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Abstract. Automatic radiology report generation has the potential to
assist radiologists by providing preliminary clinical descriptions. Despite
recent progress in medical vision-language models, generated reports of-
ten contain factual inconsistencies and repetitive templated findings, in-
dicating weak grounding to image evidence. Retrieval-augmented gen-
eration (RAG) improves grounding by conditioning on prior reports;
however, existing end-to-end optimization suffers from representation
inconsistency, as actively updated query representations diverge from
stale historical keys. This mismatch destabilizes the retrieval space and
disrupts supervision. We propose CARE (Clinically Aligned Retrieval
Evidence), a multimodal framework introducing temporally coherent re-
trieval supervision. CARE maintains a shared memory queue populated
by a slowly evolving momentum key encoder to ensure a stable repre-
sentation space. We further introduce a Disease-Aware Alignment ob-
jective that enforces diagnostic agreement between input images and
retrieved reports to guide generation. Trained on IU-Xray and evalu-
ated on the MIMIC-CXR-RRG dataset, CARE significantly improves
report quality. It nearly doubles clinical entity extraction performance
in training-free adaptation settings and substantially reduces repetitive
report collapse across multiple backbones. The source code is available
at: https://github.com/Levii-zhu/CARE

Keywords: Radiology report generation · Retrieval-augmented genera-
tion · Vision-language models · Chest X-ray.

1 Introduction

Automated radiology report generation aims to produce clinically grounded di-
agnostic descriptions from medical images, alleviating radiologists’ workload
and reducing diagnostic variability [10,2]. A high-quality report must provide
structured and precise interpretations of visual findings to support downstream
therapeutic decisions [12]. Recent progress in multimodal large language mod-
els (MLLMs) has demonstrated strong biomedical visual understanding [15,21].
⋆ Corresponding author.
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Despite this, directly applying these models to radiology reporting remains chal-
lenging: generated reports often contain factual inconsistencies or unsupported
clinical findings, or fall back to repetitive templates lacking patient-specific clin-
ical details [9,24,33]. Unlike generic image captioning, radiology reporting re-
quires strict alignment between visual evidence and pathological interpretation
[13], making even minor factual errors clinically problematic.

Retrieval-Augmented Generation (RAG) introduces external clinical evidence
by conditioning report generation on prior cases [4]. While traditional systems
employ a frozen retriever, end-to-end RAG jointly optimizes the retriever with
the generation objective [14]. However, as the query encoder is updated through
backpropagation, its representations may gradually diverge from stale historical
keys stored in the retrieval queue, creating inconsistent retrieval supervision.
This mismatch can weaken reliable image–pathology associations and encourage
the generator to rely on frequent textual patterns rather than retrieved visual ev-
idence. Such shortcut learning [5] is particularly problematic under cross-dataset
shifts, where diagnostic statements should remain grounded in the input image.
Unlike conventional momentum-contrastive learning, where queued keys primar-
ily serve as negative samples, our method uses the queue as a source of retrieved
clinical evidence for report generation. Therefore, temporal drift affects not only
contrastive supervision but also the evidence conditioned on by the generator.

Motivated by these challenges, we propose CARE (Clinically Aligned Re-
trieval Evidence), a retrieval-grounded training framework designed to main-
tain coherent retrieval supervision during optimization. CARE adopts a MoCo-
inspired architecture [6] with a gradient-updated query encoder and a slowly
evolving momentum encoder, ensuring that historical keys in the memory queue
reside in a smoothly evolving representation space. In addition, we introduce a
Disease-Aware Alignment objective using CheXbert [27]. Unlike prior disease-
matching retrieval constraints [26], CARE couples diagnostic compatibility with
differentiable retrieval weights, encouraging the generator to condition on clini-
cally compatible evidence rather than superficially similar text.

We train on the IU-Xray dataset [3] and evaluate out-of-domain general-
ization via training-free adaptation on the MIMIC-CXR benchmark [11]. The
contributions of this work are threefold: 1) We propose CARE, a retrieval-
grounded framework that maintains temporally coherent retrieval supervision
through a momentum-updated key encoder and a shared memory queue. Un-
like conventional contrastive queues, the stored representations are associated
with reports used as generation evidence, making retrieval consistency impor-
tant for both representation learning and report generation. 2) We introduce a
differentiable disease-aware evidence alignment objective that couples retrieval
weighting with diagnostic compatibility, encouraging the model to select clini-
cally compatible retrieved reports rather than merely textually similar evidence.
3) Extensive evaluations demonstrate superior clinical efficacy on IU-Xray and
robust out-of-domain generalization on MIMIC-CXR. Empirically, CARE nearly
doubles the clinical entity extraction performance of its base model in training-
free adaptation settings and remains competitive with fully supervised models.
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Fig. 1. Overview of the CARE framework. A chest X-ray image is processed by the
query encoder to extract query features qI and qT , while the momentum key encoder
(updated via exponential moving average) provides temporally coherent key repre-
sentations kI and kT to populate a shared Retrieval Memory Queue. We enforce a
Disease-Aware Alignment Loss using soft retrieval weights αi to ensure the retrieved
top-K reports are diagnostically consistent with the visual input. Finally, the projected
image features Hproj and the retrieved clinical evidence R are fed into a frozen LLM
to autoregressively generate the diagnostic report.

2 Method

Consistent Memory Queue via Momentum Encoders. To prevent the
retrieval representation space from becoming inconsistent during active end-to-
end optimization, CARE adopts a momentum-driven memory architecture [6].
As illustrated in Fig. 1, a gradient-updated query encoder fq extracts query
features qI ∈ Rd and qT ∈ Rd from an input image I and its corresponding
report T . Concurrently, a slowly evolving momentum encoder fk processes the
same inputs to produce key features kI and kT . We maintain a First-In-First-
Out (FIFO) dynamic memory queue Q of size M . For each historical sample,
Q stores the momentum-encoded keys (kI , kT ), the ground-truth disease label
vector y, and the raw report text r. Crucially, the momentum encoder parameters
θk are updated strictly via an exponential moving average (EMA) of the query
parameters (θk ← mθk+(1−m)θq). This mathematical constraint decouples the
memory keys from abrupt backpropagation updates, ensuring that the historical
representations in Q reside in a smoothly evolving, consistent space.

Contrastive Retrieval Learning. Building upon recent successes in cross-
modal representation learning (e.g., ALBEF [17]) and medical vision-language
pre-training [35,30], we optimize the retrieval space using the coherent keys es-
tablished in Q. Specifically, we apply a symmetric InfoNCE loss [22] to contrast
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the active queries against their corresponding positive keys, while pushing away
negative keys sampled from both the dynamic memory queue and the current
mini-batch. The objective is defined as:

Lcontrast = −
1

2

∑
v∈{I,T}

log
exp(qv · k+v̄ /τnce)∑

k∈{k+
v̄ }∪Qv̄∪Bv̄

exp(qv · k/τnce)
, (1)

where v ∈ {I, T} denotes the query modality, and v̄ denotes its cross-modal
counterpart. For a given query qv, k+v̄ represents the positive key feature from
the paired sample. The denominator computes the similarity over the positive
key and a comprehensive set of negative keys k, drawn from the union of the
cross-modal memory queue Qv̄ and the current mini-batch Bv̄. By leveraging
the momentum queue, this contrastive objective effectively decouples the neg-
ative sample size from the mini-batch limit while maintaining representation
consistency.

Disease-Aware Clinical Evidence Alignment. For enforcing diagnostic con-
sistency, we retrieve the top-K candidates from Q based on cosine similar-
ity si = sim(qI , kTi

) and assign soft weights via softmax relaxation as αi =

exp(si/τalign)/
∑K

j=1 exp(sj/τalign), where τalign is a temperature hyperparam-
eter controlling the sharpness of the retrieval weight distribution. Let y and yTi

denote the clinical state vectors [27] of the query and the i-th retrieved sample.
The alignment objective minimizes the expected diagnostic penalty computed by
Mean Squared Error (MSE) as Lalign =

∑K
i=1 αi·MSE(OneHot(y),OneHot(yTi

)).
Crucially, gradients propagate through αi to the query encoder, coupling re-
trieval weighting with visual representation learning.

Retrieval-Grounded Report Generation & Optimization. The frozen
LLM is conditioned on the retrieved reports R = {r1, . . . , rK} and the image
patch tokens Hp. Specifically, Hp is mapped to the LLM’s text embedding space
via a trainable Multimodal (MM) Projector [19], yielding the projected features
Hproj . For seamless integration of visual and textual evidence, we construct the
multimodal input using a fixed instruction prompt: “Based on the given chest
X-ray image, generate a radiology report. Here are some similar cases for ref-
erence: [R]”, where [R] represents the concatenated text of the top-K retrieved
reports. The generation loss is computed as the standard autoregressive nega-
tive log-likelihood Lgen = −

∑
t logP (wt | w<t, Hproj , R), where wt denotes the

t-th token of the ground-truth report and w<t represents all preceding tokens.
During training, the LLM remains frozen, and the momentum encoders are up-
dated strictly via exponential moving average. Only the query encoders and the
MM Projector are updated by minimizing the joint objective. The three ob-
jectives respectively regularize representation consistency, clinical compatibility,
and generative fidelity, combined as Ltotal = Lcontrast + Lalign + Lgen.
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3 Experiments

Datasets and evaluation metrics. CARE is evaluated under two settings:
in-domain performance and out-of-domain generalization. IU-Xray [3] serves
as the primary training corpus and is evaluated using the official patient-level
split. For out-of-domain assessment, we adopt the MIMIC-CXR-RRG bench-
mark [33,34], a standardized evaluation subset derived from the official MIMIC-
CXR test set [11]. This cross-dataset setting introduces substantial variations in
disease prevalence, institutional reporting styles, and imaging protocols. To as-
sess generalization without prior target-domain supervised training, we employ
the LLaVA-Med [15] backbone, whose pre-training data excludes MIMIC-CXR.
All parameters optimized on IU-Xray remain frozen, and adaptation to the tar-
get reporting style is achieved solely by populating the external memory queue
with text-only reports from MIMIC-CXR. We report standard natural language
generation (NLG) metrics (BLEU, METEOR, ROUGE-L) [25,1,18], together
with clinically grounded evaluations, including RadGraph F1 and Exact Reward
(RG-F1, RGER) [8], as well as CheXbert-based micro- and macro-F1 over five
CheXpert categories [27,7], denoted 5Mi-F1 and 5Ma-F1, respectively. We also
report RadCliQ0 (CliQ0; ↓), a composite metric reflecting radiologist preferences
[31].

Implementation details. We instantiate CARE on LLaVA-Med [15] and
LLaVA-Rad [32]. For fair comparison, we freeze the core LLM and optimize
only the query encoder, multimodal projector, and momentum retrieval compo-
nents. Models are trained on 8 NVIDIA A100 GPUs for 20 epochs using AdamW
[20] (lr=5× 10−5, batch size=32, bf16). Retrieval parameters follow the config-
uration of K = 5, m = 0.999, |Q| = 1000, and τnce = τalign = 0.07. Open-source
baselines are locally re-evaluated using official weights unless otherwise noted.

In-domain performance. Evaluation on the IU-Xray dataset demonstrates
the effectiveness of CARE across both the general-domain LLaVA-Med backbone
and the medically optimized LLaVA-Rad backbone. As shown in Table 1, CARE
consistently outperforms the corresponding SFT variants on most evaluation
metrics, while remaining competitive with the compared baselines(XrayGPT,
R2GenGPT, and EVCAP [28,29,16]). An interesting observation is that the im-
provements are not always reflected in RG-F1 and CliQ0, two clinically impor-
tant report-level metrics. In several cases, CARE achieves comparable or slightly
lower scores than the corresponding SFT models despite outperforming them on
most other metrics. We hypothesize that this behavior is related to differences
in report diversity. Standard SFT tends to imitate dominant normal-style re-
porting templates, whereas retrieval-augmented CARE generates more diverse
reports conditioned on retrieved evidence. To examine this effect, Fig. 2 reports
the cumulative number of unique N-grams generated across the test set. For
both LLaVA-Med and LLaVA-Rad, CARE exhibits substantially higher vocab-
ulary diversity, while the corresponding SFT models produce markedly flatter
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Table 1. Performance evaluation on the IU-Xray dataset. Models are grouped by their
exposure to the training set.

Dataset: IU-Xray

Clinical Metrics Lexical Metrics
Model 5Mi-F1

5Ma-F1 RG-F1 RGER CliQ0 (↓) B-1 B-4 MTR R-L

Zero- or Few-Shot Models

MedFlamingo [21] (Few-shot) 5.1 3.2 5.0 5.1 4.86 14.2 1.3 8.8 10.0
LLaVA-Med [15] 3.9 1.0 6.4 7.0 4.51 13.4 0.7 12.4 10.1

Supervised Models (Either Pretrained or Finetuned on IU-Xray)

XrayGPT [28] 12.2 12.3 30.4 32.4 3.02 32.3 5.6 23.9 24.1
R2GenGPT [29] 3.9 3.5 24.8 24.8 3.27 38.2 12.8 30.9 24.6
EVCAP [16] 11.2 5.4 20.2 32.1 3.72 16.8 3.3 25.2 16.5
LLaVA-Med (SFT) [15] 1.0 0.3 30.1 25.3 3.18 25.7 8.6 19.6 27.9
CARE (LLaVA-Med) 20.4 15.4 27.5 29.5 3.17 30.3 6.9 24.7 24.0
LLaVA-Rad [32] 27.9 23.9 28.5 30.0 3.03 37.0 8.9 25.3 27.3
LLaVA-Rad (SFT) [32] 34.4 23.2 38.0 34.0 2.55 39.1 13.3 28.0 34.4
CARE (LLaVA-Rad) 35.1 26.9 32.2 35.4 2.75 40.7 14.6 30.3 31.9

diversity curves, indicating stronger reliance on recurrent report templates. We
further argue that this trade-off is generally favorable from a clinical perspec-
tive. Although template-driven generation can maintain competitive RG-F1 and
CliQ0 scores, excessive reliance on normal-style templates may impair abnormal-
ity recognition. This effect is particularly evident for LLaVA-Med, whose SFT
version exhibits extremely low diversity and even achieves lower 5Mi-F1 and
5Ma-F1 scores than the original backbone, suggesting degraded abnormality-
label agreement after fine-tuning. A similar but less severe trend can be observed
for LLaVA-Rad, where the SFT version attains a lower 5Ma-F1 than the origi-
nal model. In contrast, CARE avoids this performance regression. These findings
suggest that CARE achieves a better balance between report-level similarity and
pathology-level correctness, mitigating the mode collapse commonly observed in
standard SFT.

Fig. 2. Cumulative count of unique N-grams generated across the test set. CARE
maintains substantially higher vocabulary diversity.
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Ground-Truth
As compared to the previous examination from ___, the rounded pleural opacity (should not be mistaken for a mass) on the 
right, caused by encapsulated pleural effusion, has almost completely resolved. The right pleural effusion has decreased in 
extent. However, there is elevation of the hemidiaphragm, a small basal pleural effusion and subsequent areas of atelectasis. 
On the left, the lung parenchyma now appears normal. Healed left rib fractures are visible. Normal size of the cardiac 
silhouette. Mild tortuosity of the thoracic aorta.

Base（LLaVA-Med）
The chest X-ray image shows several findings, including a right-sided 
pleural effusion, a right-sided pneumothorax, and a left-sided 
p n e u m o t h o r a x .  A d d i t i o n a l l y ,  t h e r e  i s  a  r i g h t - s i d e d 
pneumomediastinum.  These f indings suggest that there are 
abnormalities in the patient's chest, which may be related to an 
underlying medical condition or injury.

XrayGPT
The chest x-ray shows a normal heart size, with normal mediastinal and 
hilar contours. The pulmonary vasculature is also normal, and there is 
no evidence of pleural effusion or pneumothorax. The lungs are 
clear, and there are no acute osseous abnormalities. The impression 
is that there is no acute cardiopulmonary abnormality.

LLaVA-Rad
In comparison with the study of ___, there is little overall\n change. 
Again there is elevation of the right hemidiaphragmatic contour 
with\n blunting of the costophrenic angle and pleural thickening. 
Multiple rib\n fractures are again seen on the right with no evidence 
of pneumothorax. The\n left lung is essentially clear.

CARE（LLaVA-Med）
The chest X-ray image shows low lung volumes and linear bibasilar 
opacity, which is likely atelectasis. Additionally, there is blunting of the 
left lateral costophrenic angle, which may be due to additional 
atelectasis or potentially a small effusion. Elsewhere, the lungs appear 
clear. The cardiomediastinal silhouette is stable. The old healed right 
posterior rib fracture is again noted. No acute osseous abnormality is 
identified in the image.

Fig. 3. Qualitative comparison under the training-free adaptation setting. Unlike base-
lines that suffer from mode collapse (e.g., outputting rigid “clear lungs” templates) or
unsupported clinical findings (e.g., inventing pneumothorax), CARE effectively aligns
with genuine clinical pathology, correctly identifying atelectasis, small effusion, and the
subtle “old healed” attribute of the rib fracture.

Table 2. Out-of-domain generalization on the MIMIC-CXR-RRG benchmark. Baseline
results for GPT-4V, MedFlamingo, and LLaVA are reported from [32]. Best and second-
best results under the training-free adaptation setting are highlighted in bold and
underlined, respectively.

Dataset: MIMIC-CXR-RRG

Clinical Metrics Lexical Metrics
Model 5Mi-F1

5Ma-F1 RG-F1 RGER CliQ0 (↓) B-1 B-4 MTR R-L

Supervised Models (Trained on MIMIC-CXR)

XrayGPT [28] 39.5 30.0 19.7 18.1 3.66 30.3 5.9 19.1 21.9
R2GenGPT [29] 22.7 19.2 17.1 17.6 3.68 32.3 7.8 23.3 20.5
LLaVA-Rad [32] 55.7 46.6 21.2 20.7 3.41 33.4 9.7 23.0 25.1

Zero- or Few-Shot Models

GPT-4V [23] 25.8 19.6 13.2 – – 16.4 1.9 – 13.2
MedFlamingo [21] (Few-shot) 21.1 12.1 9.2 7.1 4.37 10.6 1.3 9.6 14.4
LLaVA [19] 23.4 17.5 4.5 – – 21.0 1.3 – 13.8
LLaVA-Med [15] 35.2 17.5 7.0 6.3 4.26 23.2 1.2 12.0 15.6
CARE (LLaVA-Med) 37.7 30.4 13.0 13.2 3.88 31.4 4.3 17.3 17.8

Out-of-domain generalization. Evaluation of whether CARE captures in-
variant diagnostic semantics—rather than overfitting to dataset-specific pat-
terns—is conducted via out-of-domain assessment on the MIMIC-CXR-RRG
benchmark [11] (Table 2). For training-free adaptation, all IU-Xray optimized
parameters remain frozen. Leveraging RAG’s plug-and-play nature, report-style
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adaptation is achieved simply by populating the memory queue with 500 ran-
domly sampled text-only reports from MIMIC-CXR-RRG. As inference relies
solely on cross-modal retrieval, this setting requires no target-domain images or
labels and evaluates adaptation under the absence of target-domain supervision.
Unlike specialized medical baselines (e.g., LLaVA-Rad [32], XrayGPT [28], and
R2GenGPT [29]) that inherently include MIMIC-CXR in their training corpora,
the LLaVA-Med [15] backbone was never exposed to MIMIC-CXR data. Eval-
uated under this training-free domain adaptation setting, CARE demonstrates
robust generalization, nearly doubling the clinical entity extraction performance
of the LLaVA-Med baseline (RG-F1 [8] improving from 7.0 to 13.0). Further-
more, as qualitatively demonstrated in Figure 3, CARE effectively overcomes
the memorization of dataset-specific lexical priors, successfully identifying sub-
tle clinical pathologies while baseline models suffer from severe mode collapse.

Table 3. Ablation study evaluating the step-wise contributions of CARE components
using the LLaVA-Med [15] backbone on the IU-Xray dataset.

Dataset: IU-Xray

Clinical Metrics Lexical Metrics
Ablation Setting 5Mi-F1

5Ma-F1 RG-F1 RGER CliQ0 (↓) B-1 B-4 MTR R-L

Backbone: LLaVA-Med

Pre-trained Base 3.9 1.0 6.4 7.0 4.51 13.4 0.7 12.4 10.1
+ In-batch CRL 13.8 8.5 25.4 28.9 3.44 22.0 3.8 23.5 19.9
+ SFT (MM Projector) [19] 14.6 12.2 26.3 29.0 3.20 28.1 5.5 24.3 22.8
+ Disease-Aware Alignment 14.9 12.4 26.9 29.3 3.22 28.2 6.6 24.6 23.1
→ Momentum Memory (CARE) 20.4 15.4 27.5 29.5 3.17 30.3 6.9 24.7 24.0

Ablation study. We conduct an ablation study on the LLaVA-Med [15] back-
bone to analyze the incremental contributions of CARE components (Table 3).
Starting from the Pre-trained Base, we first introduce retrieval-augmented gener-
ation optimized via In-batch Contrastive Retrieval Learning (+ In-batch CRL),
where training relies solely on in-batch negatives without a memory queue. The
retriever is trained within the batch but remains fixed at inference. We then in-
corporate Supervised Fine-Tuning (+ SFT) to optimize the multimodal projector
for end-to-end report generation, which substantially improves clinical extraction
(e.g., RG-F1 reaching 26.3). However, in-batch sampling limits the diversity of
retrieval supervision and does not provide a temporally consistent representation
space for dynamic optimization. Adding the Disease-Aware Alignment objective
further enforces diagnostic compatibility between images and retrieved reports,
yielding consistent gains. Finally, replacing in-batch sampling with a momentum-
driven memory queue (→ Momentum Memory, CARE) introduces a dynami-
cally maintained yet temporally stable retrieval space. This design enlarges the
negative pool beyond batch constraints while ensuring smooth representation
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evolution during joint training. As a result, CARE achieves the best overall clin-
ical performance, demonstrating the importance of coherent and stable retrieval
supervision.

4 Conclusion

We introduced CARE, a retrieval-grounded framework mitigating representa-
tion inconsistency for end-to-end radiology report generation. By integrating a
momentum memory queue and a Disease-Aware Alignment Objective, CARE
encourages reports to be conditioned on clinically compatible visual evidence
rather than dataset-specific priors. Evaluations show that CARE reduces short-
cut learning [5] and template collapse while improving clinical entity extraction
in training-free adaptation settings. CARE still lacks explicit filtering for severely
erroneous retrieved evidence and has not been evaluated under adversarially
corrupted retrieval evidence. It also lacks entity- or region-level grounding and
expert radiologist evaluation. Future work will address these limitations through
retrieval verification, fine-grained grounding, and parameter-efficient LLM adap-
tation.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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