 0.095 0.222 0.044 0.258 0.265 0.281
R2GenGPT (Wang et al. 2023b) Meta-Rad’23 Swin-Former Llama2 0.101 0.266 0.123 0.315 0.244 0.260
WCL (Yan et al. 2021) EMNLP’21 Transformer Transformer 0.084 0.253 0.103 0.335 0.259 0.256
VLCI (Chen et al. 2025) TIP’25 Transformer Transformer 0.080 0.247 0.072 0.341 0.175 0.163
MambaXray (Wang et al. 2025b) CVPR’25 Vim Llama2 0.112 0.276 0.139 0.377 0.319 0.335
Ours – VMamba Phi-4 0.133 0.291 0.227 0.394 0.356 0.361

Table 1: Comparison with state-of-the-art methods on the CheXpert Plus dataset.

Dataset Training Val Testing

CheXpert Plus 40,463 5,780 11,562
IU X-Ray 2,069 296 590
MIMIC-CXR 270,790 2,130 3,858

Table 2: Dataset statistics.

Experimental Setup
Benchmark Datasets
We evaluated our approach on three widely used open-
access chest X-ray datasets: CheXpert Plus (Chambon
et al. 2024), IU X-Ray (Demner-Fushman et al. 2016), and
MIMIC-CXR (Johnson et al. 2019). Each dataset consists
of paired chest X-rays and their corresponding reports, as
shown in Table 2. Following established evaluation proto-
cols (Wang et al. 2025b), we adopted the same dataset parti-
tioning strategy as in previous works (Table 2).

CheXpert Plus includes 223,228 chest X-rays, available
in both DICOM and PNG formats, paired with 187,711
de-identified radiology reports, each parsed into 11 struc-
tured sections. It also encompasses demographic informa-
tion from 64,725 patients, 14 chest pathology labels, and
RadGraph annotations (Jain et al. 2021). The IU X-Ray
dataset comprises 7,470 chest X-ray images paired with
3,955 radiology reports, with each report corresponding to
either a frontal view or a combination of frontal and lat-
eral view examinations. The reports are structured into four
sections: Indication, Comparison, Findings, and Impression.
Following common practice in prior work (Chen et al. 2020),
we concatenated the Findings and Impression sections of
each report to form the target text. MIMIC-CXR consists of
chest X-rays and radiology reports from the Beth Israel Dea-
coness Medical Center Emergency Department in Boston,
Massachusetts. Covering the period from 2011 to 2016, it
contains 377,110 images and 227,835 reports from 65,379

patients.

Implementation Details
For Stage 1 training, our training data consists of 480,000
image-text pairs compiled from the training datasets of
MIMIC-CXR, CheXpert Plus, and IU X-ray. For all three
datasets, the 14-category pathology labels are automatically
extracted using the CheXpert labeler (Irvin et al. 2019), pro-
viding a unified supervision signal for Stage 1 classification.
The VMamba encoder is initialized with weights pretrained
on ImageNet. During this stage, only the visual encoder
is set as trainable, and input images are standardized to a
resolution of 224 × 224 pixels and converted to greyscale.
For Stage 2 fine-tuning, we evaluated model performance
across three datasets with dataset-specific configurations.
Our framework is implemented using PyTorch (Paszke et al.
2019). We utilize the AdamW optimizer (Loshchilov and
Hutter 2019) with a learning rate of 1 × 10−4. Training in-
corporates linear warm-up for the first 500 steps, followed
by cosine decay scheduling (Loshchilov and Hutter 2017).
All experiments were conducted on NVIDIA A100 GPUs,
using Python 3.10 and PyTorch 2.0.

Evaluation Metrics
Natural Language Generation Metrics. We evaluated
linguistic quality with BLEU-4 (Papineni et al. 2002),
ROUGE-L (Lin 2004), and CIDEr (Vedantam, Zitnick, and
Parikh 2015). These metrics respectively measure n-gram
overlap, sequence-level similarity, and term distinctiveness,
collectively reflecting lexical accuracy, structural coherence,
and semantic fidelity of the generated reports. Here, seman-
tic fidelity is defined as the extent to which the generated
report preserves the original clinical meaning.

Clinical Efficacy Metrics. To assess diagnostic validity,
we applied the CheXpert labeler (Irvin et al. 2019) to extract
labels for 14 common chest pathologies from both generated
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Algorithm Venue BLEU1 BLEU2 BLEU3 BLEU4 ROUGE-L CIDEr

IU X-Ray
R2Gen (Chen et al. 2020) EMNLP’20 0.470 0.304 0.219 0.165 0.371 –
R2GenCMN (Chen et al. 2021) IJCNLP’21 0.475 0.309 0.222 0.170 0.375 –
PPKED (Liu et al. 2021) CVPR’21 0.483 0.315 0.224 0.168 0.376 0.351
AlignTrans (You et al. 2021) MICCAI’21 0.484 0.313 0.225 0.173 0.379 –
CMCL (Liu, Ge, and Wu 2021) ACL’21 0.473 0.305 0.217 0.162 0.378 –
Clinical-BERT (Yan and Pei 2022) AAAI’22 0.495 0.330 0.231 0.170 0.376 0.432
METransformer (Wang et al. 2023a) CVPR’23 0.483 0.322 0.228 0.172 0.380 0.435
DCL (Li et al. 2023) CVPR’23 – – – 0.163 0.383 0.586
R2GenGPT (Wang et al. 2023b) Meta-Rad’23 0.465 0.299 0.214 0.161 0.376 0.542
PromptMRG (Jin et al. 2024) AAAI’24 0.401 – – 0.098 0.160 –
BootstrappingLLM (Liu et al. 2024a) AAAI’24 0.499 0.323 0.238 0.184 0.390 –
MambaXray (Wang et al. 2025b) CVPR’25 0.491 0.330 0.241 0.185 0.371 0.524
Ours – 0.495 0.328 0.242 0.187 0.384 0.634

MIMIC-CXR
R2Gen (Chen et al. 2020) EMNLP’20 0.353 0.218 0.145 0.103 0.277 –
R2GenCMN (Chen et al. 2021) IJCNLP’21 0.353 0.218 0.148 0.106 0.278 –
PPKED (Liu et al. 2021) CVPR’21 0.360 0.224 0.149 0.106 0.284 0.237
AlignTrans (You et al. 2021) MICCAI’21 0.378 0.235 0.156 0.112 0.283 –
CMCL (Liu, Ge, and Wu 2021) ACL’21 0.344 0.217 0.140 0.097 0.281 –
Clinical-BERT (Yan and Pei 2022) AAAI’22 0.383 0.230 0.151 0.106 0.275 0.151
METransformer (Wang et al. 2023a) CVPR’23 0.386 0.250 0.169 0.124 0.291 0.362
DCL (Li et al. 2023) CVPR’23 – – – 0.109 0.284 0.281
R2GenGPT (Wang et al. 2023b) Meta-Rad’23 0.408 0.256 0.174 0.125 0.285 0.244
PromptMRG (Jin et al. 2024) AAAI’24 0.398 – – 0.112 0.268 –
BootstrappingLLM (Liu et al. 2024a) AAAI’24 0.402 0.262 0.180 0.128 0.291 –
MambaXray (Wang et al. 2025b) CVPR’25 0.422 0.268 0.184 0.133 0.289 0.241
Ours – 0.428 0.272 0.187 0.131 0.291 0.232

Table 3: Comparison with state-of-the-art methods on IU X-Ray and MIMIC-CXR.

and reference reports. Label agreement was then quantified
using Precision, Recall, and F1-score (Powers 2011), ensur-
ing the generated text accurately captures clinically findings.

Results and Discussion
Results on Report Generation
On CheXpert Plus, our framework establishes new state-
of-the-art performance benchmarks (Table 1). The method
significantly outperforms existing approaches on clinical ef-
ficacy metrics (Wang et al. 2025b), demonstrating supe-
rior diagnostic accuracy and pathology-detection capabil-
ities. The DVAF module effectively integrates visual and
disease-specific information, while the DMSR mechanism
successfully retrieves relevant exemplars from the large cor-
pus, enabling comprehensive and accurate report generation.

As shown in Table 3, evaluation on IU X-Ray validates
the robustness of our approach across different data scales.
Despite limited training data, our method maintains compet-
itive performance. The DAST mechanism effectively cap-
tures pathological patterns, and DMSR retrieval enhances
report completeness and medical terminology usage, result-
ing in improved quality scores across linguistic evaluations.

Table 3 also demonstrates that our DVAF-DMSR frame-
work achieves superior performance across NLG metrics
compared to existing state-of-the-art methods (Chen et al.
2020; Li et al. 2023; Wang et al. 2023b) in MIMIC-CXR.

The integration of DASTs and the DMSR mechanism leads
to notable improvements in BLEU-4, ROUGE-L, and CIDEr
scores. Our approach consistently outperforms traditional
encoder–decoder frameworks and recent vision–language
models (Wang et al. 2025b), demonstrating the effective-
ness of the two-stage training strategy. CIDEr is often lower
on MIMIC-CXR because its reports are more free-form and
stylistically diverse than those in other datasets with well-
structured formats, reducing consistent n-gram overlap de-
spite good BLEU and ROUGE-L scores.

Ablation Study
To validate the effectiveness of each component in our pro-
posed framework, we conduct comprehensive ablation stud-
ies on CheXpert Plus and the IU X-Ray datasets. We system-
atically remove or replace key components to analyze their
individual contributions to the overall performance.

Effect of DASTs. We first examine the contribution of
DASTs by comparing our full model with a baseline that
only uses visual patch tokens (Table 4). The results demon-
strate that incorporating DASTs significantly improves lin-
guistic quality, validating the importance of explicit disease-
aware representations for medical report generation.

Impact of DVAF. To assess the effectiveness of our pro-
posed DVAF module, we replace it with simple concate-
nation or mean pooling of visual and disease tokens (Ta-
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there remains a moderate right apical
pneumothorax approximately unchanged
between these 2 examinations but slightly
decreased from earlier yesterday. 2 right
pleural tubes remain present . patchy
edema remains present bilaterally. the
heart is normal in size. the mediastinal
contours are normal

single frontal view of the chest 10-11-2012 at 12 :00 pm : redemonstration of a right apical pneumothorax with a pleural
catheter. there is a small amount of subcutaneous emphysema along the right lateral chest wall . the cardiomediastinal
silhouette is within normal limits , there are persistent bilateral reticular opacities consistent with interstitial lung disease.
single frontal view of the chest 11 October 2012 at 13:03: interval increase in the size of the right apical pneumothor

the right pleural pigtail catheter is unchanged in position. there remains a moderate right apical pneumothorax
approximately unchanged between these 2 examinations but slightly decreased from earlier yesterday. patchy edema
remains present bilaterally. the heart is normal in size. the mediastinal contours are normal

Ground Truth

Baseline

Ours

MambaXray
interval placement of a right pleural pigtail catheter with the tip projecting over the lateral aspect of the right
hemithorax. unchanged cardiomediastinal silhouette redemonstration of diffuse bilateral reticular and nodular opacities
consistent with fibrotic lung disease. persistent small right apical pneumothorax. no acute osseous abnormalities .

DASTs

Input Image

interval increase in size of the right apical pneumothorax now measuring 25 cm from the chest wall. no mediastinal shift.
redemonstration of bilateral diffuse reticular opacities. patchy airspace opacities persist in both lungs. right pleural
tubes remain in place. the cardiac silhouette and mediastinal contours are unchanged

Figure 3: Visualization of generated reports on a sample X-ray.

Configuration BLEU4 ROUGE-L CIDEr

CheXpert Plus
Baseline 0.114 0.283 0.193
+ DASTs + DVAF 0.122 0.288 0.206
+ DASTs + DVAF + DMSR 0.133 0.291 0.227

IU X-Ray
Baseline 0.161 0.374 0.550
+ DASTs + DVAF 0.175 0.380 0.597
+ DASTs + DVAF + DMSR 0.187 0.384 0.634

Table 4: Component contribution analysis.

Fusion Method BLEU4 ROUGE-L CIDEr

CheXpert Plus
Simple Concatenation 0.110 0.279 0.188
Mean Pooling 0.112 0.285 0.190
DVAF (Ours) 0.122 0.288 0.206

IU X-Ray
Simple Concatenation 0.156 0.370 0.525
Mean Pooling 0.161 0.375 0.553
DVAF (Ours) 0.175 0.380 0.597

Table 5: Comparison of different fusion methods.

ble 5). The comparison reveals that DVAF applies disease-
conditioned spatial attention to highlight lesion regions, then
fuses this fine-grained focus with global context to produce
a unified feature, leading to substantial improvements in re-
port quality.

Contribution of DMSR. We evaluate the impact of our
DMSR mechanism by training models without retrieval aug-
mentation (Table 4). The results show that DMSR con-
sistently enhances performance across all metrics, partic-
ularly by improving report completeness and medical ter-
minology accuracy through contextual example guidance.
Figure 3 qualitatively confirms these findings: the DMSR-

enabled model accurately reinstates key phrases, producing
a narrative that mirrors the ground truth more faithfully than
Baseline and MambaXray(Wang et al. 2025b) outputs.

Visualization
Figure 3 provides a visualization of four configurations -
Baseline (only visual encoder), DASTs (DASTs+DVAF),
our full model, and the SOTA MambaXray - against the
ground-truth report for a chest X-ray. Exact phrase matches
with the reference are highlighted in yellow. The denser yel-
low regions in our output demonstrate its higher fidelity and
clinical completeness compared to competing methods.

Conclusion
In this paper, we present a novel framework for automated
chest X-ray report generation that introduces Disease-Aware
Semantic Tokens (DASTs), a Disease-Visual Attention Fu-
sion (DVAF) module, and a Dual-Modal Similarity Re-
trieval (DMSR) mechanism. Our two-stage training strat-
egy effectively combines VMamba’s computational effi-
ciency with robust visual-semantic alignments and disease-
specific representations. Comprehensive experiments across
three benchmark datasets demonstrate state-of-the-art per-
formance in both natural language generation and clinical
efficacy metrics. Ablation studies confirm the effectiveness
of each proposed component, while visualization results val-
idate the clinical relevance of generated reports. Our frame-
work represents a significant advancement toward practi-
cal automated radiology reporting systems. The integration
of disease-aware semantic guidance, efficient visual encod-
ing, and retrieval-augmented generation provides a promis-
ing foundation for future medical AI applications. Future
work may explore extending this approach to other medical
imaging modalities and clinical deployment scenarios.
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