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Abstract— The rapid advancement of artificial intelligence
(AI) is revolutionizing radiology, particularly in the automation
of medical report generation. AI-driven systems offer the
potential to alleviate the increasing workload of radiologists
while improving diagnostic accuracy, consistency, and overall
workflow efficiency. Despite significant progress in multi-modal
medical image captioning, existing approaches often suffer from
high computational costs and limitations in modeling long-
range dependencies between visual and textual features. To
address these challenges, we propose MambaXray-CTL, a novel
framework for medical report generation that integrates a
Mamba-based vision backbone with a large language model
(LLM) text decoder. By leveraging a multi-stage training
strategy—including autoregressive pretraining, image-text con-
trastive learning, and supervised fine-tuning with contrastive
regularization—our model achieves precise visual-textual align-
ment while maintaining computational efficiency. Experimental
results on the IU X-ray and CheXpertPlus datasets demonstrate
that MambaXray-CTL achieves performance comparable to or
surpassing state-of-the-art methods in key metrics, particularly
BLEU-4 and CIDEr, while significantly reducing inference cost
compared to Vision Transformer (ViT)-based architectures.
These findings highlight the promise of state space models and
contrastive learning in building scalable and effective vision-
language systems for real-world clinical deployment.

I. INTRODUCTION

The integration of artificial intelligence (AI) into radiology
report generation marks a major advancement in healthcare,
enabling automated, clinically accurate reporting from med-
ical images such as chest X-rays. This innovation alleviates
radiologists’ increasing workloads and enhances diagnostic
accuracy, improving patient outcomes. With the growing
volume of medical imaging data, automated report generation
enhances efficiency, allowing physicians to focus on complex
cases while ensuring consistency and reducing human errors.

Deep learning, particularly contrastive learning and Large
Language Models (LLMs), has driven progress in mul-
timodal medical report generation. The Dynamic Graph
Enhanced Contrastive Learning (DCL) framework [10] im-
proves visual-textual alignment, while the Token-Mixer
model [26] unifies image-text representations. The Hierarchi-
cal Semantic Alignment (HSA) framework [29] uses game-
theoretic interactions for multi-level semantic alignment.
Other approaches, such as ECRG [8], GMoD [23], and
KARGEN [11], incorporate energy functions, knowledge
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distillation, and medical knowledge graphs to enhance report
accuracy. However, most rely on Transformer-based architec-
tures with quadratic complexity O(N2), limiting scalability.

Mamba, a State Space Model (SSM)-based alternative
[6], reduces computational costs while maintaining effi-
ciency in long-sequence modeling [28]. Vision Mamba and
VMamba [15] have demonstrated strong performance in
high-resolution medical imaging. MambaXray-VL [20] re-
places Vision Transformers with Vision Mamba, reducing
computational costs in X-ray report generation. Collectively,
these innovations advance the quality and clinical utility of
automated medical report generation systems. However, the
primary challenge remains in generating accurate reports,
which requires precise alignment between visual tokens and
textual tokens.

In this paper, we propose MambaXray-CTL, a novel
medical report generation framework with multi-scale con-
trastive learning that leverages the Mamba vision backbone
to address the high computational cost and achieves precise
alignment between multi-modality features. The model con-
sists of three key components: (1) unsupervised pre-training,
where the Auto-regressive pre-training with Mamba in Vision
(ARM) module [17] is used to pre-train the vision backbone,
enabling the model to learn robust visual features from
large-scale unlabeled image data; (2) image-text contrastive
learning, which aligns image and report embeddings using
the Mamba vision backbone and an LLM-based text decoder
to ensure effective interaction between visual and textual rep-
resentations; and (3) supervised fine-tuning with integrated
contrastive learning, where text labels are embedded back
into the latent space to compute similarity between paired
and unpaired samples, further reinforcing alignment and
improving report accuracy. Experiments on the IU X-ray and
CheXpertPlus datasets demonstrate that MambaXray-CTL
achieves state-of-the-art performance, effectively balancing
computational efficiency and clinical relevance.

In summary, the contributions of this paper are as follows:
1) We propose MambaXray-CTL, a novel framework that

integrates the Mamba vision backbone and an LLM-
based decoder to reduce computational costs while
achieving high-quality medical report generation. The
model attains state-of-the-art results on the IU X-ray
and CheXpertPlus datasets.

2) We design a multi-stage training strategy that includes
unsupervised pretraining, image-text contrastive learn-
ing, and supervised fine-tuning with contrastive loss.
This pipeline enhances the alignment between visual
and textual features, boosting clinical accuracy.



3) We introduce a contrastive fine-tuning mechanism that
embeds textual labels into the latent space, aligning
them with image features. This reinforces vision-
language consistency and improves the faithfulness of
generated reports.

II. METHOD

In this section, we first introduce the Mamba networks
and then provide a detailed explanation of each stage of our
proposed MambaXray-CTL framework.

A. Mamba-based Vision Backbone

Recent advancements in Mamba networks have been de-
veloped based on the continuous State Space Model (SSM),
which maps a 1-D function or sequence x(t) ∈ Rp to
y(t) ∈ Rq through a hidden state h(t) ∈ Rn. The continuous
SSM is represented by the following equations:

h′(t) = Ah(t) +Bx(t) (1)

y(t) = Ch(t) (2)

Since the data we process—images and text—are discrete,
it is necessary to discretize the continuous SSM. For this,
both the S4 model [6] and the Mamba model employ the
Zero-Order Hold (ZOH) transformation. The equations for
this discretization are as follows:

Ā = exp(∆A), (1) (3)

B̄ = (∆A)−1(exp(∆A)− I) ·∆B, (2) (4)

After discretizing A and B using a step size ∆, we can
reformulate the discrete version of the SSM as:

ht = Aht−1 +Bxt, (3) (5)

yt = Cht, (4) (6)

Finally, the output computation is performed through a
global convolution:

K = (CB,CAB, . . . ,CA
M−1

B), (5) (7)

y = x ∗K, (6) (8)

To further enhance the modeling and computational effi-
ciency of the State Space Model (SSM), Gu et al. introduced
the Mamba model [5], which transitions the model from
being time-invariant to time-dependent. This adaptation not
only accelerates the training and inference processes but
also incorporates several hardware-aware algorithms. After
its success in natural language processing (NLP), the Mamba
model has been successfully adapted for use in computer
vision tasks. For example, the Vision Mamba [28] and
VMamba [15] models are notable adaptations of the Mamba
framework in the domain of computer vision.

B. Multi-Stage Contrastive Training Framework
Our approach consists of three key stages: (1) Unsu-

pervised Pretraining, where an Autoregressive Pretraining
with Mamba in Vision framework (ARM) is employed
to pretrain the Mamba-based vision backbone, enhancing
feature extraction from chest X-ray images. (2) Image-
text Contrastive Learning. This stage aligns the visual
and textual feature spaces by optimizing a contrastive loss
function, which maps embeddings of paired image-report
data generated by the Mamba backbone and LLM encoder,
respectively. (3) Supervised Fine-tuning with Contrastive
Learning, where textual labels are embedded back into the
latent space to optimize similarity metrics between paired
and unpaired samples, ensuring the generation of accurate
and clinically relevant reports. A diagram illustrating the
overall process of the MambaXray-CTL model can be seen
in Fig. 1.

Stage 1: Auto-regressive Pretraining. We use the pre-
trained model from MambaXray-VL [20] for its strong visual
feature extraction capability. X-ray images I ∈ R192×192×3

are divided into patches Pi ∈ R16×16×3, which are projected
into visual tokens Ti ∈ R1024 and processed by the Vim
backbone encoder [28]. This process has a computational
complexity of O(N), lower than the Transformer frame-
work’s O(N2).

The visual tokens are normalized and processed by SSM
and scan branches, with outputs combined using skip con-
nections and further processed by SwiGLU [18]. Finally, an
MLP layer is used for token reconstruction with autoregres-
sive generation loss. The goal is to predict the next patch
sequentially, with the loss function defined as:

LARM =

n−1∑
i=1

l(V im([P1, ..., Pi]), Pi+1)

l(ŷ, y) = |ŷ − y|2

where V im(·) is the Vim encoder, and Pi represents the ith

image patch.
Stage 2: Contrastive learning of image text. In this

stage, we adopt the Vim backbone encoder from the first
stage to perform image-text contrastive learning, aiming
to align the visual and textual features. Specifically, we
randomly sample a batch and embed the images and corre-
sponding reports using the pre-trained Vim backbone encoder
and the language model (Bio ClinicalBERT [1]). Then, we
compute the cosine similarity of paired and unpaired samples
within the same batch, which is defined as:

LCTL = Similarity(Vim(Ii),LM(Rj)) (9)

where i and j denote the indices of the X-ray image
and report, respectively, and LM(·) denotes the language
model. The function Similarity(·) quantifies the degree of
similarity between these two representations, with a lower
value indicating greater similarity.

Stage 3: Supervised Fine-tuning with Contrastive
Learning. Differently from [20], we perform supervised fine-
tuning integrated with contrastive learning to further align
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Fig. 1: Overview of the MambaXray-CTL framework, which consists of three stages: (1) autoregressive pretraining with
Mamba to enhance visual feature learning, (2) image-text contrastive learning to align multi-modal embeddings, and (3)
supervised fine-tuning with contrastive loss to further improve report generation accuracy.

text-image features (as shown in Fig. 3). First, we divide the
X-ray image into non-overlapping patches and project them
into visual tokens, which are then passed into the pre-trained
Vim backbone encoder for feature extraction. Next, we wrap
the visual embeddings with an instruction prompt: "Human:
visual embeddings. Generate a comprehensive and detailed
diagnosis report for this chest X-ray image. Assistant:", and
process them through a Large Language Model (Qwen1.5-
1.8B-Chat) to generate high-quality medical reports.

The loss function for supervised fine-tuning is:

LSFT = −
T∑

i=1

log pθ (yi |Prompt, y<i) (10)

While fine-tuning the Vim backbone encoder, we embed the
label text back into feature tokens to perform contrastive
learning with visual tokens. This further aligns textual and
visual features, ensuring the generation of accurate and
clinically relevant reports. The loss function is the same as
the second stage:

LCTL-FT = Similarity(Vim(Ii),LM(Rj)) (11)

Finally, the total loss function for this stage is:

Ltotal = LSFT + λ · LCTL-FT (12)

where the parameter λ is a hyperparameter that controls the
relative contribution of the contrastive learning loss to the
total loss.

III. EXPERIMENT
A. Dataset

For the supervised image-text contrastive learning and
fine-tuning with an LLM, IU-Xray [4] and CheXpert Plus
[2] datasets are used in our work.

IU-Xray Dataset: consists of 7,470 chest radiographs
(both frontal and lateral views) paired with 3,955 reports.
Each report includes four standardized sections: Indication,
Comparison, Findings, and Impression. Consistent with the
established protocol in R2GenGPT [22], we adopted a 7:1:2
split ratio for training, validation, and testing.

CheXpert Plus: contains 223,462 pairs of chest X-ray
images and radiology reports from 64,725 patients, with
14 pathology labels, and a large corpus of text data (36
million tokens). Following [20], we partitioned the dataset



into training, validation, and testing subsets, following a
7:1:2 split.

B. Implementation Details

All models were trained on 8 Nvidia 4090 GPUs. In stage
two, we trained for 50 epochs (batch size 192) using Bio
ClinicalBERT [1] as the text encoder, with both vision and
text encoders optimized using AdamW (weight decay 0.05).
Input images were resized to 224×224.

In the fine-tuning stage, we trained for 30 epochs (batch
size 20) on IU-Xray and 6 epochs (batch size 2) on CheXpert
Plus. The Vim encoder [28] was initialized from stage two,
while frozen LLMs (Qwen-1.5-1.8B and LLaMA2-7B) were
used with sequence lengths of 60 and 100, respectively. Only
the vision encoder and mapper layers were updated. The
contrastive loss weight λ was set to 0.4.

C. Evaluation Metrics

To evaluate the quality of generated medical reports, we
adopt three widely used metrics: BLEU, ROUGE-L, and
CIDEr.

BLEU measures n-gram overlap between the generated
and reference reports, with BLEU-1 to BLEU-4 capturing in-
creasingly longer phrase-level matches. It primarily assesses
lexical precision.

ROUGE-L evaluates the longest common subsequence
between generated and reference texts, reflecting fluency and
structural similarity.

CIDEr assigns higher weights to clinically relevant terms
by incorporating TF-IDF statistics over consensus references,
making it especially suitable for medical report generation
tasks where semantic fidelity is critical.

Together, these metrics provide a comprehensive assess-
ment of both syntactic accuracy and clinical relevance.

D. Experimental Results

The performance of our methods on the IU X-ray and
CheXpert Plus datasets is summarized in Table I, with the
best result in bold and the second-best underlined. Both
base and large models excel in generating accurate medical
reports, evaluated by CIDEr, BLEU, and ROUGE-L. CIDEr
emphasizes clinically relevant phrases, BLEU assesses n-
gram matching, and ROUGE-L evaluates the longest com-
mon subsequence. These metrics demonstrate the lexical
precision, semantic relevance, and overall quality of our
models’ outputs.

On the IU X-Ray dataset, the MambaXray-CTL-Large
model achieves state-of-the-art (SOTA) performance in
BLEU-2, BLEU-3, and BLEU-4 with scores of 0.334,
0.252, and 0.199, respectively, demonstrating a significant
improvement over other models. It also performs well in
CIDEr with a score of 0.544, though BLEU-1 and ROUGE-
L scores are 0.491 and 0.374, indicating room for further
improvement. On the CheXpert Plus dataset, MambaXray-
CTL-Large excels across all metrics, achieving a BLEU-1
score of 0.381, BLEU-2 of 0.240, BLEU-3 of 0.162, BLEU-
4 of 0.114, ROUGE-L of 0.283, and CIDEr of 0.242. These

results surpass the second-best models in each category,
with improvements of up to 6.6%. The MambaXray-CTL-
Base model also performs competitively with scores of
0.376 (BLEU-1), 0.232 (BLEU-2), 0.153 (BLEU-3), 0.104
(BLEU-4), 0.272 (ROUGE-L), and 0.227 (CIDEr), further
highlighting the robustness of the MambaXray-CTL models.

In general, the MambaXray-CTL-Large and MambaXray-
CTL-Base models consistently demonstrate their effective-
ness in generating accurate, comprehensive, and clinically
relevant medical reports in both datasets.

Fig. 2: An illustration of the reports generated by our model
with their corresponding ground truth. Matching sentences
are highlighted in blue and green, respectively. Sentences
matching by both Large and Base versions are highlighted
in red.

Fig. 2 provides a qualitative comparison of the reports
generated by the MambaXray-CTL-Large and Base models
against the ground truth. Both models effectively capture
critical clinical observations, with matching sentences high-
lighted in blue and green, reflecting alignment with the
ground truth.

Notably, the Large model demonstrates greater detail,
capturing nuanced observations such as "cardiomediastinal
silhouette is normal in size and contour" and "no focal
airspace consolidation, pleural effusion, or pneumothorax,"
showcasing its ability to generate more comprehensive X-ray
interpretations. The Base model, while accurate, generates
more concise reports, occasionally omitting finer details
noted by the Large model. Sentences matching across both
versions and the ground truth, highlighted in red, underscore
the consistency of key findings between the models. These
results clearly demonstrate that both of our proposed models
can generate accurate and clinically relevant reports.

E. Ablation Study

The ablation study on the IU X-ray dataset using our
Large model (Table II) highlights the contribution of each
module in the proposed framework. Among the unsupervised
pretraining strategies, the Autoregressive Pretraining with
Mamba in Vision (ARM) module yields the most significant
performance improvement. In this study, SIMCLR denotes
Simple Contrastive Learning of Representations, MAE refers
to Masked Autoencoders, ARM represents autoregressive



Dataset Methods BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L CIDEr

IU X-Ray

R2Gen [3] 0.470 0.304 0.219 0.165 0.371 -
PPKED [14] 0.483 0.315 0.224 0.168 0.376 0.351
AlignTrans [27] 0.484 0.313 0.225 0.173 0.379 -
CMCL [13] 0.473 0.305 0.217 0.162 0.378 -
Clinical-BERT [25] 0.495 0.330 0.231 0.170 0.376 0.432
METransformer [21] 0.483 0.322 0.228 0.172 0.380 0.435
DCL [10] - - - 0.163 0.383 0.586
R2GenGPT [22] 0.465 0.299 0.214 0.161 0.376 0.542
PromptMRG [9] 0.401 - - 0.098 0.160 -
BootstrappingLLM [12] 0.499 0.323 0.238 0.184 0.390 -
MambaXray-VL [20] 0.491 0.330 0.241 0.185 0.371 0.524
MambaXray-CTL-Base 0.478 0.323 0.240 0.185 0.364 0.501
MambaXray-CTL-Large 0.491 0.334 0.252 0.199 0.374 0.544

Chexpert Plus

R2Gen [3] 0.301 0.179 0.118 0.081 0.246 0.077
R2GenCMN [3] 0.321 0.195 0.128 0.087 0.256 0.102
XProNet [19] 0.364 0.225 0.148 0.100 0.265 0.121
ORGan [7] 0.320 0.196 0.128 0.086 0.261 0.107
R2GenGPT [22] 0.361 0.224 0.149 0.101 0.266 0.123
ASGMD [24] 0.267 0.149 0.094 0.063 0.220 0.044
Token-Mixer [26] 0.378 0.231 0.153 0.091 0.262 0.098
PromptMRG [9] 0.326 0.174 - 0.095 0.222 0.044
MambaXray-VL [20] - - - 0.112 0.276 0.139
MambaXray-CTL-base 0.376 0.232 0.153 0.104 0.272 0.227
MambaXray-CTL-Large 0.381 0.240 0.162 0.114 0.283 0.242

TABLE I: Performance comparison of recent methods on IU X-ray and Chexpert Plus datasets using BLEU, ROUGE-L,
and CIDEr metrics.

visual pretraining, CTL indicates contrastive learning in the
second stage, CTL-FT refers to contrastive learning during
fine-tuning, and SFT stands for supervised fine-tuning.

As shown in Table II, it is evident from indices #1,
#2, and #3, where the inclusion of ARM results in higher
scores, particularly a substantial +40.8% increase in CIDEr
(calculated as (0.607 − 0.431)/0.431) from index #2 to
#3. The importance of Contrastive Learning in the second
stage (CTL) is underscored by the performance drop when
it is removed, as shown by the BLEU-4 decrease of −4.3%
between indices #3 and #4. The necessity of the ARM pre-
training step is further highlighted by the performance gap
between indices #4 and #5, with a −28.1% reduction in
CIDEr when ARM is excluded. Additionally, the role of
Contrastive Learning in the fine-tuning stage (CTL-FT) is
evident, as it results in a +6.3% increase in BLEU-4 from
index #7 to #4. These findings collectively emphasize the
synergistic effects of these components in achieving superior
performance.

F. Visualizations of Feature Space

Fig. 3 visualizes the embeddings from MambaXray-CTL
with and without contrastive learning in Stage 3 (CTL-FT).
In the left figure (only CTL in stage 2), image embeddings
are misaligned with their positive-pair text, mixing with
negative pairs and causing poor multimodal alignment. In
contrast, the right figure (with CTL-FT) shows a well-
structured space, where image and positive-pair text embed-
dings merge, while negative pairs are distinctly separated.
This demonstrates that contrastive learning eliminates the
modality gap, ensuring robust alignment and enhancing
report generation quality.

Fig. 3: t-SNE [16] visualization of image and text embed-
dings with and without contrastive learning in Stage 3.

IV. DISCUSSION

The proposed MambaXray-CTL framework demonstrates
strong performance and computational efficiency by lever-
aging a Mamba-based vision backbone and multi-stage con-
trastive learning. The autoregressive pretraining enhances
visual feature extraction, while contrastive learning signif-
icantly improves the alignment between visual and textual
modalities. This design contributes to high-quality report
generation with reduced resource demands, making it suit-
able for deployment in real-world clinical scenarios, espe-
cially in edge or fog computing environments.

However, several limitations remain. First, the current
framework relies on pre-aligned image-report pairs, which
may not fully capture the variability of clinical language
across institutions. Second, while the model performs well
on static frontal chest X-rays, its generalizability to other
modalities (e.g., CT, MRI) or multi-view images has yet to



Index SIMCLR MAE ARM CTL CTL-FT SFT BLEU-1 BLEU-4 ROUGE-L CIDEr

#1 ✓ × × ✓ ✓ ✓ 0.488 0.175 0.365 0.456
#2 × ✓ × ✓ ✓ ✓ 0.471 0.177 0.358 0.431
#3 × × ✓ ✓ ✓ ✓ 0.479 0.193 0.375 0.607
#4 × × ✓ × ✓ ✓ 0.463 0.185 0.364 0.451
#5 × × × × ✓ ✓ 0.444 0.175 0.358 0.352
#6 × × ✓ ✓ × ✓ 0.482 0.178 0.362 0.461
#7 × × ✓ × × ✓ 0.457 0.174 0.353 0.467

TABLE II: Ablation study on the IU X-ray dataset showing the impact of each module. SIMCLR, MAE, ARM, CTL,
CTL-FT, and SFT denote different pretraining and fine-tuning strategies.

be explored. Last, the interpretability of the learned visual-
textual alignments warrants further investigation to enhance
clinical trust and adoption.

Future work will focus on extending the framework
to multi-modal and multi-view medical imaging scenarios,
incorporating domain adaptation techniques, and improv-
ing model explainability through attention visualization or
saliency analysis.

V. CONCLUSIONS

This paper presents MambaXray-CTL, a novel framework
for medical report generation that integrates a Mamba-based
vision backbone with a large language model (LLM) decoder.
A central contribution of our approach lies in the use of
contrastive learning, which enhances the alignment between
visual features and textual representations, thereby improving
the quality of generated reports. By combining autoregressive
pretraining, image-text contrastive learning, and supervised
fine-tuning, MambaXray-CTL achieves state-of-the-art per-
formance on the IU X-ray dataset, with notable gains in
the BLEU-4 metric. The ablation study further highlights
the importance of each module, particularly the impact of
contrastive learning in refining cross-modal alignment.
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