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Abstract

The consultation of reference cases in clinical
radiology reporting motivates integrating mul-
timodal retrieval-augmented generation (RAG)
into automated systems. However, traditional
RAG approaches employ single-vector embed-
dings for indexing, resulting in loss of gran-
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ular information. Moreover, a semantic gap
exists whereby visually similar radiographs of-
ten encode distinct pathologies. In this paper,
we propose a Semantics-guided Multimodal
Late Interaction RAG (SeMLI-RAG) frame-
work for radiology report generation. Our ap-
proach employs a weight-based late interaction
strategy for retrieval to capture fine-grained ra-
diographic features. Furthermore, we introduce
an image-adaptive RAG to selectively leverage
retrieved information, mitigating performance
degradation caused by retrieval-induced noise.
Experiments on three radiology benchmarks
demonstrate that our framework yields con-
sistent improvements over the backbone and
RAG baselines across multiple evaluation di-
mensions. Further analysis shows that improv-
ing retrieval granularity and retrieval robustness
can both benefit radiology report generation.

1 Introduction

Radiologists often consult similar historical cases
during report writing to ground their interpreta-
tion and reduce diagnostic uncertainty. Retrieval-
augmented generation (RAG) offers a natural com-
putational analogue by leveraging external evi-
dence to support report generation and mitigate
hallucinations in large language models (LLMs)
(Lewis et al., 2020; Amiraz et al., 2025). How-
ever, in radiology, this paradigm introduces two key
challenges. First, many existing RAG approaches
employ single-vector representations for retrieval,
which may miss fine-grained semantic and spatial
correspondences critical for diagnosis (Khattab and
Zaharia, 2020; Huy et al., 2025). Second, a seman-
tic gap exists between visual similarity and clinical
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Figure 1: Comparison of representative RAG-based methods
with our SeMLI-RAG, including Vanilla RAG, PromptMRG
(Jin et al., 2024) and FactMM-RAG (Sun et al., 2025).

meaning: radiographs that appear similar at the
pixel level may correspond to distinct pathologies,
leading to retrieval outputs that are clinically mis-
matched and introduce noise into generation (Yan,
2025).

Existing multimodal RAG approaches for radi-
ology address these challenges only partially. On
the retrieval side, models such as MedCLIP (Wang
et al., 2022) and CXR-CLIP (You et al., 2023) rely
primarily on global single-vector representations.
While these are effective for coarse alignment, they
are insufficient for capturing localized pathologi-
cal patterns, and theoretically limited in retrieval
capability (Weller et al., 2026). On the generation
side, prior work either directly injects retrieved re-
ports into the prompt (e.g., Ranjit et al., 2023) or
extracts auxiliary signals to guide generation more
indirectly (e.g., Park et al., 2026). As illustrated in
Figure 1, these approaches differ along two axes
—retrieval granularity and information usage—but
none simultaneously achieves fine-grained retrieval,
selective integration of evidence, and robustness
when retrievals are clinically misaligned.

To address these limitations, we propose a
Semantics-guided Multi-modal Late-Interaction
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RAG (SeMLI-RAG) framework for radiology re-
port generation. Our approach combines three
components. First, we introduce a weighted late-
interaction retriever that preserves fine-grained
token- and region-level correspondences while dy-
namically emphasizing clinically informative im-
age regions. Second, we design an image-adaptive
RAG mechanism that employs image-conditioned
latent queries to selectively extract useful informa-
tion from retrieved reports, mitigating the impact
of noisy or weakly aligned evidence. Finally, we
incorporate a lightweight post-hoc validation mech-
anism that compares candidate reports generated
with and without retrieval and selects the one bet-
ter aligned with the input radiograph, improving
overall robustness.

Experimental results on IU X-Ray (Demner-
Fushman et al., 2016), ROCOv2 (Riickert et al.,
2024), and MIMIC-CXR (Johnson et al., 2024)
demonstrate that SeMLI-RAG consistently sur-
passes a strong backbone model as well as vanilla
RAG baselines built upon recent medical retrieval
models. The gains are particularly evident in clini-
cal accuracy, where SeMLI-RAG consistently im-
proves the MedCAT Concept F1 score (Kraljevic
et al., 2021) across all three datasets and outper-
forms the backbone by a relative 5% in macro-
F1 on MIMIC-CXR. These results indicate that
improving retrieval granularity and robustness to
noisy evidence is critical for reliable radiology re-
port generation.

Our main contributions are as follows:

* We propose a semantics-guided and mul-
timodal late-interaction (SeMLI) retriever,
which retrieves both reference radiology im-
ages and reports based on fine-grained token-
and region-level matching.

* We design an image-adaptive RAG framework
with selective evidence use and post-hoc vali-
dation to improve robustness against noisy or
clinically mismatched retrieval.

* We demonstrate on three benchmark datasets
that SeMLI-RAG consistently improves over
a strong backbone and outperforms vanilla
RAG baselines under the same experimental
protocol. Qualitative case studies further show
the effectiveness of our framework.

2 Related Works

Radiology Report Generation is the task of au-
tomatically producing clinically coherent textual
reports from medical images, such as chest X-rays,
to assist radiologists in describing findings and im-
pressions (Mamdouh et al., 2025). Existing meth-
ods fall mainly into two categories: conventional
encoder-decoder frameworks that directly map vi-
sual features to reports, and recent LLM-based
methods that leverage stronger language priors for
more fluent and detailed generation (Wang et al.,
2025). Earlier representative approaches typically
adopt CNN- or Transformer-based visual encoders
with recurrent or Transformer decoders to learn
image-to-text generation in an end-to-end manner
(Liu et al., 2021; Yang et al., 2021; Chen et al.,
2020; Hou et al., 2021). More recently, LLM-based
frameworks improve report quality by aligning radi-
ology image features with frozen general-purpose
language models (Huang et al., 2025; Wang et al.,
2023). In parallel, retrieval-augmented based meth-
ods further enhance generation by introducing simi-
lar historical cases as auxiliary references (Jin et al.,
2024; Sun et al., 2025), aiming to improve factual
accuracy and clinical relevance.

Retrieval-Augmented Generation is a frame-
work that combines parametric language models
with an external retrieval system to access relevant
information during generation. RAG is primarily
motivated by mitigating hallucinations in LLMs
while also improving factual foundation and ac-
cess to up-to-date domain knowledge (Fan et al.,
2024). Existing RAG methods can be broadly cat-
egorized into naive RAG, which directly retrieves
and prepends external documents to the prompt
(Lewis et al., 2020), and more advanced variants
that introduce retrieval refinement (Xu et al., 2024),
iterative retrieval (Jiang et al., 2023), adaptive se-
lection (Asai et al., 2024), or modular designs (Gao
et al., 2026) for better integration of evidence. In
the medical domain, RAG has been increasingly
explored to improve the reliability of clinical ques-
tion answering and decision support by grounding
LLM outputs against external biomedical knowl-
edge sources (He et al., 2025).

3 Methodology

In this section, we present the overall framework of
SeMLI-RAG, as illustrated in Figure 2, and detail
its three primary modules: i) SeMLI retriever (3.1);
if) image-adaptive RAG (3.2); and iii) post-hoc
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Figure 2: Overview of the proposed framework. (1) The SeMLI retriever performs fine-grained alignment between visual patches
and token-level textual features via weighted late interaction. (2) The image-adaptive RAG module injects retrieved information
through cross-attention. (3) The post-hoc validation selects the final report by comparing similarity scores of outputs with and
without retrieval. Snowflake and flame icons denote frozen and trainable modules, respectively.

validation (3.3).

3.1 SeMLI Retriever
3.1.1 Dynamically weighted late interaction

For an input radiology image X,, a pre-trained
vision encoder f7(-) is used to generate a group of
vision features

Z = f1(Xy), (D

where Z € R7%% ¢ is the number of patches and
d, is the image feature dimension.

To construct the clinical semantic space for our
multimodal retrieval distillation, we process the
corresponding radiology report r using a special-
ized, pre-trained medical language model fr(-) as
a text encoder to generate token-level embeddings

T = fr(r), 2

where T' € RE*4 | [ is the sequence length and d;
is the hidden dimension.

To align the modalities, we project both the vi-
sual features Z and textual features 7" into a shared
low-dimensional latent space of length d, (e.g.,
d,, = 128) using residual multi-layer perceptrons.
This yields the Lo-normalized representations, de-
noted as Z € R9%% and T' € RE*% respectively,
which are subsequently used for fine-grained re-
trieval.

Traditional retrieval methods typically compress
multimodal inputs into single-vector embeddings,

inherently leading to the loss of granular infor-
mation and theoretical performance limitations
(Weller et al., 2026). Although multi-vector re-
trieval paradigms have achieved success in text re-
trieval (Khattab and Zaharia, 2020), applying them
directly to vision tasks often treats all spatial re-
gions equally (Reddy et al., 2025). This ignores the
clinical reality that pathological findings are fre-
quently highly localized within minor, yet critical,
areas of a radiology image. To address this, our
SeMLI retriever introduces a dynamically weighted
late interaction scoring mechanism.

For image-to-image similarity, we formulate the
weighted late interaction as follows:

Zk Wi - maxl(Z,k ZT)
Zk:1Wk

where Zi, & represents the projected feature of the

s(Xi, Xj) =

; (3)

k-th patch from the image X;, and ZAjyl denotes the
[-th patch from the image X;. W}, is the semantic
weight assigned to the k-th patch of X;, dynam-
ically highlighting the most informative regions,
while max; captures the highest similarity match
for that patch across all spatial regions of X;.
This weighted late interaction can be directly
extended to image-to-text retrieval by replacing
the patch embeddings of the target image, Zj,l’
with the projected token embeddings of the report,
Tj,l- Specifically, s(X;, T}) is obtained by match-
ing each weighted visual patch of X; to its most
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similar textual token in 7};.

To dynamically determine the semantic weight
W for each image patch, we introduce a set of
learnable semantic anchors A € R"™*%  which
act as a continuous memory bank representing
common radiological findings. To assign higher
importance to visual patches that strongly align
with these clinical concepts anchors, we project
the image features Z via a multi-layer perceptron
P, (+) and calculate their maximum cosine similar-
ity against all anchors. The final semantic weights
are then derived through a temperature-scaled Soft-
max function:

- Guy AT
T k cE%nl,a},{m} ( k c > )
exp(7i k) Tw)
Wz’,k: ’ , /‘JE{l,...,q},
> g1 exp(rij/Tw)
€]

where Z = Norm(P,(Z)) and A = Norm(A)
denote the Lo-normalized projected patch features
and anchors, respectively, and 7, is a temperature
hyperparameter controlling the sharpness of the
attention distribution.

3.1.2 Teacher-Student Distillation

To align clinical semantic information during mul-
timodal retrieval, we introduce a teacher-student
distillation paradigm. In this teacher—student setup,
a pre-trained medical language model (e.g., CXR-
BERT (Boecking et al., 2022)) provides semantic
supervision.

Specifically, we compute the in-batch similarity
matrix using the pre-trained teacher model to serve
as the target distribution for distillation. A medical
language model encodes reports into token-level
features, where the [CLS] token embedding is used
as the sentence representation. Pairwise cosine
similarities among the batch (with size B) form a
similarity matrix Syeqener € RP*E. To compel the
student retriever to focus on capturing fine-grained
differences among highly similar reports, we filter
the teacher’s distribution by masking similarities
below a threshold « to zero, thereby eliminating
noise from irrelevant in-batch negatives.

Then we compute loss based on image-to-text
and image-to-image weighted late interaction. The
cross-modal similarity matrix Sjo; € RE*B is for-
mulated such that each element

SGI = 5(X,,Ty), 5)

represents the interaction score between the i-th
image and the j-th report in a batch. Similarly,
the intra-modal image-to-image similarity matrix
Siai is calculated, where each element is defined as
Si(;;‘j) = s(Xi, X;).

We train the student network to mimic this se-
mantic space via Cross-Entropy (CE) loss. To en-
sure bidirectional alignment between vision and
language, we calculate a symmetric cross-modal
distillation loss

Ei—>t = CE(Sth/Tv Steacher)

Liyi = CE(Si—gt/Tv St—gacher) (6)
1
Liot = §(£i—>t + L),

where T is the temperature scaling factor.

To enable our SeMLI retriever to perform visual
retrieval that is highly consistent with clinical se-
mantics, we also apply an intra-modal distillation
loss

Lizi = CE(S;2i/T, Steacher)- (N

The primary distillation objective for the retriever
is formulated as the weighted sum of these two
losses

L = ali+ BLii, 3)

where « and 3 are hyperparameters used to bal-
ance the cross-modal and intra-modal learning
objectives. To facilitate smooth gradient back-
propagation, during the training phase, the non-
differentiable max function in the late interaction
calculation is replaced with its smooth approxima-
tion, the LogSumExp function.

3.1.3 Indexing and Retrieval

In real-world clinical practice, radiologists primar-
ily rely on relevant historical radiology images for
diagnostic reference. Furthermore, since large-
scale medical datasets paired with high-quality
textual reports are scarce, a pure image-based re-
trieval paradigm ensures much broader applicabil-
ity across diverse clinical settings. Thus, while
trained with image-to-text supervision, our re-
triever performs cross-patient image-to-image re-
trieval at inference time.

As directly computing the patch-level weighted
late interaction across a large-scale database is
computationally expensive and time-consuming,
we adopt an efficient two-stage retrieval pipeline.
During the indexing phase, we store the full pro-
jected visual patches Z and their corresponding
semantic weights IW. Simultaneously, to build an
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efficient index, we compress the patches into a
global representation zg0pq via weighted mean
pooling: Zzgopar = Norm(D_, Wy - Zk) During
the retrieval phase, we first conduct a coarse search.
The query image’s global vector is used to per-
form a rapid maximum inner-product search (e.g.,
via FAISS) against the database to quickly filter
out irrelevant samples and retrieve a small candi-
date pool. In the second stage, we perform fine-
grained re-ranking. The precise weighted late in-
teraction score s(Xquery, X candidate) 18 computed
within this small pool using the preserved patch
features Z.

3.2 Image-Adaptive RAG

To effectively utilize the retrieved case without
overwhelming the backbone model with raw, poten-
tially noisy text, we introduce an image-adaptive
RAG module. This module dynamically controls
the focus and amount of information extracted from
the reference report based on the current image.
Given a retrieved record Rg;,,,, we encode the re-
spective reference report using the input embedding
layer of the frozen LLM and organize the result-
ing token embeddings as a textual memory bank
M, € RE%4n with L denoting the sequence length
and dj, the LLM hidden dimension. To extract the
most relevant clinical insights from M, we initial-
ize a set of learnable latent queries Q € RNa*dn,
where N, = 32 is the number of query tokens. We
design a two-stage sequential interaction mecha-
nism using standard Transformer decoder layers,
where the queries act as information probes:
1. Vision Interaction: This step aims to allow
latent queries (Q to read the radiology image and
extract important visual features. Using a Trans-
former decoder, the queries () cross-attend to cur-
rent image features Z, yielding a set of vision-
aware queries QQ:

@, = TransformerDecodery;sion (@, Z).  (9)

2. Text Interaction: The vision-aware queries @,
then serve as the target sequence to cross-attend to
the referenced text memory M, extracting supple-
mentary clinical details F,.y:

E,¢; = TransformerDecoderc,: (Q., M;). (10)

Finally, we construct a unified multimodal con-
tinuous prompt to feed into the backbone LLM.

The prompt is structured as follows:
Prompt = [Prompt;,,, | ® [(Img)] ® Z

S [<Ref>] S ETef D [Promptinstruct]7

(11)
where @ denotes sequence concatenation along the
token dimension, and [-] represents the embedded
text instruction templates. The backbone LLM is
kept strictly frozen, and we exclusively optimize
the learnable parameters within the image-adaptive
RAG module.

3.3 Post-hoc Validation

Since projected image features Z are trained to
align with semantic features, our framework nat-
urally supports a post-hoc validation mechanism.
As illustrated in Figure 2, we leverage the cross-
modal capabilities of our trained SeMLI retriever to
independently evaluate candidate outputs. Specifi-
cally, we collect two distinct candidate reports for
each query image: one generated by the raw LLM
backbone and another generated via our image-
adaptive RAG module. Both candidate reports are
encoded by the frozen medical language model into
token-level embeddings. Finally, we compute the
weighted late-interaction similarity scores for the
outputs generated with and without image-adaptive
RAG prompt, denoted as s* and swlo, respectively.
The output associated with the higher score is se-
lected as the final report.

4 Experiment Setup

4.1 Dataset

We evaluate our SeMLI-RAG framework on
three publicly available benchmarks: MIMIC-
CXR (Johnson et al., 2024), IU X-Ray (Demner-
Fushman et al., 2016), and ROCOv2 (Riickert et al.,
2024).

MIMIC-CXR is a large-scale dataset consisting
of 377,110 chest X-ray images paired with 227,827
corresponding free-text radiology reports. Simi-
larly, IU X-Ray is a widely adopted smaller dataset
comprising 7,470 chest X-ray images associated
with 3,955 clinical reports. ROCOV2 is a diverse
medical imaging dataset that contains a variety of
imaging modalities—including MRI, CT, Ultra-
sound, and X-ray—and covers a comprehensive
range of anatomical regions. Since these first two
datasets are exclusively focused on chest radiogra-
phy, we additionally evaluate our SeMLI-RAG on
the ROCOV2 dataset to demonstrate its robustness
and cross-domain generalizability.
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4.2 Retrieval Settings

For each benchmark, the retrieval corpus is con-
structed exclusively from the corresponding train-
ing split, using training studies and their paired
reports as retrieval candidates. Each indexed item
corresponds to one radiological study; when mul-
tiple radiographs are available for a study, they
are jointly encoded into a single study-level rep-
resentation. After the two-stage retrieval process,
the highest-scoring study is selected as the refer-
ence case for report generation. Validation and
test samples are used only as queries during the
validation and test stages, respectively, and are ex-
cluded from the retrieval corpus. For training-set
retrieval, the query study itself is removed from
the candidate pool, thereby enforcing study-level
separation. For MIMIC-CXR, the official data split
is patient-disjoint, whereas we do not additionally
enforce patient-level exclusion for IU X-Ray and
ROCOv2.

4.3 Evaluation Metrics

We evaluate SeMLI-RAG using traditional natu-
ral language generation (NLG) metrics, semantic
metrics, and medically-tailored evaluation metrics.
Specifically, we employ BLEU-1, BLEU-4 (Pa-
pineni et al., 2002), ROUGE-L (Lin, 2004), and
CIDEr (Vedantam et al., 2015) to measure lexical
overlap and sequence fluency; BERTScore (Zhang
et al., 2020), BLEURT (Sellam et al., 2020) to as-
sess semantic equivalence; and MedCAT (Concept
F1) (Kraljevic et al., 2021) to evaluate the clinical
accuracy of the generated diagnostic entities.

We further evaluate the clinical efficacy of gen-
erated reports using the CheXbert labeler (Smit
et al., 2020), which converts reports into 14 dis-
ease labels. We report Micro-F1 and Macro-F1 as
the main metrics to assess diagnostic correctness.
Since CheXbert is designed for chest X-ray reports,
this evaluation is only conducted on MIMIC-CXR.

4.4 Baseline

We adopt R2GenGPT (Wang et al., 2023) as our
backbone, as it provides a simple yet effective
LLaMA-based framework for radiology report gen-
eration. We evaluate SeMLI-RAG against the back-
bone and several vanilla RAG baselines equipped
with representative multimodal retrievers, includ-
ing CLIP (Radford et al., 2021), MedCLIP (Wang
et al., 2022), CXR-CLIP (You et al., 2023), and
BiomedCLIP (Zhang et al., 2024). These retriev-

ers cover general-domain, medical-domain, chest-
X-ray-specific, and biomedical foundation model
pretrained on large-scale image-text data. Detailed
training settings are provided in Appendix A.1.

5 Evaluation Results

5.1 Opverall Performance

Table 1 presents the experimental results on ITU
X-Ray, ROCOv2, and MIMIC-CXR. Overall, the
SeMLI-RAG framework delivers consistent gains
over a strong backbone in all three benchmarks,
with the clearest improvements appearing in NLG
and clinical metrics. In particular, the gains are
most pronounced on ROCOv2, where BLEU-1 and
ROUGE-L improve by 9.1% and 4.0% in relative
terms, respectively, while MedCAT increases by
7.7% in relative terms. Even on the more challeng-
ing MIMIC-CXR benchmark, our framework still
improves BLEU-1 and BLEU-4 by 6.6% and 5.6%
in relative terms, together with a 2.9% relative gain
in MedCAT.

We also compare SeMLI-RAG with pub-
lished state-of-the-art (SOTA) methods, includ-
ing PromptMRG (Jin et al., 2024) and FactMM-
RAG (Sun et al., 2025), on overlapping datasets and
shared metrics. The results show that SeMLI-RAG
remains competitive with these methods. Since
these methods compute clinical efficacy metrics us-
ing different label scopes and evaluation protocols,
we do not list their CE scores in Table 1 for direct
comparison.

Although the improvements on semantic metrics
are more modest, they remain consistently posi-
tive across all datasets, indicating that our frame-
work improves not only lexical generation quality
but also semantic alignment and medical consis-
tency. Given the strength of the backbone, such
cross-dataset gains provide strong evidence for the
effectiveness of SeMLI-RAG.

The clinical efficacy metrics on MIMIC-CXR
further demonstrate the robustness of SeMLI-RAG.
Although vanilla RAG with strong chest X-ray re-
trievers, such as MedCLIP and CXR-CLIP, can
sometimes bring marginal gains on semantic met-
rics, these gains do not consistently translate into
better medical accuracy. For example, on MIMIC-
CXR, MedCLIP and CXR-CLIP achieve semantic
scores that are relatively close to the backbone, but
still show noticeable declines on MedCAT and clin-
ical efficacy metrics. This suggests that vanilla
RAG is more vulnerable to noisy retrievals or re-
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Table 1: Experimental results on IU X-Ray, ROCOv2, and MIMIC-CXR. Best results are highlighted in bold among our
evaluated methods. Rows marked with 1 denote published SOTA results reported in prior papers. B1/B4: BLEU-1/4, R-L:

ROUGE-L, C: CIDEr, BS: BERTScore, BT: BLEURT.

Dataset Method NLG Semantic Clinical
B1 B4 R-L C BS BT MedCAT Micro-F1  Macro-F1
Backbone 0477 0.166 0.367 0483 0.670 0.394 0.305 - -
CLIP 0461 0.150 0.354 0369 0.652  0.400 0.304 - -
MedCLIP 0471 0.154 0371 0393 0.665 0.396 0.301 - -
IU X-Ray CXR-CLIP 0475 0.162 0373 0429 0.668 0.395 0.305 - -
BiomedCLIP 0465 0.148 0.360 0354 0.656 0.401 0.300 - -
PromptMRG ' 0.401 0.098 0.281 - - - - - -
SeMLI-RAG (ours) 0.482 0.174 0376 0476 0.672 0.399 0.318 - -
Backbone 0.187 0.029 0.176  0.124 0.569  0.307 0.150 - -
CLIP 0.181 0.015 0.171 0.061 0.548 0.266 0.081 - -
ROCOV2 MedCLIP 0.190 0.017 0.176  0.065 0.553 0.272 0.089 - -
CXR-CLIP 0.189 0.022 0.171 0.094 0.563 0.283 0.113 - -
BiomedCLIP 0.201  0.023 0.181 0.095 0.568 0.287 0.114 - -
SeMLI-RAG (ours)  0.204 0.033 0.183 0.133 0.579 0.331 0.162 - -
Backbone 0.331 0.108 0.296 0.130 0.595 0.306 0.272 0.444 0.254
CLIP 0.307 0.069 0.241 0.047 0.573 0.293 0.163 0.286 0.170
MedCLIP 0.312  0.072 0.248 0.049 0.586 0.310 0.173 0.311 0.205
MIMIC-CXR CXR—CLIP 0.318 0.083 0.281 0.086 0.590 0.308 0.212 0.361 0.221
BiomedCLIP 0.308 0.068 0.245 0.047 0.583 0.305 0.165 0.308 0.197
PromptMRGT 0.398 0.112 0.268 - - - - - -
FactMM-RAGT - - 0.307 - 0.561 - - - -
SeMLI-RAG (ours) 0.353 0.114 0.297 0.137 0.607 0.324 0.280 0.453 0.267

trieved evidence that is only partially clinically rel-
evant.

In contrast, SeMLI-RAG improves both seman-
tic quality and clinical accuracy, achieving the best
MedCAT score and further improving clinical effi-
cacy performance by about 2.0% in Micro-F1 and
5.1% in Macro-F1 over the backbone. This trend
is consistent with the dataset scale: on the smaller
IU X-Ray benchmark, vanilla RAG remains com-
petitive on NLG, semantic, and medical metrics,
whereas on larger and more challenging datasets
such as ROCOv2 and MIMIC-CXR, it becomes
increasingly difficult for conventional RAG to pro-
vide consistent gains over an already strong back-
bone. Given that the backbone itself is a strong
SOTA model, such limited or even negative gains
from vanilla RAG are therefore unsurprising, while
the consistent improvements of SeMLI-RAG fur-
ther verify its effectiveness and robustness.

5.2 Retrieval Performance

To evaluate whether projected visual features sup-
port clinically relevant retrieval and effective cross-
modal alignment, we conduct Image-to-Image (12I)
retrieval evaluation. Specifically, we follow the
standard CheXpert 5x200 setting (Wang et al.,
2022) to construct our query set, randomly sam-
pling 200 image cases for each of the 5 distinct dis-
ease categories from the CheXpert dataset, yielding

a total of 1,000 query images. To form the retrieval
candidates, we utilize the MIMIC-CXR dataset by
extracting image-report pairs that share the exact
same 5 disease labels as our query set.

Table 2: I2I retrieval performance on CheXpert-5x200, re-
ported as mean P@K.

Model P@l1 P@5 P@10
CLIP 0.205 0.222 0.229
BiomedCLIP 0.310 0.303 0.299
ConVIRT 0.394 0.383 0.363
CXR-CLIP 0.427 0.391 0.370
PMC-CLIP 0.332  0.314 0.298
SeMLI-Retriever 0.426 0.399 0.391

We compare our SeMLI retriever with repre-
sentative radiology retrieval baselines, including
CLIP (Radford et al., 2021), BiomedCLIP (Zhang
et al., 2024), ConVIRT (Zhang et al., 2022), CXR-
CLIP (You et al., 2023), and PMC-CLIP (Lin et al.,
2023). We exclude MedCLIP from this bench-
mark because CheXpert is included in its training
data, which would lead to unfair evaluation. As
shown in Table 2, our SeMLI retriever achieves the
best P@5 and P@ 10, while being essentially tied
with CXR-CLIP at P@1, indicating that explicitly
modeling token- and region-level information in
our weighted late-interaction mechanism improves
clinically relevant radiograph retrieval.
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Table 3: Ablation study on the proposed method. We evaluate both the effectiveness of SeMLI-Retriever in image-to-image
retrieval and the contribution of each component in SeMLI-RAG for report generation. Best results are highlighted in bold.

B1/B4: BLEU-1/4, BS: BERTScore.

Retrieval Ablation (121)

Generation Ablation

Setting P@1 P@5 P@10 Setting B1 B4 BS MedCAT Macro-F1
w/o late interaction 0.422 0.380 0.361 w/o adaptive RAG 0.288 0.066 0.541 0.162 0.254
w/o weight 0.400 0.396 0.389 w/o post-hoc validation 0.332 0.109 0.609 0.277 0.255
SeMLI-Retriever 0.426 0.399 0.391 SeMLI-RAG 0.353 0.114 0.607 0.280 0.267

Table 4: Case study. GT Status represents the ground-truth report. v' and x denote consistency and inconsistency with GT,
respectively. = indicates the final report selected by our post-hoc validation module based on image-text alignment. Full

reports for each case are provided in Appendix A.7.

Case Method Edema Effusion Atelectasis Cardiomegaly
GT Status Present Bilateral Bibasilar Enlarged
Case 1 Retrieved v X v v
Backbone X v v X
= Image-adaptive RAG v v v v
GT Status Normal Normal Bibasilar Enlarged
Case2  Retrieved X X v X
Backbone v v v X
= Image-adaptive RAG v v v X
GT Status Interstitial Normal Normal Enlarged
Case3  Retrieved X v v X
= Backbone X v v
Image-adaptive RAG X v v X

5.3 Ablation Study

We assess the impact of different components of
the proposed method from both the retrieval and
generation perspectives. As shown in Table 3, for
retrieval, SeMLI-Retriever consistently achieves
the best image-to-image retrieval precision, outper-
forming both global retrieval (w/o late interaction)
and vanilla late interaction (w/o weight) on P@1
/ P@5 / P@10, which confirms its ability to re-
trieve more relevant reference cases. For report
generation, removing either image-adaptive RAG
or post-hoc validation degrades performance. In
particular, discarding image-adaptive RAG leads to
important performance degradation across all met-
rics, demonstrating that adaptive retrieval-aware
generation is the key contributor to performance
gains.

Meanwhile, removing post-hoc validation no-
ticeably weakens the BLEU-1 and Macro-F1 met-
rics, indicating that this component improves clini-
cal consistency and overall model quality. To fur-
ther examine its selection behavior, we report the
proportion of test cases for which post-hoc valida-
tion selects the RAG-generated output: 51.6% on

MIMIC-CXR, 37.8% on IU X-Ray, and 48.8% on
ROCOvV2. This observation indicates that post-hoc
validation does not systematically favor the RAG-
generated candidate, but instead adaptively selects
between the RAG and non-RAG outputs according
to their image-text alignment.

Together, these results verify the effectiveness
of both SeMLI-Retriever and the full SeMLI-RAG
framework.

5.4 Case Study

Table 4 presents three representative cases that il-
lustrate the behavior of SeMLI-RAG under dif-
ferent retrieval conditions. In Case 1, the re-
trieved report provides two key findings, edema
and cardiomegaly, that are missed by the backbone,
and image-adaptive RAG successfully incorporates
these clinically relevant observations, yielding the
best overall agreement with the ground truth. In
Case 2, the retrieved report introduces several incor-
rect abnormalities, including edema, effusion, and
cardiomegaly. Nevertheless, similar to the back-
bone, image-adaptive RAG is not misled by these
noisy cues and still preserves the correct normal
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edema/effusion status together with bibasilar atelec-
tasis, demonstrating its robustness to retrieval noise.
In Case 3, the retrieved report promotes an incor-
rect normal-heart pattern, which also affects the
image-adaptive RAG output. In this case, however,
the backbone prediction remains more consistent
with the ground truth by correctly retaining car-
diomegaly. Our post-hoc validation module identi-
fies this difference through image-report alignment
and selects the backbone output as the final report.
Overall, these cases highlight three complementary
advantages of our framework: 1) effective use of
clinically relevant retrieved evidence, ii) robustness
against noisy retrievals, and iii) a post-hoc valida-
tion mechanism that provides a reliable fallback
when RAG is less trustworthy.

6 Conclusion

In this paper, we address two key challenges in
retrieval-augmented radiology report generation:
the loss of fine-grained information in single-vector
retrieval and the difficulty of effectively leveraging
helpful references while suppressing noisy ones.
To this end, we propose SeMLI-RAG, which com-
bines a semantics-guided late-interaction retriever,
an image-adaptive RAG module, and a post-hoc
validation mechanism for improved robustness. Ex-
periments on IU X-Ray, ROCOv2, and MIMIC-
CXR show that SeMLI-RAG consistently improves
over the backbone and vanilla RAG baselines. Fur-
ther ablation and case analyses confirm the effec-
tiveness of fine-grained retrieval, adaptive refer-
ence utilization, and robust final selection in im-
proving radiology report generation.

Limitations

Although SeMLI-RAG achieves consistent im-
provements, its performance depends on the quality
and coverage of the retrieval database. In practice,
if the local case repository is small, noisily anno-
tated, or distributionally different from the training
data, the retrieved references may be less reliable,
thereby limiting the advantage of retrieval aug-
mentation. In addition, the quality of the learned
retrieval space depends partly on the pretrained
teacher. Inaccurate or biased teacher similarity
signals may be transferred to the retriever, and ded-
icated validation and calibration of these signals
remain important future work.

Moreover, the weighted late-interaction de-
sign introduces computational overhead, includ-

ing higher indexing cost, larger memory footprint,
and increased online retrieval latency than conven-
tional dense retrieval. Thus, developing more effi-
cient late-interaction indexing and search strategies,
while preserving clinically relevant retrieval perfor-
mance, would be a valuable direction for future
work.

A further computational trade-off arises from
post-hoc validation, which requires generating re-
ports both with and without RAG and thus approx-
imately doubles the LLM generation cost. Over-
all, our current design prioritizes clinical reliability
over inference efficiency, based on the assumption
that additional computation may be justified when
it improves the accuracy and robustness of gener-
ated medical reports. Nevertheless, this trade-off
may limit the applicability of the framework in
latency- or resource-sensitive deployment settings.

Regarding evaluation, prior methods, such as
PromptMRG and FactMM-RAG, are evaluated un-
der different clinical-efficacy protocols and label
scopes; therefore, direct comparison with these
SOTA methods remains challenging.
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A Appendix

A.1 Implementation Details

SeMLI-RAG: We use R2GenGPT as the back-
bone, which consists of a visual encoder, a
lightweight feature-alignment module, and a
LLaMA decoder for radiology report genera-
tion. Specifically, it adopts microsoft/swin-base-
patch4-window7-224 as the vision encoder and
meta-llama/Llama-2-7b-chat-hf as the text de-
coder. We use microsoft/BiomedVLP-CXR-BERT-
specialized as a frozen medical language model for
retrieval supervision. The shared retrieval space
is set to 128 dimensions, with m = 64 learn-
able semantic anchors A. The image-adaptive
RAG module contains 32 learnable latent queries
and two Transformer decoder layers. The thresh-
old k is used to suppress weakly related in-batch
pairs. Since the teacher-similarity distributions
vary across datasets, we tune x separately on the
corresponding validation sets. As shown in Fig-
ure 3, the validation BERTScore is maximized at
k = 0.95, 0.75, and 0.70 for IU X-Ray, MIMIC-
CXR, and ROCOv2, respectively; we therefore
adopt these values in our experiments. Training
is carried out in three stages: backbone training,
retriever training, and RAG training. In the back-
bone training stage, the vision encoder and the fea-
ture alignment module are trainable, while the text
decoder and the medical language model remain
frozen. In the retriever training and RAG training
stages, the vision encoder is frozen. Throughout
all stages, the text decoder and the medical lan-
guage model are kept frozen. We use AdamW with
cosine learning-rate decay and 5% warm-up. The
number of training epochs varies across datasets;
more implementation details are provided in our
GitHub repository. All experiments are conducted
on a single NVIDIA A100 GPU.

Baseline: For the vanilla RAG baseline built upon
the R2GenGPT backbone model, the most similar
report retrieved is directly concatenated into the
textual prompt as auxiliary reference, together with
its similarity score when available, and fed into
the decoder without additional adaptive filtering
or retrieval-aware fusion. To enable parameter-
efficient adaptation, we fine-tune the LLM using
LoRA, with rank = 16 and scaling factor o = 16
for IU X-Ray, and rank » = 32 and scaling factor
a = 64 for ROCOV2 and MIMIC-CXR, using a
LoRA dropout of 0.1. For a fair comparison, the
vanilla RAG baseline uses the same training epochs
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Figure 3: Sensitivity analysis of the teacher-similarity thresh-
old k on report generation performance across three datasets.
The x-axis denotes k, and the y-axis reports BERTScore.

and decoding hyperparameters as SeMLI-RAG.

A.2 Further analysis of Retrieval
performance

The CheXpert 5x200 dataset considers five find-
ings: Atelectasis, Cardiomegaly, Consolidation,
Edema, and Pleural Effusion. For each finding,
200 studies with the corresponding exclusive la-
bel were sampled from MIMIC-CXR. Table 5 re-
ports the statistics, where Matched denotes the
number of candidate studies for each finding in
MIMIC-CXR, MR denotes the match rate among
all 227,827 source studies, and SR denotes the sam-
pling rate.

Table 5: Statistics for the CheXpert 5x200 dataset. MR:
match rate. SR: sampling rate.

Condition Matched MR SR
Atelectasis 5253 23% 3.8%
Cardiomegaly 7,358 32% 27%
Consolidation 805 04% 24.8%
Edema 2,883 13% 6.9%
Pleural Effusion 4,720 2.1% 4.2%

To further assess the cross-modal retrieval ca-
pability of our method, we conducted an image-
to-text (I2T) retrieval evaluation on the CheXpert-
5x%200 dataset, where each image was used as a
query to retrieve candidate reports. As shown in
Table 6, SeMLI-Retriever achieves the best per-
formance across all metrics, consistently outper-
forming all baseline models on P@1, P@5, and
P@10. Moreover, the weighting mechanism con-
sistently improves retrieval performance, with rela-
tive gains of approximately 8.7%, 3.1%, and 4.4%
atP@1, P@5, and P@10, respectively, compared
with the unweighted variant. These results indicate

that SeMLI-Retriever learns stronger cross-modal
alignment between query images and candidate re-
ports. Such alignment is particularly important for
our post-hoc validation stage, as it enables more
reliable image-report matching and improves the
robustness of the retrieval and verification pipeline.

Table 6: I2T retrieval results on CheXpert-5x200, reported as
mean P@K.

Model P@l1 P@5 P@10
CLIP 0.191 0.189 0.188
BiomedCLIP 0.345 0.330 0.317
ConVIRT 0414 0410 0.407
CXR-CLIP 0.320 0.308 0.307
PMC-CLIP 0.311 0.308 0.301
SeMLI w/o weight 0.413  0.421 0.405
SeMLI-Retriever 0.449 0.434 0.423

A.3 Projected Image Features Dimension

—a— P@! P@s P@10 —a—r@1 P@5 P@10
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(a) I2I Retrieval Results (b) I2T Retrieval Results

Figure 4: Comparison of retrieval performance across different
dimensions (dim) of projected image features Z. (a) Image-
to-Image (I2I) results; (b) Image-to-Text (I2T) results.

We further investigate the impact of the pro-
jected feature dimension. As shown in Figure 4, in-
creasing the projected feature dimension improves
image-to-text retrieval performance, while bringing
limited or even negligible gains for image-to-image
retrieval. This is likely due to increasing the fea-
ture dimension enhances the semantic capacity of
the representations, thereby benefiting cross-modal
semantic alignment, which is inherently more com-
plex, while introducing redundancy for intra-modal
similarity. Considering the additional memory and
computation overhead incurred by larger dimen-
sions, we adopt 128 as a balanced choice.

A.4 Retrieval Storage and Latency

We further evaluate the index storage, retrieval la-
tency, and retrieval performance of the proposed
SeMLI Retriever on the CheXpert-5x200 bench-
mark. We compare SeMLI Retriever with a simple
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Table 7: Storage, latency, and retrieval performance comparison on CheXpert-5x200. Storage denotes the feature storage
required for the entire candidate database and is independent of the candidate pool size.

Method Feature Dim Pool Size Storage Latency P@10

Global vector 1024 - 8.08 MB 1.93 + 0.28 ms 0.3606

SeMLI Retriever 128 x 49 50 25.95 MB 2.07 + 0.04 ms 0.3715

SeMLI Retriever 128 x 49 100 25.95 MB 3.46 £+ 0.29 ms 0.3859

SeMLI Retriever 128 x 49 200 25.95 MB 6.35 &+ 0.64 ms 0.3874

SeMLI Retriever 128 x 49 300 25.95 MB 9.20 + 0.08 ms 0.3871
Table 8: Prompt templates used by the backbone, the vanilla RAG baseline, and SeMLI-RAG.

Method Prompt template

Backbone Human: <Img> [Image Features] Generate a comprehensive and detailed diagnosis

report for this radiology image. Assistant:
Vanilla RAG base- Human: <Img> [Image Features] You are given a radiology image. Here is a
line clinically similar case for reference.

Similar case report: {retrieved report}
Retrieval similarity score: {score} (if available)
Please generate a comprehensive and detailed diagnosis report for the current

radiology image.

Do not copy the similar case verbatim. Focus on the current image and use the
similar case only as auxiliary reference. Assistant:

SeMLI-RAG
(ours)
image. Assistant:]

[Human: <Img>] @ [Image Features] @ [Reference: <Ref>] @ FE,of @ [</Ref>] &
[Generate a comprehensive and detailed diagnosis report for this radiology

global-vector retrieval baseline, where the visual
encoder feature is directly used to build a FAISS
index. As shown in Table 7, the global-vector
baseline requires the smallest index storage and
achieves the lowest retrieval latency, since each im-
age is represented by a single feature vector and
retrieval only involves a k-nearest-neighbor search
over global representations.

In contrast, SeMLI Retriever stores all projected
image features for each candidate image. Specif-
ically, each image is represented by 49 patches,
each with a 128-dimensional projected feature. For
1,000 candidate images, this local feature storage
increases the storage cost from 8.08 MB to 25.95
MB, resulting in approximately a 3.2x increase
in storage cost. However, this additional storage
enables the second-stage semantic-weighted late
interaction, which improves retrieval performance
over the global-vector baseline.

The retrieval latency of SeMLI Retriever is de-
termined by both the first-stage global retrieval and
the second-stage local reranking. The first stage
performs efficient FAISS search using the global
image representation. The second stage reranks
the top- K. candidates using weighted late interac-
tion. For each query, the local reranking cost is
approximately

O(K- Ny - N, -d),

where K. is the candidate pool size, N, and N,
denote the numbers of query and candidate patches,
and d is the local feature dimension. In our setting,
Ngy = N. = 49 and d = 128 are fixed, so the
reranking cost grows approximately linearly with
the candidate pool size K.

Empirically, increasing the candidate pool size
improves retrieval performance, but the improve-
ment becomes marginal once the pool size exceeds
100, while the retrieval latency continues to in-
crease. Therefore, we choose a candidate pool
size around 100 as a practical trade-off between
retrieval accuracy and efficiency.

A.5 Prompt Templates

To clarify the differences between the backbone,
the vanilla RAG baseline, and our SeMLI-RAG
framework, we summarize their prompt templates
in Table 8.

A.6 Qualitative Analysis of Patch Weighting

To further investigate whether the teacher—
student distillation encourages the weighted late-
interaction mechanism to assign higher importance
to clinically relevant image regions, we visualize
the learned patch weights in a representative case.
Because the frontal and lateral views are jointly
encoded and share a common semantic weight map
over the combined multi-view patch representation,

54053



Table 9: Qualitative visualization of semantic patch weighting for a case from IU-XRay. Patch weights are gamma-enhanced
(v = 0.4) and upsampled for visualization, with warmer colors indicating higher semantic weights. These transformations are
used only for visualization.

Frontal View Lateral View Findings

Cardiomediastinal silhouette is within normal limits.
No acute bony abnormality is identified. There
is slightly increased XXXX opacity of the right
base compared to the left, which may represent
minimal right basilar airspace disease, XXXX in
the right middle lobe. The left lung is clear. No
pneumothorax or effusion identified.

high-weight patches may originate from either the
frontal or lateral view.

As shown in Table 9, the weight maps exhibit
good spatial correspondence with the reported right
basilar airspace opacity. Increased weights are ob-
served over the right lower lung on the frontal view
and the anterior lower lung on the lateral view,
anatomically consistent with possible right mid-
dle lobe involvement. The two projections provide
complementary spatial evidence, with the frontal
view emphasizing the right basilar region and the
lateral view highlighting the anterior lower lung.
The strongest activation is somewhat diffuse and
extends into the cardiophrenic region, indicating
good but not highly specific localization.

A.7 The Reports of the Case Study

We present the full report contents in Table 10,
which serve as a supplementary illustration to the
case selection results shown in Table 4.
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Table 10: Comparison of retrieved reports, backbone outputs, and Image-adaptive RAG outputs against ground-truth radiology
reports. Orange denotes key ground-truth findings. Green indicates content consistent with the ground truth, and red indicates
conflicting or unsupported findings or suspicions. Uncolored text denotes neutral additional description. v" indicates the output

selected by the post-hoc validation stage.

Case  Ground-truth Report Retrieved Similar Case Backbone Output Image-Adaptive RAG Output

1 Impression: Pulmonary edema with con- Impression: Findings suggest mild Impression: Moderate bilateral v~ Impression: Moderate to severe
sistent with moderate to large pleural ef- edema and possible developing pleural effusions with bibasilar pulmonary edema with bilateral
fusions and adjacent atelectasis. Superim- opacity at the right lung base. Find- opacities, likely atelectatic; super- pleural effusions and bibasilar at-
posed infection cannot be excluded. Find- ings: The heart is again mildly imposed infection cannot be ex- electasis. Findings: There is mod-
ings: Large bilateral pleural effusions to moderately enlarged. Cardiac, cluded. Findings: There are mod- erate to severe pulmonary edema
are present with adjacent opacities most mediastinal, and hilar contours are erate bilateral pleural effusions with bilateral pleural effusions and
consistent with compressive atelectasis. stable. There is no definite pleu- with bibasilar opacities, likely at- bibasilar atelectasis. No pneumoth-
Cephalization and indistinct appearance ral effusion or pneumothorax. In electatic; superimposed infection orax is seen. Cardiac silhouette ap-
of the pulmonary vasculature are consis- addition to new central vascular cannot be excluded. Cardiac sil- pears mildly enlarged. Mediastinal
tent with pulmonary edema. Heart size fullness, mild vascular pulmonary houette is difficult to assess be- contour is unremarkable.
appears enlarged. Mediastinal contours edema is suggested. A focal right cause of low lung volumes. No
are stable. basilar opacity may represent at- acute osseous abnormality is iden-

electasis or possibly developing tified.
pneumonia.

2 Impression: Low lung volumes. Findings: Impression: Diffuse airspace and Impression: Low lung volumes v Impression: Low lung volumes
Lung volumes are low. No pleural effu- interstitial opacities, worsened with bibasilar atelectasis. Find- with bibasilar atelectasis. Find-
sion or pneumothorax is detected. Bibasi- from prior comparisons but im- ings: There are low lung volumes. ings: There are low lung volumes.
lar atelectasis is present. There is mild proved relative to an earlier ex- Bibasilar atelectasis is noted. No Bibasilar atelectasis is seen. No
left ventricular enlargement. Bilateral rib  amination; differential considera- definite focal consolidation is seen. pleural effusion or pneumothorax
fractures are noted. tions include pulmonary hemor- No pneumothorax is seen. Cardio- is seen. No definite acute osseous

rhage, pulmonary edema, and in- mediastinal silhouette is unremark- abnormality is identified.
terstitial fibrosis. Findings: Car- able. No acute osseous abnormal-
diomediastinal contours are stable ity is identified.
and within normal limits. The
lungs demonstrate diffuse airspace
and interstitial opacities. Blunt-
ing of the costophrenic angles and
subtle obscuration of the hemidi-
aphragms suggest bibasilar atelec-
tasis and small bilateral pleural ef-
fusions. There is no pneumotho-
rax.
3 Impression: Mild cardiomegaly and mild Impression: No acute cardiopul- v Impression: No acute car- Impression: No acute cardiopul-

interstitial edema. Findings: Heart re-
mains mildly enlarged. There is mild
interstitial pulmonary edema. No large
pleural effusion. Eventration of the right
hemidiaphragm is noted. No focal con-
solidation suggestive of pneumonia.

monary process. Findings: Low
lung volumes. There is no pleu-
ral effusion or focal consolidation.
No pneumothorax. Heart size is
normal. There is no pulmonary
edema.

diopulmonary abnormality. Find-
ings: Heart size is mildly en-
larged. Pulmonary vasculature is
normal. Lungs are clear. No fo-
cal consolidation or pleural effu-
sion is present. No pneumothorax
is present. Eventration of the right
hemidiaphragm is again noted.

monary abnormality. Findings:
Heart size is normal. Pulmonary
vasculature is normal. Lungs are
clear. No pleural effusion is seen.
No pneumothorax is seen. Eventra-
tion of the right hemidiaphragm is
noted.
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