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Abstract

Automated radiology report generation aims to cre-
ate clear and clinically correct diagnostic reports
from medical images. Existing retrieval enhance-
ment methods primarily focus on reusing textual
knowledge, neglecting the crucial role of local vi-
sual pattern memory in clinical diagnosis. Further-
more, cross-modal retrieval lacking explicit clin-
ical semantic constraints can easily introduce ir-
relevant pathological information, thereby reduc-
ing the clinical effectiveness of the generated re-
ports. To address these challenges, we propose
ClinAlign—a memory-based retrieval framework
aligned with clinical workflow, drawing inspira-
tion from clinical diagnostic workflows. Visually,
we construct a disease-aware visual memory bank
and enhance local patch representations through
proposed Memory-based Patch Pattern Augmen-
tation (MPPA), thereby improving the perception
and discrimination of pathological regions. On
the textual side, we construct a disease-aware tex-
tual memory bank and introduce Classification-
Guided Prompt Augmentation (CGPA), where dis-
ease state predictions are converted into structured
diagnostic prompts to provide explicit semantic
guidance for textual memory retrieval. Exten-
sive experiments on two medical report generation
benchmarks, MIMIC-CXR and IU X-Ray, demon-
strate the effectiveness and practical value of our
proposed method.

1 Introduction

Radiology report generation aims to connect computer vision
and natural language processing to automatically generate
structurally standardized, professional, and clinically consis-
tent diagnostic reports from medical images [Nooralahzadeh
et al., 2021; Yan and Pei, 2022; Wang et al., 2023a] . This
task has significant practical value for clinical decision sup-
port and reducing the workload of radiologists [Tanida et
al., 2023; Bu et al., 2024; Tanno et al., 2025] . Compared
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Figure 1: Clinical workflow of radiologists during image reading
and report writing. Radiologists identify abnormalities, match them
to visual pattern memory, and retrieve disease-state—conditioned
knowledge and templates to produce structured reports.

to general image description tasks, radiology report genera-
tion is much more challenging: reports are typically lengthy,
structurally complex, and contain a large amount of technical
terminology. Furthermore, in radiology images, key lesions
often present subtle appearance features, have low contrast
characteristics, and are easily obscured by complex anatomi-
cal structures , making accurate perception and description of
lesions extremely difficult [Xie er al., 2023].

In recent years, various research methods have emerged in
the field of radiology report generation, including encoder-
decoder frameworks enhanced with knowledge graphs [Liu
et al., 2021; Chen et al., 2022; Li et al., 2023; Huang et al.,
2023], memory mechanisms [Jin ef al., 2024; Wang et al.,
2024c; Tao et al., 2024], and large language models [Wang
et al., 2023b; Chen et al., 2023; Liu et al., 2024b]. These
methods have significantly improved the quality of generated
reports. However, existing methods still have shortcomings
in realistically reflecting the clinical diagnostic process, es-
pecially in fine-grained lesion modeling and clinical seman-
tic consistency. Specifically, these limitations manifest in
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the following two aspects: First, existing research mainly
focuses on the reuse of textual memory, neglecting visual
pattern memory at the image patch level [Jin et al., 2024,
Wang er al., 2024c; Tao er al., 2024]. In the complex real-
ities of clinical diagnosis, radiologists rely heavily on visual
memory templates to conduct in-depth and meticulous analy-
ses of lesions’ morphology, texture, and local characteristics.
However, the problem is that existing models lack explicit
modeling of lesion regions at the image patch level, which
makes it extremely difficult for them to accurately perceive
and clearly distinguish lesion regions.

Second, current retrieval enhancement models have sig-
nificant shortcomings when it comes to offering clinical se-
mantic guidance. Usually, these approaches directly match
global image features with textual memory [Jin et al., 2024;
Wang et al., 2024c]. This leads to an over-reliance on super-
ficial similarity calculations and a lack of essential clinical
reasoning support during the retrieval process . Such a de-
sign fails to take into account the well-recognized medical
diagnostic principle of “identify first, then refine.” Radiol-
ogists first identify diseases and determine their states, and
then retrieve relevant knowledge. Skipping this crucial se-
mantic step might unintentionally incorporate pathologically
irrelevant information into the retrieval results, thus reducing
the clinical effectiveness of the generated reports. Figure 1
offers a brief overview of the real-world clinical workflow
adopted by radiologists: they first spot abnormalities, match
them with visual pattern memory, infer disease states, and
then retrieve clinically relevant knowledge and templates to
produce structured reports.

To tackle these limitations, we introduce ClinAlign, a
memory retrieval framework for radiology report genera-
tion that is aligned with clinical workflows. From the vi-
sual perspective, ClinAlign constructs a disease-aware Vi-
sual memory bank and then enhances patch-level repre-
sentations via Memory-based Patch Pattern Augmentation
(MPPA), thereby improving the perception and discrimina-
tion of pathological regions. In terms of text, ClinAlign
constructs a disease-aware textual memory bank and pro-
poses Classification-Guided Prompt Augmentation (CGPA).
This module translates the results of disease state prediction
into structured diagnostic prompts, offering explicit semantic
guidance for textual memory retrieval. This unified design
ensures that both the visual perception and textual retrieval
processes are in line with clinical diagnostic workflows, ulti-
mately leading to the generation of more accurate and clini-
cally coherent radiology reports.

We conduct extensive experiments on two medical report
generation benchmarks. The results show that the proposed
framework achieves competitive performance in report accu-
racy and clinical consistency, which effectively validates its
efficacy and practical significance in automatic radiology re-
port generation.

2 Related Work

2.1 Medical Radiology Report Generation

Radiology report generation aims to integrate computer vi-
sion and natural language processing technologies to auto-

matically produce structured, professional reports from medi-
cal images . Compared to general image description tasks, ra-
diology report generation is much more challenging: reports
are typically lengthy, structurally complex, and laden with
specialized terminology. Furthermore, in radiology images,
key lesions often present subtle appearance features, have low
contrast characteristics, and are easily obscured by complex
anatomical structures [Xie et al., 2023], making accurate per-
ception and description of lesions extremely difficult.

To overcome these limitations, researchers have explored
various approaches. Mainstream methods generally employ
an encoder-decoder architecture and enhance the profession-
alism and completeness of reports by incorporating strategies
such as knowledge graphs [Liu er al., 2021; Chen et al., 2022,
Yang et al., 2022; Huang et al., 2023; Li et al., 2023], con-
trastive learning [Yang er al., 2023; Hou et al., 2023; Wang
et al., 2024al], and memory mechanisms [Jin et al., 2024;
Wang et al., 2024c; Tao et al., 2024]. Furthermore, methods
optimized based on human feedback [Qin and Song, 2022;
Xiao et al., 2025] and the application of large language mod-
els have also been proven to effectively improve the quality
of generated reports [Chen et al., 2023; Liu ef al., 2024b;
Li et al., 2024a; Wang et al., 2025]. However, these methods
still have shortcomings in the accurate perception of subtle
lesions and semantic guidance that aligns with clinical diag-
nostic logic, which may reduce the clinical consistency of the
generated reports.

2.2 Retrieval-Augmented Generation

Retrieval-augmented generation (RAG) has become an im-
portant technological paradigm in the field of natural lan-
guage processing, demonstrating significant value in special-
ized tasks such as medical report generation [Singh et al.,
2025]. Tts core mechanism involves retrieving relevant mem-
ory knowledge units from large-scale professional corpora to
provide reliable references for the generation process, thereby
ensuring the professional accuracy of the output content .
Current retrieval-augmented RRG methods mainly retrieve
text from past reports [Yang er al., 2022; Jin ef al., 2024;
Wang et al., 2024c; Tao et al., 2024]. As a result, these meth-
ods deviate from the clinical workflow in two aspects. First,
they rarely model local visual pattern memory, which weak-
ens the perception and discrimination of pathological regions.
Second, they often jump straight to global image—text match-
ing, with no clear clinical guidance. Without first identifying
the disease and its state, retrieval can bring in irrelevant de-
tails and make the report less clinically consistent.

3 Method

3.1 Disease-Aware Multimodal Memory Bank

Disease-Aware Visual Memory Bank As illustrated in Fig-
ure 3, given a chest X-ray image of size, visual features
are extracted using a pre-trained medical Vision Transformer
(ViT). The image is divided into fixed non-overlapping 16x16
patches, which are then linearly projected into token embed-
dings and processed by Transformer encoder layers.The re-
sulting representations are fed into a multi-label classifica-
tion head to predict disease categories in the MIMIC-CXR
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Figure 2: Overview of the ClinAlign framework. The patch-level features are enhanced via MPPA by retrieving visual pattern memory from
a disease-aware visual memory bank. The text branch formulates structured prompts from the predicted disease states and applies CGPA
to retrieve relevant knowledge from a disease-aware text memory bank, yielding retrieval-augmented prompt features. Finally, the retrieval-
enhanced visual and textual representations are fused and decoded by a Transformer decoder to generate a structured radiology report.

dataset, with labels derived from expert-annotated radiology
reports. During training, the ViT backbone remains frozen,
and only the final linear classifier is fine-tuned.

Inspired by previous methods [Lin et al., 2023; Wang et
al., 2024b], we leverage the class activation map (CAM)
technique to localize disease-aware visual patches. In our
work, HiResCAM is applied to highlight image regions most
relevant to disease prediction. Compared with GradCAM,
HiResCAM produces more spatially precise heatmaps [Drae-
los and Carin, 2020], enabling clearer localization of clini-
cally significant pathological regions . Specifically, for an
input X-ray image I and each of its positive disease labels,
we generate a corresponding heatmap S € R¥*W For each
image patch p; in the heatmap .S, we compute the average
value v; within the patch region. v; is computed as follows:

ol 2 5@y (1)

(z Y)Ep;
where |p;| is the total number of pixels in patch p;. S(z,y) is
the activation value at pixel (z,y) in the heatmap S .
Only when v; exceeds a predefined threshold 6 is the patch
p; retained and stored in the visual memory bank correspond-
ing to that disease label.

o Vd U {pz}a

where V; denotes the visual memory bank for disease d. Fol-
lowing prior work, we set the threshold 6 to 0.5.

Directly utilizing the complete visual memory bank V; for
training and retrieval poses significant efficiency bottlenecks
and resource challenges, primarily due to its vast overall sam-
ple size. To address this issue, we compute the mean feature
centroid ¢4 for all samples within V; :

E:f (3)

feVy

otherwise

cq =
|Vd|

where |V is the total number of samples in V,; , and f de-
notes the feature vector of an individual sample. Based on
this centroid, we then select the k-nearest samples to con-
struct a.compact subset.

We apply this selection process to all disease categories,
extracting a compact subset for each. The final visual mem-
ory bank V), is then formed by merging all these subsets.
Disease-Aware Textual Memory Bank To leverage the rich
semantic information in medical reports, we construct a tex-
tual memory bank that operates in parallel with the visual one.
Specifically, we employ BioClinicalBERT [Alsentzer er al.,
2019] which is pre-trained on large-scale biomedical corpora
— as the text encoder to extract features from all radiology
reports in the training set. These textual features are then cat-
egorized according to the disease label associated with each
report. For each disease d, we build its corresponding tex-
tual memory bank 7, , formally defined as the set of textual
feature vectors belonging to that disease category.

To limit the scale of the textual memory bank, we apply
a parallel core sample selection strategy to all disease cate-
gories, extracting a compact and representative textual sub-
set for each. The final textual memory bank 7, used for
multimodal training is then constructed by merging all these
disease-specific subsets.

3.2 Memory-Based Patch Pattern Augmentation

To address the lack of patch-level visual memory in exist-
ing methods. We leverage the disease-aware visual memory
bank V,, to enhance local image features f, extracted by the
visual encoder via Hopfield-based retrieval. Following prior
work [Mao et al., 2025; Wang et al., 2025], we adopt a mod-
ern Hopfield network as the retrieval module due to its high-
capacity associative memory, robust convergence behavior,
and efficient matching of high-dimensional continuous rep-
resentations [Ramsauer er al., 2020]. The Hopfield network
performs associative retrieval between the input features and
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Figure 3: Pipeline for constructing the disease-aware visual memory
bank.

the stored disease-aware visual prototypes, yielding an en-
hanced representation:

f; = Hopfield(fy, Vin)- 4

Specifically, the Hopfield network matches each local fea-
ture f, against the memory patterns in V,, and aggregates
relevant disease-aware visual information to update the fea-
ture representation. The resulting enhanced feature f; ex-
plicitly incorporates disease-specific visual priors, improving
model’s ability to perceive and discriminate pathological vi-
sual patterns.

3.3 Classification-Guided Prompt Augmentation

Directly retrieving textual knowledge from global image fea-
tures often lacks explicit clinical semantics, leading to am-
biguous or irrelevant retrieval results. To provide structured
semantic guidance for textual retrieval and generation, we in-
troduce a classification-guided prompt mechanism based on
disease state recognition.

We use the global image feature f, for disease state classi-
fication, with the classification loss defined as:

M N C

£class = _Ml N Z Z Zyi,m,c log (gi,m,c) ) (5)

m=1 i=1 c=1

where M denotes the number of diseases, /N the number of
samples, and C the number of states per disease. ¥; . . and
Ui,m,c Tepresent the ground-truth label (one-hot) and the pre-
dicted probability, respectively.

The predicted disease states are used to fill predefined
prompt templates following the pattern “The [disease name]

is [disease state] in the image.”, thereby converting struc-
tured classification outputs into natural language descriptions.
The resulting prompts are encoded by BioClinicalBERT and
further enhanced via Hopfield-based retrieval over the con-
structed disease-aware textual memory bank 7,,:

ft* = Hopﬁeld(fprompta Tm)7 (6)

where frompt denotes the original prompt text feature.

Through associative retrieval from the disease-aware tex-
tual memory bank 7, the Hopfield network injects disease-
and state-specific clinical semantics as well as typical expres-
sion patterns into the prompt representation, resulting in an
enhanced textual feature that provides more informative se-
mantic guidance for subsequent report generation.

3.4 Overall Training Objectives

Finally, the enhanced prompt feature f; is fused with the
retrieval-enhanced local visual feature f via a feed-forward
network with SwishGLU activation to form the joint repre-
sentation X . The classification results are incorporated as di-
agnostic prompt tokens D' ={d;,ds,...,ds}, where S de-
notes the fixed number of prompt tokens. Conditioned on the
joint representation X and the diagnostic prompts D, the text
decoder F,; generates the diagnostic report R. The decoding
process is formulated as:

rt:Fd(XaDarla"'vrtfl)a (7)

and the report generation is optimized by minimizing the lan-
guage modeling loss:

T
ELM = _ZIng(Tt | XvDarla e 7/rt71)7 (8)

t=1

where 7, denotes the token predicted at time step ¢, and 7" is
the total length of the generated report.
The overall training objective is defined as:

L= LLM + /\Eclass- (9)

where ) is a balancing coefficient that controls the relative
importance of the language modeling loss and the classifica-
tion loss.

4 Experiments and Analysis

4.1 Experiments Settings

Datasets We evaluate our model on two public RRG bench-
mark datasets: TU X-Ray [Demner-Fushman er al., 2015]
and MIMIC-CXR [Johnson erf al., 2019]. TU X-Ray contains
7,470 chest X-ray image-report pairs released by Indiana Uni-
versity. MIMIC-CXR is a widely adopted large-scale bench-
mark, providing paired radiology images and diagnostic re-
ports. For data partitioning, MIMIC-CXR uses the official
split (270,790/2,130/3,858 samples). IU X-Ray splits data in
a 7:2:1 ratio for reliable and fair evaluation.

Evaluation Metrics We evaluate our model with both natural
language generation (NLG) metrics and clinical efficacy (CE)
metrics. NLG metrics (BLEU [Papineni e al., 2002], ME-
TEOR [Denkowski and Lavie, 2011], ROUGE-L [Lin, 2004])
reflect report text fluency and similarity to reference reports.
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Dataset Model Publication CE Metrics NLG Metrics
Precision Recall Fl1 BLEU-1 BLEU-4 METEOR ROUGE-L

R2Gen EMNLP 2020 0.333 0.273 0.276  0.353 0.103 0.142 0.277
M2TR EMNLP 2021 0.240 0.428 0.308 0.378 0.107 0.145 0.272
CliBert AAAI 2022 0.397 0.435 0415 0.383 0.106 0.144 0.275
M2KT MedIA 2023 0.420 0.339 0.352 0.386 0.111 - 0.274

MIMIC METrans. CVPR 2023 0.364 0.309 0.311 0.386 0.124 0.152 0.291
KiUT CVPR 2023 0.371 0.318 0.321 0.393 0.113 0.160 0.285
DCL CVPR 2023 0.471 0.352 0.373 - 0.109 0.150 0.284
RGRG CVPR 2023 0.461 0475 0447 0.373 0.126 0.168 0.264
HERGen ECCV 2024 0.415 0.301 0.317 0.395 0.122 0.156 0.285
CoFE ECCV 2024 0.489 0.370 0.405 - 0.125 0.176 0.304
PromptMRG AAAI 2024 0.501 0.509 0.476 0.398 0.112 0.157 0.268
TokenMixer IEEE TMI 2024 - - - 0.409 0.124 0.158 0.288
OaD IEEE TMI 2024 0.364 0.382 0.372 0412 0.127 0.156 0.284
RRG-Mamba IJCAI 2025 0.498 0.453 0475 0.406 0.121 0.154 0.293
Ours - 0.525 0.546 0.505 0.412 0.121 0.163 0.278

Table 1: Results on the MIMIC-CXR dataset in terms of CE metrics and NLG metrics. The best results are highlighted in bold, and the

second-best results are underlined.

Dataset Model Publication NLG Metrics
BLEU-1 BLEU-4 METEOR ROUGE-L

R2Gen EMNLP 2020 0.470 0.165 0.187 0.371
R2GenCMN ACL 2021 0.475 0.170 0.191 0.375
PPKED CVPR 2021 0.483 0.168 0.187 0.376
METrans. CVPR 2023 0.483 0.172 0.192 0.380
U X-Ra DCL CVPR 2023 - 0.163 0.193 0.383
Y CoFE ECCV 2024 - 0.175 0.202 0.438
PromptMRG AAAI 2024 0.401 0.098 0.160 0.281
Med-LMM ACM MM 2024 - 0.168 0.209 0.381
TokenMixer IEEE TMI2024  0.483 0.190 0.208 0.402
SILC IEEE TMI 2024  0.472 0.175 0.192 0.379
Ours - 0.495 0.192 0.208 0.397

Table 2: Results on the IU X-Ray dataset in terms of NLG metrics.
The best results are highlighted in bold, and the second-best results
are underlined.

CE metrics (precision, recall, F1-score) quantify clinical cor-
rectness by converting reports into 14 disease labels using
CheXbert tool. All CE metric values reported are computed
using example-based averaging.

Implementation Details The visual encoder is a medical pre-
trained 12-layer ViT-B/16 [Dosovitskiy, 2020], and the de-
coder is based on BERT-base. The training objective com-
bines the language modeling loss and the classification loss,
and the balancing coefficient A is set to 4 based on hyper-
parameter ablation. We use BioClinicalBERT as the textual
feature extractor. To improve retrieval efficiency, we com-
press both the visual and textual memory banks for each dis-
ease category by retaining the 500 samples closest to the fea-
ture centroid. This value is also determined via hyperparam-
eter ablation. We train the model using the AdamW opti-
mizer with a weight decay of 0.05. The initial learning rate
is set to Se-5 and decayed with a cosine schedule. We train
for 15 epochs with a batch size of 16 and an input resolu-
tion of 224 x224. All experiments are conducted on a single
NVIDIA A40 GPU (48GB), and training takes approximately
24 hours.

4.2 Experimental Results

We compare our proposed method with several representa-
tive state-of-the-art radiology report generation models, in-
cluding DCL [Li et al., 2023], KiUT [Huang et al., 2023]
, PromptMRG [Jin et al., 2024], TokenMixer [Yang et al.,
20241, OaD [Li et al., 2024b] , SILC [Liu et al., 2024a], and
RRG-Mamba [Hou et al., 2025]. Table 1 reports the results
on the MIMIC-CXR dataset using both CE and NLG met-
rics, while Table 2 presents the NLG results on the IU X-Ray
dataset.

Results on MIMIC-CXR As shown in Table 1, Our method
achieves the best results on all three CE metrics, with 0.525
Precision, 0.546 Recall, and 0.505 F1, significantly outper-
forming prior models. These results indicate that our model
can identify clinical entities more accurately and more com-
pletely. Specifically, compared with DCL (0.373 F1), our
method yields an absolute improvement of 13.2% in F1; com-
pared with KiUT (0.321 F1), the gain further increases to
18.4%. Even against the strongest competitor RRG-Mamba
(0.475 F1) and PromptMRG (0.476 F1), our method still
achieves a 3.0% absolute improvement, highlighting its supe-
rior clinical entity-level performance. Meanwhile, ClinAlign
is also competitive on NLG metrics. It achieves the best
BLEU-1 score (0.412) and maintains strong performance on
BLEU-4, METEOR, and ROUGE-L.

In our experiments, greater emphasis is placed on clini-
cal efficacy metrics, as these metrics truly measure whether
diagnostic entities are accurate and comprehensive—which
is what matters in real-world clinical settings. Text gener-
ation metrics like BLEU and ROUGE primarily assess su-
perficial similarity between sentences. However, they often
fail to reflect whether critical lesion descriptions in reports
are accurate and complete. Therefore, even if some methods
achieve high text scores, our approach significantly outper-
forms them in clinical metrics. This demonstrates its true util-
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Components ‘ Sampling Strategy CE Metrics NLG Metrics
MPPA CGPA ‘ Random  KNN  Precision Recall F1 BLEU-1 BLEU-4 METEOR ROUGE-L

X X X X 0.495 0.509 0472 0402 0.112 0.158 0.268
v X X 0.505 0.524 0485 0.407 0.115 0.160 0.275
v X X v 0.518 0.532 0496  0.406 0.113 0.160 0.272
X v v X 0.507 0.521 0.486  0.408 0.118 0.161 0.277
X v X v 0.513 0.528 0492 0411 0.120 0.160 0.276
4 4 X 4 0.525 0.546 0.505 0.412 0.121 0.163 0.278

Table 3: Ablation study of proposed components and sampling strategy on on MIMIC test set.
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Figure 4: Performance on MIMIC test set under varying balancing
coefficients A and memory compression sizes k.

ity and reliability in real-world medical settings. In summary,
our approach balances clinical correctness and language qual=
ity, significantly improving clinical efficacy while preserving
the fluency of the report.

Results on IU X-Ray Since IU X-Ray does not provide stan-
dardized annotations or an established protocol for CE eval-
uation, prior work typically reports only NLG metrics. To
guarantee an equitable comparison , we evaluate our method
on IU X-Ray using NLG metrics only. As shown in Table 2,
our method achieves 0.495 BLEU-1,0.193 BLEU-4, 0.208
METEOR, and 0.397 ROUGE-L, where BLEU-1, METEOR,
and ROUGE-L are the best or tied for the best. For instance,
compared with R2GenCMN [Chen ef al., 2021], our method
improves BLEU-1 from 0.475 to 0.495 and ROUGE-L from
0.375 to 0.397. In addition, our method outperforms strong
recent baselines suchas TokenMixer on BLEU-1 (0.495 vs
0.483) and achieves comparable performance on other NLG
metrics.

Overall, our method substantially improves clinical entity-
level correctness on MIMIC-CXR and achieves strong NLG
performance on IU X-Ray, supporting the effectiveness of
ClinAlign in improving both clinical accuracy and report gen-
eration quality.

4.3 Ablation Study

Analysis on proposed components Table 3 reports abla-
tion results on the MIMIC test set, analyzing the contri-
butions of MPPA and CGPA. It is important to note that
without CGPA, retrieval is conducted by similarity match-
ing between global image features and the textual memory

bank. The baseline achieves CE scores of 0.495/0.509/0.472
(Precision/Recall/F1).  Adding MPPA improves CE to
0.505/0.524/0.485, showing that disease-aware visual pattern
memory strengthens patch-level representations and helps
capture subtle lesions. Using CGPA alone boosts CE to
0.513/0.528/0.492, indicating that disease-state—based se-
mantic cues provide clearer clinical guidance for retrieval and
reduce irrelevant noise. Enabling both yields the best CE per-
formance (0.525/0.546/0.505), demonstrating their comple-
mentarity in “local lesion perception + semantically guided
retrieval.”” NLG metrics remain stable, suggesting improved
clinical accuracy without sacrificing fluency. Overall, these
results support the effectiveness of our design consistent with
radiologists’ diagnostic workflow.

Analysis of different sampling strategy We compare two
retrieval sampling strategies: Random and KNN. Table 3
shows that KNN consistently yields better CE performance
under the same component setting. For instance, without
CGPA, switching from Random to KNN increases F1 from
0.485 to 0.496; with CGPA only, F1 improves from 0.486
to 0.492. This suggests that KNN retrieves more pathology-
consistent references, reducing retrieval noise and improving
entity-level clinical accuracy. With the full MPPA + CGPA
setup, KNN achieves the best result (F1 = 0.505), showing
the importance of a compact and relevant retrieved subset for
clinical consistency.

4.4 Hyperparameter Analysis

We study the impact of the balancing coefficient A and the
memory compression size k£ on the MIMIC-CXR test set.
A balances clinical semantic alignment and report genera-
tion. As shown in Fig. 4(a), performance improves as A
increases from 2 to 4 and reaches its best at A = 4, sug-
gesting that stronger classification guidance helps retrieval-
enhanced prompt learning. However, when A is too large, per-
formance drops because classification is over-weighted and
language modeling is weakened, which reduces both CE and
NLG scores. In contrast, a smaller A provides too little se-
mantic guidance. We further evaluate k£ under the default
setting A = 4, where k denotes the number of centroid-
nearest samples retained in each disease-specific memory
bank. As shown in Fig. 4(b), the best performance is achieved
at k = 500. A smaller k reduces retrieval diversity and weak-
ens the retrieved cues, whereas a larger k introduces redun-
dant or less representative samples, injecting noise that harms



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

1.0
r——- - - -~ T -"-"-"-"-"-"-"-"-"=-""-""=-""=-""-"=-"-"-"-"-"-"-"-"-"-"=-"-"-"=-"-"=-"=-"=-"=-"=-"=-"=-"=-"=-"=-"=-"=-"=-”"=-"=- = 1
[} I 1
| 1 There is no focal consolidation pleural effusion or pneumothorax . Streaky opacities at
Original : Ground | the left lung base is most likely due to atelectasis . Cardiomediastinal silhouette is within :
Image i Truth 1 normal limits . Median sternotomy wires are intact . Known compression deformities of 1
: 11 and 12 are partially imaged . :
W _ _ _ _ _ _ UL I
r--——"~~>"~"~""~"""""~""""~>"""""*"""~""""""~""¥"=¥" ”¥" =" =" °~ ‘"~ ‘‘ "~/ ‘"~ ‘‘~ "/ ‘"~ ‘"~ ‘"~ ‘~ "~ “~ "~ °~“°” |
[
1 Ap upright and lateral views of the chest provided. There is no :
‘ The cardiomediastinal silhouette is notable for mild cardiomegaly. Imaged !
PromptMRG [ . . . . : ; |
* 1 0sseous structures are intact. No free air below the right hemidiaphragm is seen. Aortic arch
| calcifications are seen. Surgical clips are noted in the upper abdomen. :
cardiomegaly  clips e |
: The patient is status post and cabg. Heart size is mildly@nlarged but !
, unchanged . The aorta is tortuous and diffusely calcified. Pulmonary vasculature is not engorged.,
ClinAlien : Linear within likely reflect subsegmental afeieciasis. No :
= ‘ is present. There is'diffuse demineralization of |
— d ! the osseous structures with unchanged of a low thoracic vertebral body. '
sternotomy ]ineal‘opacities‘_________________________________________________J
0.0

Figure 5: Qualitative comparison between PromptMRG and ClinAlign on a MIMIC-CXR case.  Matched key entities are highlighted in
orange, semantically consistent descriptions in blue, and unsupported statements absent from the ground truth in red.

retrieval enhancement and generation accuracy. Overall, ap-
propriate A and k are crucial for balancing semantic guid-
ance, retrieval efficiency, and generation quality. Therefore,
we adopt A = 4 and £ = 500 as the default settings in all
subsequent experiments.

5 Visualization Case

To evaluate the effectiveness of ClinAlign in generating ra-
diology reports, we randomly select one case from MIMIC-
CXR for qualitative analysis. From figure 5, we can find that
the report generated by ClinAlign performs better in terms
of clinical consistency and detailed description, focusing its
attention on diagnostically relevant areas.  Specifically, Cli-
nAlign correctly captures postoperative findings (e.g., me-
dian sternotomy) and subtle imaging patterns (e.g., linear
opacities), while excluding other key abnormalities such as
consolidation, pleural effusion, or pneumothorax. Notably,
in this case, ClinAlign covers all key medical disease enti-
ties mentioned in the actual report, demonstrating improved
entity-level coverage and consistency, consistent with the
method’s significant improvement in CE metrics. In con-
trast, PromptMRG fails to identify these critical postopera-
tive and subtle findings, its attention is scattered to coarse or
non-specific areas, and it generates unsupported statements
(highlighted in red), such as emphasizing mild cardiac hy-
pertrophy or surgical clips not mentioned in the actual report
or lacking sufficient imaging evidence. These errors further
reduce the reliability and clinical utility of the generated re-
ports. Overall, the results indicate that ClinAlign achieves
more accurate localization of abnormalities and more reliable
clinical semantic expression, thereby improving the accuracy
and specificity of radiological report generation.

6 Conclusion

We propose ClinAlign, a clinical workflow-aligned memory
retrieval framework for RRG task. The framework achieves
multimodal integration by jointly modeling visual pattern
memory and disease-aware textual memory: the MPPA mod-
ule enhances local feature representation at the visual level,
while the CGPA module converts disease predictions into
structured prompts to guide text retrieval and report gen-
eration. Extensive experiments demonstrate that ClinAlign
achieves competitive performance across multiple evaluation
metrics and effectively improves the clinical consistency and
quality of generated reports. In future work, we plan to ex-
tend ClinAlign to temporal and longitudinal radiology data
and integrate it with larger foundation models, so as to better
capture disease progression and further improve robustness
and generalization for real-world clinical deployment.
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