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Abstract. Automatic chest X-ray report generation requires models to
capture fine-grained visual evidence and describe findings within clinical
context. Existing approaches often entangle global structure and local
details, making subtle cues prone to attenuation during compression and
cross-modal alignment. Most frameworks also rely on single-image inputs
and underuse patient priors, limiting their ability to reflect diagnostic
intent and disease evolution. We propose Wavelet-Enhanced Radiology
Report Generation (WERG), a clinically motivated coarse-to-fine frame-
work built on a multimodal large language model that supports joint
conditioning on clinical context and prior images. WERG generates an
initial draft, retrieves observation-aligned report snippets as textual pri-
ors, and refines the report with enhanced visual evidence. Moreover, we
introduce a wavelet-based frequency-domain detail enhancement module
to emphasize subtle abnormalities while preserving global semantics, and
a diagnosis-guided calibration branch trained with weak observation la-
bels. Experiments on MIMIC-CXR and IU X-Ray show consistent gains
on NLG and clinical metrics, producing more detailed and clinically con-
sistent reports.

Keywords: Radiology Report Generation · Large Language Models ·
Wavelet Transform.

1 Introduction

Automatic chest X-ray report generation can reduce radiologists’ documenta-
tion burden and improve reporting consistency [1–4]. However, clinical utility
demands more than fluent text: models should reliably capture subtle abnor-
malities and describe them within the available clinical context (e.g., indication,
history, comparison, and prior studies). Many existing methods compress global
anatomy and local cues into a unified representation, where high-frequency de-
tails can be attenuated during feature pooling and cross-modal alignment, lead-
ing to reports that are structurally complete but lack fine-grained findings [3,
5, 6]. In addition, most pipelines still generate from a single study and do not
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fully exploit patient-level priors [2, 4]. Recent multimodal large language mod-
els (LLMs), from general systems to radiology-oriented models [7–11], have im-
proved generation flexibility, yet factuality and clinical consistency remain sen-
sitive to the quality and diagnostic focus of visual evidence [12].

To address these issues, we propose Wavelet-Enhanced Report Generation
(WERG), a multimodal-LLM-based coarse-to-fine framework that strengthens
the utility of visual evidence while incorporating patient priors. WERG intro-
duces Frequency-domain Detail Enhancement (FDE), which performs wavelet
decomposition on intermediate features to separate low-frequency structure and
high-frequency details and applies controllable enhancement to emphasize subtle
cues while preserving global semantics. We further add Diagnosis-Guided Visual
Feature Calibration (DGVFC) with weak supervision from report-derived obser-
vation labels, encouraging the enhanced features to align with diagnostic seman-
tics. Based on these components, WERG first produces a coarse draft and then
refines it using clinical context and retrieved similar report snippets, improving
detail coverage and consistency.

The main contributions are summarized as follows:

– We develop WERG as a coarse-to-fine multimodal LLM framework that com-
bines clinical context, retrieved report priors, and enhanced visual evidence
for report refinement.

– We introduce FDE and DGVFC as visual-side components, using wavelet-
based detail enhancement and weakly supervised diagnostic calibration to
improve fine-grained cue utilization and diagnostic semantic alignment.

– Experiments on MIMIC-CXR and IU X-Ray show improvements on multiple
NLG and clinical metrics, producing reports with richer detail coverage and
stronger clinical consistency.

2 Method

2.1 Overall Framework

The proposed Wavelet-Enhanced Radiology Report Generation (WERG) im-
proves detail coverage and clinical consistency by leveraging patient priors, re-
trieved report priors, and fine-grained visual cues within a multimodal large
language model. As shown in Fig. 1, WERG generates a coarse draft and then
refines it by injecting observationally aligned textual priors through Report
Retrieval and Knowledge Extraction (RRKE), while enhancing and calibrat-
ing visual features through Frequency-domain Detail Enhancement (FDE) and
Diagnosis-Guided Visual Feature Calibration (DGVFC).

WERG first produces a coarse draft report, denoted y(0), which serves as a
stable scaffold for subsequent refinement. Based on BLIP-3 [13], we employ a
vision encoder coupled with a Perceiver Resampler [13] to transform each image
into a set of visual tokens. These tokens, concatenated with the textual prompt,
are fed to a decoder-only LLM to generate the report autoregressively.



Wavelet-Enhanced Coarse-to-Fine Radiology Report Generation with LLMs 3

Fig. 1. Overview of WERG. The model conditions on the current CXR with optional
clinical context and prior images. RRKE injects retrieved report priors, and visual
evidence is enhanced and calibrated by FDE and DGVFC for report generation.

Given the current radiograph I(0), the model may additionally take patient
priors, including clinical context text c and an optional set of prior radiographs
I(prior) = {I(1), . . . , I(m)}. We convert c into a structured textual prompt x and
use (x,V) to condition report generation, where V denotes the visual context
assembled from the available radiographs.

For each radiograph I(j) (including j = 0), the vision encoder fv(·) outputs
patch-level features, which are compressed by a Perceiver Resampler r(·) into
a fixed number of visual tokens. Concretely, r(·) aggregates the variable-length
patch sequence into M latent tokens via cross-attention, yielding:

V(j) = r
(
fv(I

(j))
)
∈ RM×d, (1)

where M is fixed across images. We concatenate the per-image tokens to form
the overall visual context V = Concat

(
V(0),V(1), . . . ,V(m)

)
, omitting missing

priors when unavailable. The coarse report is generated autoregressively condi-
tioned on (x,V) under the standard negative log-likelihood objective. While the
coarse report provides a coherent structure, it may still miss subtle but clin-
ically important findings. The following modules refine the draft by injecting
observation-aligned text priors and strengthening visual features.

2.2 Report Retrieval and Knowledge Extraction (RRKE)

Disease-logit similarity retrieval We construct a report database D = {Ri}Ni=1

from the training split, where each entry is a study-level findings report with sen-
tence boundaries for extraction. To retrieve semantically related reports beyond
surface word overlap, we represent each report by a disease-probability profile
produced by a predictor g(·) that outputs Kr-dimensional disease logits. Given
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the query text q formed from the available patient context, we obtain disease
distributions pq = Softmax(g(q)) and pi = Softmax(g(Ri)) for each database
entry, and rank candidates by the KL divergence:

di = DKL(pq ∥ pi). (2)

We keep the top-k reports with the smallest distances as retrieval candidates for
subsequent sentence-level prior extraction.

Observation-guided extraction and prior injection To mitigate noise from
directly appending retrieved reports, we construct two short snippets for refine-
ment. We extract zdraft from the coarse report as a case-specific anchor, and zret
from the top-k retrieved reports by selecting sentences using observation tags.

Concretely, we start from the coarse report y(0) with sentence-level observa-
tion annotations. From this, we derive an image-side observation set Oimg using
the same fixed observation predictor employed for indexing the report database.
This ensures a consistent tag space across both processes. We form zdraft by
keeping sentences whose tags overlap with Oimg as a lightweight filter for poten-
tially unsupported statements. For each retrieved report, we then select sentences
whose tags are relatively less emphasized in zdraft, and concatenate them into
zret. Next, the clinical context c together with zdraft and zret is formatted as the
refinement prompt:

x+ = Format(c, zdraft, zret, Instruction) , (3)

where Format(·) is a fixed template and Instruction prompts the model to
organize observations before generating the final report.

2.3 Frequency-domain Detail Enhancement (FDE)

RRKE supplies observation-aligned textual priors, yet detailed generation still
relies on informative visual features. FDE enhances intermediate visual represen-
tations in the frequency domain (between the vision encoder and tokenization)
to emphasize subtle cues, without altering the language-model decoding mecha-
nism.

Given the patch feature sequence output by the vision encoder, we remove
the global token and reshape the remaining features into a 2D feature map:

X ∈ RB×C×H×W . (4)

FDE applies a 2D orthogonal Haar wavelet transform channel-wise [14, 15], de-
composing features into low-frequency structure and high-frequency details:

(XLL,XLH ,XHL,XHH) = DWT(X). (5)

We concatenate the three high-frequency bands, fuse them, and upsample to the
original resolution to form a detail residual:

H = Up(ϕ([XLH ,XHL,XHH ])) , (6)
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where [·] denotes channel concatenation, ϕ(·) is a 1 × 1 convolution, and Up(·)
is bilinear upsampling.

To preserve structural semantics, we extract global statistics from the low-
frequency component and generate channel-wise affine modulation parameters,
which softly adjust the original features. To emphasize subtle cues, we inject H
as a residual controlled by a global scalar. The final FDE output is:

XFDE = (1 + γ)⊙X+ β + α ·H, (7)

where γ,β ∈ RB×C×1×1 are channel-wise modulation parameters, α is a global
scalar, and ⊙ denotes element-wise multiplication. This design provides control-
lability: the low-frequency branch stabilizes global semantics, while the high-
frequency branch highlights details without “overwriting” the original represen-
tation. We reshape XFDE back to the patch sequence for tokenization.

2.4 Diagnosis-Guided Visual Feature Calibration (DGVFC)

Beyond detail enhancement, we further calibrate the visual representation to-
ward diagnostically relevant cues. DGVFC applies weak supervision from report-
derived observation labels and outputs a compact disease embedding for condi-
tioning (Fig. 1), without modifying the LLM decoder.

Given the FDE-enhanced feature map XFDE ∈ RB×C×H×W , we apply global
average pooling to obtain an image-level representation h, which is then passed
to a disease prediction head fdis(·) to produce multi-label observation logits and
a compact disease embedding:

h = GAP(XFDE), (z, e) = fdis(h), (8)

where z ∈ RB×K are logits for K observation classes and e ∈ RB×D is the disease
embedding. We use observation labels extracted from reference reports as weak
supervision [16] and apply a multi-label classification loss to z:

Ldiag = BCEWithLogits(z, y), (9)

where y ∈ {0, 1}B×K is the corresponding label vector. This supervision encour-
ages the visual representation to remain sensitive to diagnostic semantics before
compression and cross-modal interaction, and makes e a compact semantic sum-
mary of the case. For calibration, we spatially broadcast e and fuse it with XFDE

via a lightweight projection to obtain a disease-conditioned modulation on the
visual feature map.

3 Experiments

3.1 Datasets and Experimental Settings

We fine-tune on MIMIC-CXR [17] using frontal views and evaluate cross-dataset
performance on IU X-Ray [18] using all available frontal images. We report
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Table 1. Comparison on the MIMIC-CXR dataset. The highest scores are highlighted
in bold, while the second-highest scores are indicated with an underline.

MIMIC-CXR

Methods Venue B-1 B-4 MTR R-L P R F1

PPKED [3] CVPR’21 0.360 0.106 0.149 0.284 – – –
R2GenCMN [4] ACL’21 0.353 0.106 0.142 0.278 0.334 0.275 0.278
M2KT [22] MedIA’23 0.386 0.111 – 0.274 0.420 0.339 0.352
KiUT [23] CVPR’23 0.393 0.113 0.160 0.285 0.371 0.318 0.321
METrans [24] CVPR’23 0.386 0.124 0.152 0.291 0.364 0.309 0.311
DCL [5] CVPR’23 – 0.109 0.150 0.284 0.471 0.352 0.373
EKAGen [6] CVPR’24 0.419 0.119 0.157 0.287 0.517 0.483 0.499
HSA [25] MICCAI’24 0.386 0.120 0.163 0.288 0.480 0.357 0.379
MPO [26] AAAI’25 0.416 0.139 0.162 0.309 0.436 0.376 0.353
DDaTR [27] TMI’25 0.401 0.113 0.162 0.272 – – –

RGRG [28] CVPR’23 0.373 0.126 0.168 0.264 0.461 0.475 0.447
KARGEN [12] MICCAI’24 0.417 0.140 0.165 0.305 – – –
R2-LLM [29] AAAI’24 0.402 0.128 0.175 0.291 0.465 0.482 0.473
PromptMRG [30] AAAI’24 0.398 0.112 0.157 0.268 0.501 0.509 0.476
KACL [31] MICCAI’25 0.414 0.136 0.169 0.303 0.503 0.442 0.469

WERG (Ours) MICCAI’26 0.418 0.146 0.347 0.289 0.583 0.610 0.596

NLG metrics for text similarity, including BLEU (B-1/B-4) [19], METEOR
(MTR) [20], and ROUGE-L (R-L) [21]. On MIMIC-CXR, we additionally re-
port CE metrics, including Precision/Recall/F1 (P/R/F1), which are evaluated
by converting reports into 14 disease classification labels using CheXbert [16].
We omit CE on IU X-Ray due to potential label-space mismatch.

We train with the AdamW optimizer using a learning rate of 5 × 10−5 and
cosine learning-rate scheduling. Mixed precision uses bf16. At inference, we apply
beam search with num beams=5. For retrieval augmentation, we keep the top-
k = 2 most similar report snippets as textual priors and insert them into the
prompt to guide refinement.

3.2 Comparison with the Baselines

We compare WERG on MIMIC-CXR with two groups of baselines: expert non-
LLM models and recent LLM-based generators (Table 1). We report both NLG
and CE metrics. WERG achieves the best CE metrics, outperforming EKAGen
and the LLM-based R2-LLM. It also obtains the highest MTR. These improve-
ments are consistent with combining diagnosis-aware visual features enhance-
ment and observation-aligned textual priors.

For NLG metrics, WERG achieves the highest B-4 and MTR, and remains
competitive on B-1, which is close to the best-performing EKAGen. Meanwhile,
it does not dominate every surface-overlap metric, which can be affected by
report-writing variability and the fact that multiple clinically valid phrasings
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Table 2. Comparison on the IU X-Ray dataset. The highest scores are highlighted in
bold, while the second-highest scores are indicated with an underline.

Methods Venue B-4 MTR R-L

M2KT MedIA’23 0.078 0.153 0.261
DCL CVPR’23 0.074 0.152 0.267
RGRG CVPR’23 0.063 0.146 0.180
PromptMRG AAAI’24 0.098 0.160 0.281
DDaTR TMI’25 0.103 0.160 0.307

WERG (Ours) MICCAI’26 0.086 0.309 0.323

Table 3. Ablation studies on MIMIC-CXR. All variants start from the same fine-tuned
backbone. The highest scores are highlighted in bold, while the second-highest scores
are indicated with an underline.

RRKE FDE DGVFC B-4 MTR R-L P R F1

0.123 0.304 0.264 0.576 0.464 0.514
✓ 0.130 0.317 0.265 0.576 0.608 0.591

✓ 0.126 0.307 0.268 0.583 0.484 0.529
✓ ✓ 0.131 0.317 0.267 0.586 0.592 0.589

✓ ✓ 0.131 0.314 0.266 0.576 0.608 0.591

✓ ✓ ✓ 0.146 0.347 0.289 0.583 0.610 0.596

may describe the same observations. Thus, gains in content coverage and phras-
ing choices may not be fully reflected by n-gram overlap with a single reference.

Following prior zero-shot IU X-Ray evaluation protocols [30, 27], we report
only NLG metrics on IU X-Ray because the standard IU test split may not be
well suited to disease-aware metrics. Under this setting, WERG achieves the
best MTR and R-L, but its B-4 is lower than the strongest baselines while still
exceeding several prior methods. The lower B-4 can arise from wording vari-
ability despite correct diagnostic predictions, since prior-guided refinement may
introduce clinically consistent paraphrases, sentence reordering, and contextual
or negative statements; the higher MTR and R-L indicate stronger semantic
coverage and robustness to distribution shift.

3.3 Ablation Studies

We ablate RRKE, FDE, and DGVFC on MIMIC-CXR (Table 3) using the same
fine-tuned backbone and decoding settings. DGVFC is evaluated together with
FDE since it is defined on the FDE-enhanced feature space.

As shown in Table 3, RRKE obtains the largest gain on clinical coverage,
mainly improving Recall and F1. FDE alone remains comparable to the fine-
tuned baseline, suggesting that wavelet-based enhancement is conservative with-
out an explicit diagnostic constraint. Adding DGVFC on top of FDE improves
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Fig. 2. Qualitative examples on MIMIC-CXR. Rows show image, clinical background,
ground truth, coarse report, and refined report. The prior image (if available) appears
at the bottom-right. Colors highlight key categories and strikethrough marks incorrect
negations in the coarse report.

diagnosis consistency (notably Precision), indicating that weak supervision helps
translate enhanced cues into observation-aligned evidence. Combining RRKE
with FDE+DGVFC achieves the best overall performance, supporting the com-
plementarity between textual priors and diagnosis-aware visual enhancement.

3.4 Qualitative Analysis

As shown in Fig. 2, the coarse report may omit or incorrectly negate clinically im-
portant statements (e.g., devices and abnormalities), whereas WERG more con-
sistently preserves case-relevant findings and comparison language. Across cases,
WERG reduces incorrect negations and improves coverage of device-related and
subtle abnormalities compared with the coarse drafts, while maintaining coher-
ent trend descriptions when comparison information is available.

4 Discussion and Conclusion

We presented WERG, a wavelet-enhanced coarse-to-fine radiology report gen-
eration framework based on a multimodal large language model. By integrating
retrieved textual priors and enhanced visual evidence, WERG improves text
quality and clinical consistency on MIMIC-CXR and IU X-Ray.

Nevertheless, WERG remains sensitive to retrieval quality and automatically
extracted observation labels, and clinical deployment requires privacy-preserving
indexing and local validation.
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