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Abstract. Automatic medical report generation (MRG) has significant
clinical value, as it can alleviate the heavy workload of report writing
for radiologists. Recent studies adopt retrieval-based strategies to inject
external diagnostic knowledge into report generation. However, reliable
MRG remains challenging because existing methods often retrieve diag-
nostically inconsistent reports and lack mechanisms for selective visual-
text integration. In this work, we propose DCAF, a Disease-Consistent
Visual-Text Alignment and Fusion framework for reliable radiology re-
port generation. DCAF incorporates a Disease-Consistent Retrieval En-
hancer that integrates disease priors via multi-positive contrastive learn-
ing and a disease-matching constraint to improve diagnostic consistency
during retrieval. To better mimic the selective diagnostic reasoning pro-
cess of radiologists, we further design an Optimal Transport-Enhanced
Cross-Modal Fusion module that selectively integrates clinically relevant
textual knowledge. In addition, an auxiliary disease-aware feature ex-
traction mechanism encodes predicted diagnostic hypotheses into visual
representations, enabling hypothesis-driven visual reasoning. Extensive
experiments on IU X-Ray and MIMIC-CXR demonstrate state-of-the-art
performance in both language generation quality and clinical efficacy.
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1 Introduction

Automated medical report generation can significantly improve physician pro-
ductivity and has therefore received increasing research attention. Mainstream
approaches [3, 15, 23] adopt encoder-decoder architectures inspired by image cap-
tioning [4, 16, 26], enhanced by Transformer-based attention mechanisms [22].
However, unlike image captioning, radiology reports emphasize clinically signif-
icant abnormalities, which are often subtle and severely imbalanced relative to
normal findings, causing models to overlook critical diagnostic cues. To mitigate
this issue, recent studies [11, 21, 6, 25] attempt to inject external medical knowl-
edge through auxiliary tasks like classification [8] or by integrating reference
reports via retrieval-based algorithms[2, 24].

Despite recent progress, reliable MRG remains challenging due to three fun-
damental limitations. First, the diagnostic reliability of retrieved reference re-
ports remains limited. Most retrieval-based methods [2, 8] rely on pretrained
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vision-language models [18] to retrieve semantically similar reports, implicitly
assuming that semantic similarity is sufficient to guarantee disease consistency.
This may lead to disease-level inconsistencies in retrieved reports, thereby com-
promising the clinical reliability of the generated outputs. Second, existing ap-
proaches [22] heavily rely on standard multi-head cross-attention mechanisms
[8, 25] for cross-modal fusion. Such mechanisms establish token-level correspon-
dences based on local similarity and treat all retrieved textual information
equally. This coarse fusion paradigm fails to reflect the selective diagnostic rea-
soning process of radiologists, potentially amplifying clinically irrelevant infor-
mation and leading to suboptimal report generation. Third, disease semantics are
rarely embedded into the visual representation space. Although some studies [8]
employ disease classification as an auxiliary objective, it is usually incorporated
at the language level rather than directly integrated into visual feature learning.
This limits the model’s capacity to capture diagnostically discriminative visual
patterns.

To address these challenges, we propose DCAF, a Disease-Consistent Visual-
Text Alignment and Fusion framework for reliable radiology report genera-
tion. Specifically, we introduce a Disease-Consistent Retrieval Enhancer (DRE)
that incorporates disease priors into image-text representation learning and re-
trieval. DRE employs multi-positive contrastive learning to align images with
reports sharing identical clinical findings, and a disease-matching constraint en-
forces diagnostic consistency during retrieval. Furthermore, we design an Op-
timal Transport-Enhanced Cross-Modal Fusion module to selectively integrate
clinically relevant textual knowledge conditioned on the visual evidence. Finally,
we introduce an auxiliary disease classification branch to explicitly encode dis-
ease semantics into visual representations, enabling disease-aware feature extrac-
tion. The main contributions of this work are summarized as follows:

1. We propose a Disease-Consistent Retrieval Enhancer to improve the diag-
nostic reliability of retrieved reference reports via multi-positive contrastive
learning with an explicit disease-matching constraint.

2. We design an Optimal Transport-Enhanced Cross-Modal Fusion module to
selectively integrate clinically relevant textual knowledge, and introduce an
auxiliary classifier to extract disease-aware features, enhancing the discrim-
inability of disease-related patterns.

3. Extensive comparisons and ablation studies demonstrate consistent improve-
ments over state-of-the-art methods across both language generation and
clinical efficacy metrics.

2 Method

We present the proposed DCAF framework. As illustrated in Fig. 1, the frame-
work incorporates three components: Disease-Consistent Retrieval Enhancer,
Optimal Transport-Enhanced Cross-Modal Fusion, and Disease Classifier.
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Fig. 1. Overview of DCAF, which consists of three components: 1) Disease-Consistent
Retrieval Enhancer, including Multi-positive Contrastive Learning (DMCL) and
Disease-matching Constrained Image-Text Retrieval (DCR); 2) Optimal Transport-
Enhanced Cross-Modal Fusion; and 3) Disease Classifier.

2.1 Disease-Consistent Retrieval Enhancer

Accurate reference retrieval is critical for reliable report generation. Existing
approaches typically retrieve reports based on globally pooled CLIP [18] fea-
ture similarity, which may ignore disease-level consistency. To address this issue,
we propose a Disease-Consistent Retrieval Enhancer that incorporates disease
priors.

Disease-prior Multi-positive Contrastive Learning First, we propose a
disease-prior multi-positive contrastive learning strategy to align chest X-ray
images with their corresponding diagnostic reports in a shared semantic space,
such that image-text pairs with identical clinical findings are closely aligned.

Formally, given an X-ray image I ∈ Rv×h×w and its associated report T ∈
RL×e, we use an image encoder and a text encoder, yielding disease-aware em-
beddings FI and FT in Rd×e through a learnable disease-aware projection layer,
where v denotes the number of views of the input image, d denotes the number of
disease categories [7], L denotes the length of the report, and e is the embedding
dimension. Each image-text pair (Ii, Tj) is associated with a multi-label disease
annotation yi, yTj

∈ {0, 1}d extracted using CheXbert [20], where 1 signifies the
confirmed presence of a specific disease, while 0 represents all other cases.

Within a training batch, reports that share identical disease labels with the
input image are treated as positive samples, defined as Pi = {Tj | yTj = yi},
while reports with mismatched disease annotations are regarded as negative
samples, defined as Ni = {Tj | yTj

̸= yi}. Based on this formulation, we design a
multi-positive contrastive objective to explicitly model disease-level consistency:

LD
con = − log

∑
j∈Pi

exp(sim(FI , FTj )/τ)∑
j∈Pi∪Ni

exp(sim(FI , FTj )/τ)
, (1)
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where sim(·) denotes cosine similarity and τ is a temperature parameter.
Unlike conventional contrastive learning with a single positive, our method

incorporates multiple disease-consistent positives. This alleviates the sparsity
issue of single-positive supervision and improves robustness to label imbalance.

Disease-matching Constrained Image-Text Retrieval Despite encourag-
ing disease-aware alignment, retrieval solely based on embedding similarity may
still introduce diagnostically inconsistent references. To address this issue, we in-
troduce a disease-matching constraint to further improve diagnostic consistency.

Formally, given an input image embedding FI , we first select the top-k text
embeddings {F ′

T1
, . . . , F ′

Tk
} from the retrieval queue based on similarity scores.

Then, the constraint γ is defined as:

γ =
1

k

k∑
i=1

LCE

(
yI , yTi

)
, (2)

where yI and yTi denote the ground-truth disease annotations of the input
image and the i-th retrieved report, and k is the number of retrieved reports.
LCE represents the binary cross-entropy loss [14] computed independently for
each disease category.

Minimizing this constraint encourages retrieved reports to contain disease-
relevant findings similar to those in the input image.

2.2 Optimal Transport-Enhanced Cross-Modal Fusion

In clinical practice, radiologists do not treat all available textual information as
equally informative. Instead, they selectively consult and weigh relevant clini-
cal records and prior reports based on the visual findings in the image, while
disregarding unrelated or redundant information.

We employ Multi-Prompt Sinkhorn Attention (MPSA) [10] for visual-text
cross-attention to model this behavior. Unlike conventional multi-head cross-
attention (MHCA) [22], MPSA is grounded in optimal transport (OT) theory
and incorporates global contextual constraints into the attention computation,
enabling globally constrained reweighting of visual-text correspondences. This
allows the model to selectively emphasize clinically relevant textual knowledge,
conditioned on visual evidence, while suppressing irrelevant content.

Formally, given the visual feature representation Fv extracted from the input
medical image and the global textual representation Fg encoded from the most
relevant retrieved clinical report, the fused features Fc ∈ Rd×e are defined as:

Fc = MPSA(QKT )V, (3)

where Q = ϕq(Fv), K = ϕk(Fg), and V = ϕv(Fg) denote the query, key, and
value projections, respectively.

To preserve visual fidelity and stabilize training, we employ a residual connec-
tion followed by layer normalization, formulated as Fc = fproj(LayerNorm(Fc +
Fv)), where fproj denotes a learnable projection layer.
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2.3 Disease Classifier for Disease-aware Feature Extraction

To explicitly encode disease semantics, we introduce an auxiliary disease classifier
that leverages the fused features Fc to predict disease annotations. A per-disease
binary Softmax is applied over each disease category. The predicted disease prob-
abilities and corresponding classification loss are given by:

ŷ = Softmax

(
Fc · Φ⊤
√
e

)
, (4)

Lcls = Focal(ŷ, y), (5)

where ŷ ∈ Rd×2 denotes the predicted disease probabilities, y ∈ Rd×2 represents
the ground-truth disease annotations, Φ ∈ R2×e is a learnable disease embedding
matrix. The Focal term denotes the focal loss [13], which mitigates severe label
imbalance in multi-label disease classification.

Based on the predicted distribution, disease-aware features Fd ∈ Rd×e are
extracted as Fd = ŷ · Φ + Fc, which emphasize disease-relevant visual patterns
while preserving the original fused representation.

2.4 Loss Function

We construct a text decoder to synthesize a reliable report from the fused cross-
modal representation Fc and the disease-aware features Fd. During training, the
decoder is optimized using an autoregressive cross-entropy loss [14] Lgen :

Lgen = −
N∑
t=1

logP (Tt | T<t, Fc, Fd), (6)

where Tt denotes the t-th token in the ground-truth report T , T<t represents
previously generated tokens, and N is the report length.

The overall training objective is:

L = LD
con + λmatchγ + λclsLcls + λgenLgen. (7)

where λmatch, λcls, and λgen are weighting coefficients that balance retrieval
consistency, disease supervision, and generation objectives.

3 Experiment

Datasets and Evaluation Metrics We evaluate our model on two widely
used benchmarks: MIMIC-CXR [9] and IU X-Ray [5]. The MIMIC-CXR dataset,
released by the Beth Israel Deaconess Medical Center, contains a large-scale
collection of chest X-ray images paired with corresponding reports. Following
previous works [2, 8], we split the dataset into 270,790 training samples, 2,130
validation samples, and 3,858 test samples for fair comparison. The IU X-Ray
dataset from Indiana University includes 7,470 frontal and lateral chest X-ray
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images and 3,955 associated reports. Due to the limited positive samples for
certain diseases in the test set, we follow prior work [8] by evaluating the model
trained on MIMIC-CXR directly on the entire IU X-Ray dataset.

We evaluate model performance in two aspects: natural language generation
(NLG) and clinical efficacy (CE). For NLG, we measure report quality using
BLEU [17], METEOR [1], and ROUGE-L [12]. For CE, we use CheXbert [20] to
label the generated reports and compare them with ground-truth labels across
14 disease categories, assessing precision, recall, and the F1 score.

Table 1. Comparison with state-of-the-art methods on the MIMIC-CXR and IU X-
Ray datasets. BL-1, BL-2, BL-4 denote BLEU scores; MTR denotes METEOR; R-L
denotes ROUGE-L; Pre. denotes Precision; The best results are highlighted in bold.

Dataset Model NLG Metrics CE Metrics

BL-1 BL-2 BL-4 MTR R-L Pre. Recall F1

MIMIC-CXR

R2Gen 0.353 0.218 0.103 0.142 0.277 0.333 0.273 0.276
M2TR 0.378 0.232 0.107 0.145 0.272 0.240 0.428 0.308
M2KT 0.386 0.237 0.111 0.137 0.274 0.420 0.339 0.352
DCL – – 0.109 0.150 0.284 0.471 0.352 0.373
RGRG 0.373 0.249 0.126 0.168 0.264 0.461 0.475 0.447
KiUT 0.393 0.243 0.113 0.160 0.285 0.371 0.318 0.321
PromptMRG 0.398 0.239 0.112 0.157 0.268 0.501 0.509 0.476
EKAGen 0.419 0.258 0.119 0.157 0.287 0.517 0.483 0.499
KIA 0.415 0.274 0.136 0.167 0.307 0.504 0.425 0.461
STREAM 0.422 0.271 0.137 0.165 0.290 0.527 0.412 0.462

Ours 0.438 0.278 0.146 0.177 0.314 0.542 0.526 0.552

IU X-Ray

R2Gen 0.289 0.155 0.052 0.128 0.243 0.151 0.145 0.145
M2KT 0.371 0.239 0.078 0.153 0.261 0.153 0.145 0.145
DCL 0.354 0.230 0.074 0.152 0.267 0.168 0.167 0.162
RGRG 0.266 0.215 0.063 0.146 0.180 0.183 0.187 0.180
PromptMRG 0.401 0.247 0.098 0.160 0.281 0.213 0.229 0.211

Ours 0.417 0.258 0.105 0.167 0.292 0.276 0.268 0.256

Implementation details Our baseline model adopts a structure similar to
that in [8], integrating a pre-trained ResNet-101 [19], a Transformer encoder, a
Transformer decoder, and an auxiliary disease classification branch. The Trans-
former architecture consists of 8 attention heads with dimension of e = 256. We
use the AdamW optimizer with a batch size of 32, a learning rate of 5 × 10−4,
and a weight decay of 0.01. All experiments are conducted on an NVIDIA A800
GPU (80GB).

4 Analysis

Performance Comparison To evaluate the effectiveness of our model, we com-
pare it with a comprehensive set of state-of-the-art methods, including R2Gen
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[3], M2TR [15], M2KT [23], DCL [11], RGRG [21], KiUT [6], PromptMRG [8],
EKAGen [2], KIA [25], and STREAM [24]. The quantitative results are summa-
rized in Table 1. On the MIMIC-CXR dataset, our method achieves the best per-
formance across all NLG and CE metrics. Specifically, it attains BLEU-1 (0.438),
BLEU-2 (0.278), BLEU-4 (0.146), METEOR (0.177), ROUGE-L (0.314), Pre-
cision (0.542), Recall (0.526), and an F1 score (0.552), demonstrating superior
clinical consistency and report generation quality. Following PromptMRG [8], we
directly evaluate models pretrained on MIMIC-CXR for the IU X-Ray dataset.
As shown in Table 1, our method also achieves the highest performance across
all NLG metrics and CE metrics, indicating strong cross-dataset generalization.

Table 2. Ablation study on MIMIC test set, assessing the key components:
Disease-prior Multi-positive Contrastive Learning (DMCL), Disease-matching Con-
strained Image-Text Retrieval (DCR), Optimal Transport-Enhanced Cross-Modal Fu-
sion (OTCF), and Disease Classifier for Disease-aware Feature Extraction (DFE).

DMCL DCR OTCF DFE NLG Metrics CE Metrics

BL-1 BL-4 METEOR R-L Precision Recall F1

× × × × 0.397 0.116 0.158 0.272 0.452 0.436 0.437
✓ × × × 0.405 0.120 0.160 0.278 0.497 0.478 0.471
✓ ✓ × × 0.416 0.126 0.164 0.286 0.522 0.508 0.524
✓ ✓ ✓ × 0.431 0.143 0.172 0.305 0.528 0.514 0.531
✓ ✓ ✓ ✓ 0.438 0.146 0.177 0.314 0.542 0.526 0.552

Ablation Studies As shown in Table 2, we conduct ablation experiments on
the MIMIC-CXR test set to analyze the contribution of each component by incre-
mentally integrating them into the BASE configuration which only includes clas-
sifier and generator. Introducing DMCL yields consistent improvements across
both NLG and CE metrics, demonstrating the effectiveness of disease-aware
image-text alignment. When DCR is further incorporated, additional gains are
observed in BLEU and ROUGE-L, indicating that enforcing disease consistency
during retrieval facilitates the selection of more clinically relevant reference re-
ports. Adding OTCF results in further performance improvements, particularly
in higher-order NLG metrics, validating its ability to selectively integrate com-
plementary cross-modal information. Finally, integrating DFE achieves the best
overall performance, highlighting the importance of explicitly modeling disease
semantics for accurate and clinically consistent report generation.

Additionally, we analyzed the impact of different top-k values on report gen-
eration performance. Table 3 shows that the model achieved peak performance
at k = 18.

Qualitative Results Fig. 2 presents a qualitative comparison between our
method, the baseline, and PromptMRG. Text segments consistent with the
ground truth are highlighted in colors, while inconsistent segments are shown
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Table 3. Ablation study on IU X-Ray dataset, assessing the impact of different top-k
values on report generation performance.

Setting NLG Metrics CE Metrics

BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L Precision Recall F1

k = 6 0.386 0.231 0.148 0.089 0.151 0.268 0.258 0.224 0.232
k = 12 0.406 0.251 0.162 0.101 0.162 0.288 0.261 0.249 0.247
k = 18 0.417 0.258 0.166 0.105 0.167 0.292 0.276 0.268 0.256
k = 24 0.415 0.254 0.164 0.103 0.165 0.290 0.273 0.263 0.251
k = 30 0.416 0.252 0.163 0.102 0.163 0.288 0.269 0.258 0.248

in black. Our model successfully captures the majority of key findings, includ-
ing bilateral pleural effusions, pulmonary edema, and atelectasis. In contrast,
PromptMRG only partially describes several critical observations, while the
baseline occasionally introduces redundant or inaccurate statements. These re-
sults qualitatively demonstrate the improved clinical consistency and reliability
of the proposed framework.

Ground-Truth
There are moderate bilateral pleural effusions, which appear similar in size from the prior CT of the chest. There are prominent interstitial markings, which likely represent 
mild pulmonary edema. Bibasilar hazy opacities are most consistent with atelectasis.  There is no evidence of a pneumothorax.  The mediastinal silhouette is normal.  The 
cardiac silhouette is difficult to fully evaluate, as the left heart border is obscured by the adjacent pleural effusion, but appears mildly enlarged, and stable from the prior 
chest CT.

Ours
Frontal and lateral views of the chest 
were obtained. Findings are suggestive 
of pulmonary edema.  Pleural effusions 
are present bilaterally. Opacities are 
present, consistent with atelectasis.  No 
pneumothorax is identified. Cardiac 
silhouette appears enlarged. The 
cardiomediastinal silhouette is normal. 
No acute osseous abnormality is 
identified.

PromptMRG
PA and lateral chest radiographs show 
clear lungs. Pulmonary edema is 
noted. The lungs are otherwise 
grossly aerated.  No definitive
pneumothorax is seen. Opacities are 
present at the lung bases.  Heart 
appears enlarged.   

Baseline
Normal heart size and hilar contours. 
Lungs are grossly clear. There is no 
evidence of pulmonary edema and 
pneumothorax. No pneumonia.  
Bibasilar opacities are present. 
Unchanged appearance of the cardiac 
silhouette.

Input Image

Fig. 2. Qualitative results on the MIMIC-CXR dataset are presented with visual high-
lights: matches with the ground truth are shown in corresponding colors, inconsistencies
are marked in black, and those contradicting the ground truth are underlined in red.

5 Conclusion

We presented DCAF, a Disease-Consistent Visual-Text Alignment and Fusion
framework for reliable radiology report generation. By incorporating disease-
aware contrastive retrieval, an optimal transport-enhanced cross-modal fusion
mechanism, and explicit disease-guided feature learning, the proposed method
improves both diagnostic consistency and report generation quality. Extensive
experiments on MIMIC-CXR and IU X-Ray demonstrate state-of-the-art per-
formance across natural language generation and clinical efficacy metrics. These
results underscore that DCAF provides a clinically grounded retrieval-generation
paradigm for more reliable automated report generation. Future work will focus
on multi-center clinical validation and real-world system integration.
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