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Abstract

Medical vision—language datasets are limited
in size and biased toward abnormal find-
ings: clinicians document abnormalities in
detail but frequently omit normal observa-
tions because they are considered uninforma-
tive for the patient’s condition. We pro-
pose a self-supervised enrichment method
that leverages semantic clustering of re-
port sentences and augments the training re-
ports with normal observations drawn from
co-occurring clusters in the same dataset.
Our approach yields consistent gains in su-
pervised fine-tuning: average improvements
of +5.63% COMET, +3.04% BERTScore,
+7.40% Sentence-BLEU, +5.30% CheXbert-
F1, and 4+7.47% RadGraph-F1 across five lan-
guage model backbones. Ablation studies con-
firm that improvements stem from semantic
clustering rather than random augmentation.
We further introduce a cluster-aware reward
for GRPO training that complements exact-
match rewards and yields additional gains:
42.78% COMET, +3.14% BERTScore, and
+14.21% ROUGE-L. Code is available at
https://github.com/igulluk/SemEnrich.

1 Introduction

Vision—language models trained on large-scale web
data have made rapid progress on image caption-
ing, visual question answering, and text-to-image
generation (Radford et al., 2021; Li et al., 2023b;
Jiaetal., 2021). The dominant lesson from this line
of work is simple: the larger and richer the training
data, the better the downstream performance.

The medical domain, however, breaks this scal-
ing assumption. Public medical image—text cor-
pora are small, expensive to curate, and biased in
ways general-domain data is not. Many medical vi-
sual question answering benchmarks contain only
coarse prompts (e.g., “which organ is presented”
or “which imaging modality is shown”), which are
insufficient to evaluate models intended for real
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clinical use (Lau et al., 2018; Zhang et al., 2024).
Building new medical datasets is one response; im-
proving existing ones is the complementary, lower-
cost path that we pursue in this work.

To make this concrete, we focus on chest X-ray
reports, which contain two main sections: findings
and impressions. The findings section is a list of ob-
servations made by the radiologist from the image;
the impression is the radiologist’s final conclusion,
often informed by patient history and clinical in-
dication in addition to the image itself. Because
the impression depends on information outside the
image, we target the findings section, where a large
vision—language model (LVLM) can in principle
ground every statement in the visual input.

The findings section also has a structural prop-
erty that ordinary text data does not: its sentences
are largely independent. A radiologist may write
the same set of observations in any order without
changing the meaning of the report. This order
invariance lets us treat the findings as an unordered
set of observations and, after embedding each sen-
tence, group them into semantic clusters and reason
about which clusters can co-occur.

A second property of these reports motivates
our enrichment. When writing a report, clinicians
focus on abnormalities and tend to omit normal ob-
servations that they consider uninformative for the
patient’s condition, so the training data systemati-
cally under-represents normal anatomy. Crucially,
the two properties above let us repair this bias with-
out external supervision: because findings are an
exchangeable set, a normal observation that has
been omitted can be reinserted as long as it is con-
sistent with what the report already states.

QOur approach. We introduce SemEnrich, a
self-supervised pipeline that exploits both prop-
erties. We embed every finding sentence in the
training corpus with a sentence transformer and
group the embeddings into semantic clusters. Each
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cluster is assigned a polarity (normal or abnormal),
and two clusters are deemed connected when they
already co-occur in some real report. For a given
patient we then add only normal clusters that are
mutually connected to every cluster already present
—avalid enrichment — so that the inserted sentences
are plausibly omitted normal findings rather than
fabricated content. The same clustering is reused
as a reward signal for GRPO post-training, where a
cluster-level F1 reward complements the standard
exact-match reward. We apply this type of self-
supervision to the training set and the test set is
never modified, so all reported gains reflect a richer
training signal rather than easier targets.

2 Related Work

Medical vision-language models: A growing
line of work targets medical visual question answer-
ing and radiology report generation under limited
data. Lin et al. (2023) curate a medical image—
caption dataset and train a CLIP-style model; Wu
et al. (2024) train a Llama model for medical
multiple-choice question answering. LLaVA-Med
(Li et al., 2023a) extends LLaVA to medical con-
versations including images, and R-LLaVA (Chen
et al., 2025) improves medical VQA with region-
of-interest grounding. Tu et al. (2024) propose a
generalist medical model that handles VQA, re-
port generation, and classification within a single
architecture.

Improving information extraction from medi-
cal data: Several approaches focus on richer
alignment or retrieval rather than larger data.
MMed-RAG (Xia et al., 2024) introduces a domain-
aware multi-modal RAG pipeline with preference
fine-tuning. Med-UniC (Wan et al., 2023) aligns
medical text across English and Spanish to broaden
coverage; Boecking et al. (2022) show that com-
bining global and local alignment of visual and
text representations improves downstream medical
VLM performance.

Datasets and report generation models: We
use ReXGradient-160K (Zhang et al., 2025), which
contains 160K chest X-ray studies across 109,487
patients from 79 medical sites; the rationale for
this choice is discussed in Appendix A.15. Re-
lated releases include 3D-RAD (Gai et al., 2026)
for 3D medical VQA and RadVLM (Deperrois
et al., 2025) for conversational radiology. For re-
port generation specifically, Flamingo-CXR (Tanno

et al., 2025) adapts a Flamingo backbone with ex-
pert evaluation in the loop, Chen et al. (2020) pro-
pose a memory-driven transformer for radiology
report generation, and Alfarghaly et al. (2021) use
conditioned transformers for automated report gen-
eration.

In contrast to these methods, SemEnrich does
not propose a new dataset or a new architecture.
It produces an enrichment of any existing chest
X-ray dataset, by adding semantically consistent
normal findings that the radiologist did not bother
to mention, and it can be combined with any of the
report-generation backbones above.

3 Method

This section describes (i) how we cluster the sen-
tences in the findings section across all training
reports, (i1) how we label each cluster as normal
or abnormal, and (iii) how we use this structure
to enrich the training findings in a self-supervised
manner.

3.1 Sentence Representations and Clustering

We operate on the findings section of each report,
which lists observations made directly from the
chest X-ray.

We embed every finding sentence in the train-
ing set with a pretrained sentence transformer,
all-MinilLM-L6-v2 (Reimers and Gurevych,
2019), denoted fgsent. Let N be the total number
of unique finding sentences across all training re-
ports. The encoder produces N representations
Ti = fsent(s) € R¥® fori = 1,..., N, which
we normalize to unit length, z; = Z;/||Z;]|.

For the report in Figure 2, the findings decom-
pose into seven sentences si, .. ., S7: for instance,
s1 is “The lungs are adequately inflated”, s9 is
“There is no focal infiltrate”, and sy is “The bony
thorax exhibits no acute abnormality”. The cor-
responding embeddings z1,...,z7 feed into the
next step, whose goal is to group sentences so that
each group contains semantically equivalent obser-
vations.

Clustering finding sentences: With these em-
beddings in hand, we cluster the sentences so
that semantically equivalent observations fall into
a common group. We use three algorithms, all
with Euclidean distance: K-means, DBSCAN,
and HDBSCAN (Lloyd, 1982; Ester et al., 1996;
Campello et al., 2013). With default hyperpa-
rameters, DBSCAN yields 995 clusters and HDB-
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Figure 1: SemEnrich pipeline. Phase 1 (top): every finding sentence in the training set is embedded by a frozen
sentence transformer (MiniLM) and clustered with HDBSCAN. Each cluster is labeled normal or abnormal by an
LLM, and cluster co-occurrence across patients defines a connectivity graph. Phase 2 (bottom): for every patient
(v;, F;) we sample a valid enrichment—a set of normal clusters Frq,4 connected to every cluster already in F;—
and append one sentence per added cluster to the findings. The enriched findings and the chest X-ray then train an
LVLM via SFT or GRPO; in the GRPO setting the same clustering is reused as a cluster-F1 reward R ;.

Figure 2: An example chest X-ray from the ReXGradient-
160K dataset. Findings: The lungs are adequately inflated.
There is no focal infiltrate. There is no pleural effusion. No
pulmonary parenchymal nodules or masses are observed. The
heart and pulmonary vascularity are normal. There is calcifica-
tion in the wall of the thoracic aorta. The bony thorax exhibits
no acute abnormality. Impression: No pulmonary nodules
are observed. There is no acute cardiopulmonary abnormality.
Thoracic aortic atherosclerosis.

SCAN yields 3,216; for K-means we sweep k €
{1000, 2000, 5000}.

The two families behave differently. Density-
based methods (DBSCAN, HDBSCAN) leave low-
density points as outliers, so not every sentence is
assigned to a cluster. K-means partitions all points
and is forced to absorb outliers into the nearest
cluster. In our data, K-means assigns all 184,535
training sentences to clusters, whereas HDBSCAN

clusters only 66,477 of them; the remaining sen-
tences are dropped from the enrichment pool. This
trade-off matters: density-based methods produce
purer clusters at the cost of coverage, while K-
means trades purity for coverage. The number of
clusters in K-means controls a similar trade-off
between expansion reach and cluster noise. To
avoid hyperparameter cherry-picking, all clustering
methods use library defaults and we report all three
values of k£ for K-means. The choice of sentence
encoder is itself a design axis: in Appendix A.9 we
hold the pipeline fixed and swap MiniLM for larger
general-purpose encoders (Stella, GTE-Qwen?2)
and biomedical ones (PubMedBERT, BioBERT);
every encoder improves over the baseline, and the
general-purpose MiniLM remains the strongest on
the clinical metrics.

Below we provide examples of sentences that
are grouped into the same cluster, demonstrating
that semantically similar findings are successfully
clustered together:

Cluster 1: Gray-White Differentiation

“Gray-white differentiation appears unremarkable.” / “The
gray-white matter differentiation is within normal limits.”
/ “Gray white differentiation is intact.” / ...
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Additional cluster examples are provided in Ap-
pendix A.1.

Let fo : s; — ¢; denote the sentence-to-
cluster-id mapping, where c; is the cluster id as-
signed to sentence s;. With K clusters in to-
tal, C = {ci,...,ck}, the findings of the j-
th chest X-ray, which is naturally a set of sen-
tences {s;1,Sj2,...,5;-} where r is the num-
ber of sentences in that report, can therefore be
represented as the corresponding set of cluster
ids {cj1,¢j2,- - ¢} = {felsr), - fe(sir)}
Per-method cluster-size statistics are reported in
Appendix A.3 an A.4.

3.2 Cluster Polarity Assignment

We assign each cluster a polarity label: normal
or abnormal. A cluster is normal if its sentences
describe healthy, unsuspicious anatomy or non-
findings (e.g., “the lungs are clear”); it is abnormal
if its sentences describe a pathological, suspicious,
or symptomatic finding (e.g., “there is a left lower
lobe consolidation™).

To label a cluster, we sample one sentence from
it at random and prompt a DeepSeek-R1 model
with the following instruction:

Decide whether the following radiology
sentence describes a normal observation or an
abnormal observation.

- If the sentence reports any pathology,
suspicious feature, or symptomatic finding,
respond with ‘abnormal’.

- If the sentence describes a finding
consistent with a healthy patient, respond
with ‘normal’.

Output only ‘normal’ or ‘abnormal’, with no

explanation.

The sentence is: {finding}

We repeat this for every cluster, producing a
polarity map hg : ¢; — s; with s; € {+1,—1},
where +1 denotes a normal cluster and —1 denotes
an abnormal one.

On the noise of single-sentence polarity assign-
ment: This single-sentence labelling is noisy and
is not a substitute for clinician judgement. It
is tolerable here because polarity acts only as a
hard gate on which clusters may be added (Sec-
tion 3.3), never as a supervision target: a wrong
label only changes whether a cluster is eligible,
and mis-labelled clusters are further filtered by the
co-occurrence constraint, so errors lower the aug-
mentation rate rather than inject incorrect content.
Empirically, even under this noisy gate the gains in

Section 4 are large and consistent, indicating that
the signal dominates the residual noise; clinician-
in-the-loop labelling is a natural refinement. We
also directly quantify this noise by labelling mem-
ber sentences of every inserted normal cluster: the
inserted clusters are highly polarity-pure (insertion-
weighted purity ~ 99.8%), corresponding to an
effective abnormal-injection rate of only ~ 0.22%
(Appendix A.11).

3.3 Enrichment via Connected Clusters

We now describe how new sentences are added to
a patient’s findings. Three definitions formalize the
procedure.

Connected Clusters: Two clusters ¢; and c; are
connected if there exists a patient in the training set
whose findings contain one sentence from c; and
another from c¢;. Connectivity is a co-occurrence
relation: if two clusters are connected, then the
propositions they represent have already been seen
together in at least one real report and are not mu-
tually contradictory in that context. In practice we
apply a slightly more robust co-occurrence gate
governed by two thresholds, fixed across all config-
urations: two clusters are connected only when they
co-occur in at least T¢ount = 3 reports (a floor on the
raw co-occurrence count) and their row-normalized
co-occurrence exceeds Thorm = 0.001. This dis-
cards spurious single-report co-occurrences; the
full procedure is given in Appendix A.S5, Algo-
rithm 1.

Valid Enrichment: Let F; =
{¢j1,¢j2, ..., cjr} be the set of clusters spanned by
the findings of the j-th patient. For a candidate set
Feana C C, we call (Fj, Feqnq) avalid enrichment
if:

o F; 1 Foang = 0, )
o Vua,y € F;UFypq, x,y are connected, (2)
o Vce Founa, hs(c) = +1. 3)

Intuitively, a valid enrichment adds only normal
observations to an existing report, and only when
every added cluster co-occurs with every other clus-
ter already present or being added. The motivation
is that clinicians focus on abnormalities and fre-
quently omit normal observations they consider
uninformative; by definition we never add abnor-
malities, and connectivity prevents combining mu-
tually contradictory normal findings.

39419



“there is hyperinflation”
023 “hyperinflation is noted”

“there is mild hyperinflation”

“underlying hyperinflation”

081 C45

“there are upper lobe emphysematous changes”
“possible emphysematous changes in upper lobes”
“emphysematous changes of the upper lobes”
“emphysematous change in the right upper lobe”

Cy Cs3

“there is mild unchanged cardiomegaly”
“cardiomegaly is noted”

“cardiomegaly is stable”

“moderate cardiomegaly”

“borderline cardiomegaly”

O Patient 1 findings (4 sentences)
Patient 2 findings (4 sentences)

Patient 3 findings (3 sentences)

Cer
: Cio Csa
“there are no effusions”
“no evidence of effusion” 087
“no effusion is noted”
“no sizable effusion is seen”
“no large effusion is evident” C
91

Complete subgraph edges

Other clusters

Figure 3: Visualization of the cluster-based findings representation. Each node represents a cluster of semantically similar
sentences. Patient 1’s findings (consisting of multiple sentences) forms a complete subgraph where each node corresponds to the
cluster containing one of the finding sentences. The blue subgraph shows an example findings with 4 sentences: the bold text
shows the original sentence, and italicized text shows other sentences from the same cluster. The green and orange subgraphs

represent findings from other patients.

Largest Valid Enrichment: (F}, F.q,q) is a
largest valid enrichment if it is a valid enrichment
and no additional cluster can be added without
breaking the conditions above:

o (I}, Feanq) is a valid enrichment, ()
o Vee C\ (FjUFend),
(Fj U Fegna, {c}) is not a valid enrichment.

&)

In other words, we add as many normal sen-
tences as possible without violating connectivity
or polarity. Figure 4 illustrates a small example.
Finding possible valid enrichments is very closely
related to classical maximal clique enumeration
problem in graph theory. The algorithmic details
of finding the largest valid enrichment are deferred
to Appendix A.5.

Like the polarity assignment, this enrichment is
inherently noisy; however, the large and consistent
improvements in Section 4 experimentally show
that the signal it provides far outweighs that noise.

Enrichment examples: We now show a real ex-
ample of a valid enrichment from our training data,
pairing an original set of findings with the expan-
sion clusters that the procedure adds. The inserted
sentences are semantically consistent with the orig-
inal report, and the procedure never introduces an
abnormal finding.

Initial Findings:

* Right hilar mass is suspected.

» Heart is normal in size. Lungs are clear.

* No pneumothorax or effusion.

* Airspace disease is present in the inferior
right upper lobe.

Expansion Cluster 1: “visualized bony
thorax intact”, “the visualized bony struc-
tures of the thorax are intact”, ...
Expansion Cluster 2: “normal lung vol-
umes”, “lung volumes are normal”, “the
lung volumes are normal”, ...

The same initial findings can yield several distinct
valid enrichments depending on which connected
normal clusters are sampled; further alternatives
and examples are given in Appendix A.2. Ap-
pendix A.10 additionally reports which normal find-
ings the procedure most often recovers — canonical
omissions such as normal heart size and no pneu-
mothorax — together with the fraction of reports
that are enriched.

3.4 Training: SFT and Cluster-Aware GRPO

Supervised fine-tuning: The backbone follows
the standard vision—language recipe (Figure 5): a
Vision Transformer encodes the chest X-ray and
a linear layer projects its features into m image
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Figure 4: Ilustration of the valid enrichment process. Left: the base findings F; = {c1, c2, ¢3, ¢4} (inside the blue box) and
candidate clusters (dashed nodes). Green nodes are normal clusters; red nodes are abnormal clusters. Candidate c5 is valid
(normal and connected to all base clusters). Candidate cg is invalid (abnormal). Candidate c7 is invalid (not connected to c;
and c3). Candidates cg and cg form a valid pair (both normal, connected to all base clusters and to each other). Note that c5 is
not connected to {cs, g}, so they cannot belong to the same enrichment. Right: two largest valid enrichments, F; U {cs} and
F; U {cs,co}. F; U{cs} is a valid enrichment but not a largest one.
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Figure 5: Model architecture. The chest X-ray is encoded
by a Vision Transformer and mapped by a linear projector
into m image tokens /1.,,. These are concatenated with the
tokenized findings y1., and passed to a LoRA-tuned large
language model, trained with the next-token prediction loss
on the finding tokens.

(text prompt)

tokens Iy.,,, which are concatenated with the to-
kenized findings ¥1.,. We train with the standard
next-token-prediction objective, masking the image
tokens in the loss so the model is only penalized for
predicting finding tokens conditioned on the image
representation:

1 n
L= _E Zlogpg(yt | Il:m7 yl:tfl)a (6)
t=1

where 6 are the trainable parameters and Py(-) is
the LLM’s next-token distribution.

Cluster-aware GRPO reward: Our clustering
can also be reused as a reward signal in RL post-
training, independently of enrichment. We adopt
the same framing as GRPO over reasoning models:

the input is formatted as <think>findings</think>
<answer>impression</answer>, and the standard re-
ward is the exact match between the generated
and ground-truth impressions, Rezact = 1[ygt =
ygen]-

We add a complementary reward based on the
cluster assignments of the generated findings. Let
Fy¢ = {c1,...,¢} denote the set of clusters
spanned by the ground-truth findings of a sample,
and Fye,, = {cg1, ..., Cgm } the set spanned by the
generated findings. The cluster-aware reward is
the F1 between these two sets, added to the exact-
match reward:

2 |Fygt N Fyen|

Ro = o p—2
‘ |th’ + ’Fgen‘

+ 7zeacact . (7)

In experiments, we compare R t0 Rezqcr alone.
This is orthogonal to the enrichment in Section 3.3:
enrichment changes the training data, while the
cluster-aware reward changes the supervision sig-
nal in RL.

4 Experiments

We evaluate SemEnrich on the ReXGradient-160K
dataset (Zhang et al., 2025). We use the offi-
cial patient-disjoint splits, with train/validation/test
= 95,716 / 6,964 / 6,807 patients and zero patient
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overlap between splits. Clustering, cluster polari-
ties, and the co-occurrence connectivity graph are
all built from the training split only. For each
configuration, a baseline model is trained on the
raw dataset, and an enriched model is trained on
the same dataset with our augmentation applied at
batch time: for every sample, we draw uniformly
at random one of its precomputed largest valid en-
richments and append the corresponding sentences
to the findings before the forward pass. The eval-
uation splits are never enriched and the test set is
never modified, so there is no train—test leakage and
all the performance improvements experimentally
prove a richer self-supervision.

Backbones: We use ViT-B/16 as the vision en-
coder with input resolution 224 x 224. We eval-
uate five LLM backbones: DeepSeek-R1-Distill-
Qwen-1.5B and DeepSeek-R1-Distill-Llama-8B
(Guo et al., 2025), Qwen3-8B (Yang et al., 2025),
Mistral-7B-v0.1 (Jiang et al., 2023), and Gemma3-
4B (Gemma Team, 2025).

Training: We fine-tune with LoRA (rank r=8)
for 25 epochs using AdamW with learning rate
10~* and batch size 144. All experiments run on a
single NVIDIA A100 GPU.

4.1 Main Results

Table 1 compares baseline training with five clus-
tering variants (DBSCAN, HDBSCAN, and K-
means with £€{1000, 2000, 5000}) across six met-
rics. We report Sentence-BLEU-1 for lexical over-
lap; COMET, which penalizes irrelevant or repeti-
tive content and is therefore the metric most sensi-
tive to noisy enrichment in our setting; BERTScore-
F1 for contextual semantic similarity; and the clini-
cally grounded CheXbert-F1 (disease-label agree-
ment) and RadGraph-F1 (entity—relation-graph
agreement). The pattern is consistent across all
of them: HDBSCAN is the strongest clustering
choice and has the best mean on every metric and K-
means-5000 is a close second. Corpus-BLEU, ME-
TEOR, ChrF++, and ROUGE are deferred to Ap-
pendix A.12 and show the same qualitative trend;
n-gram corpus-level scores favor longer outputs
and, since our method adds sentences, should be
read with caution, so we rely primarily on the se-
mantic and clinical metrics here.

Although this work focuses on improving the
training data rather than on producing the single
best model, for completeness we situate our abso-
lute numbers against open-source state-of-the-art

medical vision—language models in Appendix A.6.
These comparisons only locate where a report-only
fine-tune lands relative to released checkpoints; the
evidence for the enrichment itself comes from the
controlled baseline-vs-enriched comparison (Ta-
ble 1) and the size-matched random-expansion ab-
lation (Section 4.2), not from the SOTA table.

Generalization to a second dataset: To
test whether the enrichment transfers beyond
ReXGradient-160K, we additionally run the full
SemEnrich pipeline on MIMIC-CXR (Johnson
et al., 2019). Despite MIMIC’s single-institution
origin and noisier reports, the pipeline transfers
cleanly and HDBSCAN enrichment again im-
proves a Mistral-7B backbone across lexical,
semantic, and clinical metrics; the full setup
and numbers are in Appendix A.7, and a com-
parison against medical VLMs on MIMIC is in
Appendix A.8.

4.2 Ablation Study

To isolate the contribution of semantic cluster-
ing from that of simply adding more sentences,
we compare three settings: the raw baseline,
HDBSCAN-based enrichment (our method), and a
random-expansion ablation in which we keep the
same expansion size as our method but replace each
added sentence with one drawn uniformly at ran-
dom from a different cluster, ignoring connectivity
and polarity.

As shown in Table 2, HDBSCAN enrichment
improves over the baseline on every backbone and
every metric, while random expansion is consis-
tently below the baseline. The gain therefore stems
from the semantic structure of the clusters, not from
the additional sentence count alone.

4.3 GRPO Rewarding Results

We now evaluate the cluster-aware reward R ; in-
troduced in Section 3.4 against the standard exact-
match reward Rezqct, in @ GRPO stage that follows
SFT. Recall that R; adds the F1 score between the
ground-truth and generated cluster sets for the find-
ings section on top of the exact-match reward for
the impression section; we use HDBSCAN cluster-
ing throughout.

The results in Table 3 are computed on the
impression section only. This is a deliberately
conservative protocol: our reward augments the
findings part, and we test whether the gain trans-
fers to the impression — the final conclusion of
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Table 1: Main results across five LLM backbones (mean=+std over five seeds). Each block is one metric (in percent);
the best method per backbone is bolded and the method with the best mean is shaded. Additional results are in

Appendix A.12.

Metric Method DS-R1-Qwen-1.5B Gemma3-4B DS-R1-Llama-8B Qwen3-8B  Mistral-7B  Mean
Baseline 27.58+0.87 21.6340.70 27.4540.86 28.114+1.17 29.87+1.67 26.93
K-means-1000 26.40+0.66 22.80+0.74 26.85+1.00 26.88+0.71 23.1240.52 25.21

Sentence-  K-means-2000 28.744+0.97 22.2540.70 29.094+0.77 29.36+0.94 29.584+0.69 27.80
BLEU-1 K-means-5000 28.16+0.62 23.3240.32 29.38+0.61 29.40+0.79 32.534+1.15 28.56
DBSCAN 27.034+1.31 21.3640.83 28.4440.69 28.024+0.56 28.89+1.00 26.75

HDBSCAN 29.51+0.81 23.83+0.91 29.11+0.54 30.35+1.35 32.64+1.00 29.09

Baseline 63.684+0.49 62.054+0.53 63.954+0.48 63.804+0.80 63.59+0.77 63.41
K-means-1000 65.76+0.45 63.65+0.39 66.66+0.37 66.324+0.40 65.424+0.26 65.56

COMET K-means-2000 67.141+0.43 63.514+0.32 67.37+0.37 67.404+0.49 68.10+0.40 66.70
K-means-5000 66.38+0.49 63.97+0.22 67.02+0.36 67.16+0.52 67.33+0.51 66.37

DBSCAN 63.284+0.65 61.9340.35 64.2440.59 64.094+0.63 63.65+0.60 63.44

HDBSCAN 67.34+0.41 64.59+0.65 67.44+0.31 67.71+0.73 69.16+0.57 67.25

Baseline 67.60+0.48 65.354+0.31 67.834+0.44 67.794+0.67 67.86+0.75 67.29
K-means-1000 68.62+0.37 66.93+0.41 69.20+0.51 69.11+0.34 67.924+0.28 68.35

BERTScore- K-means-2000 69.5440.66 66.38+0.24 69.9240.50 69.854+0.44 69.144+0.58 68.97
F1 K-means-5000 69.15+0.47 66.72+0.13 69.97+0.39 69.87+0.36 71.40+0.59 69.42
DBSCAN 66.9440.66 65.174+0.31 67.741+0.53 67.5440.34 67.09+0.65 66.89

HDBSCAN 69.66+0.42 66.80+0.60 69.80+0.34 70.07+0.69 71.35+0.56 69.54

Baseline 36.38+1.97 27.12+1.93 41.34+2.37 37.98+3.77 37.344+2.22 36.03
K-means-1000 35.594+2.12 25.11+1.54 39.60+2.78 37.23+2.21 21.554+1.54 31.82

CheXbert-14 K-means-2000 35.904+2.98 19.93+1.23 38.78+1.24 38.17+2.77 38.4342.70 34.24
K-means-5000 35.174+2.99 25.11+1.66 40.18+2.51 38.80+3.42 39.30+3.31 35.71
DBSCAN 34.9442.01 22.33+1.21 38.3242.03 37.74+2.77 38.23+1.96 34.31
HDBSCAN 36.52+1.69 29.69+3.32 39.72+2.38 39.31+1.44 39.25+2.71 36.90
Baseline 26.51+£1.00 18.49+1.07 26.08+1.18 27.32+1.69 30.21+1.72 25.72
K-means-1000 24.934+1.03 20.6240.82 26.074+1.40 25.974+1.35 23.69+1.02 24.26

RadGraph- K-means-2000 28.25+1.62 18.90+0.93 28.34+1.28 28.69+1.47 31.45+1.47 27.13
F1 K-means-5000 26.044+1.00 19.834+0.97 27.9240.99 28.3241.22 31.65+1.72 26.75
DBSCAN 24.03+1.60 16.23+1.22 25.16+1.04 24.78+1.14 28.734+1.61 23.79

HDBSCAN 27.904+1.22 20.71+1.55 28.07+0.80 29.28+2.00 32.23+1.60 27.64

the report — which would indicate that the model
has produced more informative findings as a by-
product. Each run is averaged over 5 random
seeds. Across both backbones and all three metrics,
R exceeds Regact (+2.78% COMET, +3.14%
BERTScore, +14.21% ROUGE-L on average). Ad-
ditional GRPO details are in Appendix A.14.

Table 3: GRPO results comparing cluster-based reward
R and exact match reward Repqc¢ On the impression
section. Additional results are in Appendix A.14.

Metric Model Rel Rezact
COMET Qwen2.5-VL-3B  0.6179+0.003 0.597320.002
Qwen3-VL-4B  0.6125+0.003 0.59890.003
Qwen2.5-VL-3B  0.72110.002  0.69520.002
BERTScore-Fl - A0 13 VL-4B 0719320003 0.7000-0.002
ROUGELL Qwen2.5-VL-3B  0.32040.004 0.2792+0.004
Qwen3-VL-4B  0.3203+0.005 0.2818+0.005

5 Discussion

We presented SemEnrich, which turns the struc-
ture of a radiology corpus into a self-supervised

training signal: clustering report sentences and rein-
serting plausibly omitted normal observations en-
riches the training data without any external anno-
tation, and consistently improves report generation
across five LLM backbones. The same clustering
is also reusable as a reward signal for GRPO post-
training, where a cluster-F1 reward complements
the exact-match reward and yields further gains.
Enrichment and the reward are orthogonal — one
changes the training data by adding plausibly omit-
ted normal sentences, while the other leaves the
data untouched and instead reshapes the supervi-
sion signal at the cluster level.

Limitations. The sentences added through our
enrichment method are not clinically verified by
domain experts. Although the enrichment is con-
strained by connectivity and polarity conditions—
ensuring that only normal findings from co-
occurring clusters are appended—the added sen-
tences are derived algorithmically from the training
corpus rather than confirmed by a radiologist for
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Table 2: Ablation: semantic (HDBSCAN) enrichment vs. random expansion (mean=std over five seeds, percent).
The best method per backbone is bolded and the method with the best mean is shaded. Sentence-BLEU-1 and
CheXbert-5 results are in Appendix A.12.

Metric Method DS-R1-Qwen-1.5B Gemma3-4B DS-R1-Llama-8B Qwen3-8B Mistral-7B  Mean
Baseline 63.68+0.49 62.05+0.53 63.95+0.48 63.80+0.80 63.59+0.77 63.41

COMET  Random expansion 63.97+0.48 61.97+0.41 64.53+0.57 64.35+0.28 61.53+0.47 63.27
HDBSCAN 67.34+0.41 64.59+0.65 67.44+0.31 67.71+0.73 69.16+0.57 67.25

BERTScore- Baseline 67.60+0.48 65.35+0.31 67.83+0.44 67.79+0.67 67.86+0.75 67.29
Fl Random expansion 67.06£0.55 65.43+0.31 67.91£0.55 67.62+£0.11 66.50+0.57 66.91
HDBSCAN 69.66+0.42 66.80+0.60 69.80+0.34 70.07+£0.69 71.354+0.56 69.54

RadGraph- Baseline 26.51+£1.00 18.494+1.07 26.08+1.18 27.32+1.69 30.21£1.72 25.72
Fl P Random expansion 23.57+1.14 17.9041.02 24.79+1.50 24.284+0.74 23.99+1.20 22.90
HDBSCAN 27.90+1.22 20.71+1.55 28.07+0.80 29.28+2.00 32.23+1.60 27.64

Baseline 36.38+1.97 27.12+1.93 41.34+2.37 37.98+3.77 37.34+2.22 36.03

CheXbert-14 Random expansion 30.04+1.32 23.12+2.55 28.85+2.38 33.63+3.77 25.15+1.38 28.16
HDBSCAN 36.52+1.69 29.69+3.32 39.72+2.38 39.31+1.44 39.254+2.71 36.90

each individual patient. As a result, the enriched
reports should not be treated as ground-truth clini-
cal documents; they are intended exclusively as a
training signal for machine learning models, and in
a clinical deployment setting all generated reports
would still require review and validation by qual-
ified radiologists before any diagnostic use. Our
approach also inherits the limitations of the un-
derlying clustering and sign-assignment steps: the
choice of sentence encoder, clustering algorithm,
and number of clusters affects both the granularity
of the enrichment and the noise in cluster mem-
bership, and our sign labels rely on an LLM judg-
ment on a single representative sentence per cluster
rather than a curated taxonomy.
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A Appendix
A.1 Cluster Examples

Additional semantic clusters, continuing from Cluster 1 in the main text.
Cluster 2: IVC Filter

“IVC filter noted within abdomen.” / “IVC filter seen in the abdomen.” / “IVC filter partially visualized in the abdomen.” / ...

Cluster 3: Normal Size

“moderate size is normal.” / “there is normal size.” / “it is grossly normal in size.” / “it is normal size and shape.” / ...

Cluster 4: Imaging Artifacts

“this could be due to the artifacts.” / “this may be an artifact.” / “this could be an artifact.” / “i suspect this is an artifact, but
needs to be followed.” / ...

Cluster 5: Pelvic Phleboliths

“bilateral pelvic phleboliths.” / “pelvic calcifications consistent with phleboliths.” / “multiple pelvic phleboliths.” / “numerous
pelvic phleboliths are noted.” / ...

Cluster 6: Cerebral Infarcts

“focal encephalomalacia within the right occipital lobe...consistent with remote infarcts.” / “there is a large left middle
cerebral artery territory infarct...” / “there is an old left periventricular frontal lobe infarct.” / ...

Cluster 7: Sickle Cell Disease Changes

“osseous changes of sickle cell disease are chronic and stable.” / “bony changes of sickle cell disease are noted.” / “biconcave
vertebral body configuration is typical for sickle cell disease.” / ...

A.2 Enrichment Examples

More examples of valid enrichments. We add a random sentence from an expansion cluster to the current
sample during training. The first two boxes are alternative enrichments for the same initial findings used
in the main-text example (Right hilar mass; heart normal; lungs clear; no pneumothorax or effusion;
right-upper-lobe airspace disease), illustrating that one report can admit several distinct valid enrichments.

Alternative Enrichment A (Same Initial Findings)

i s “no bony abnormality is seen”, “no acute bony abnormalities”, “no acute
Expansion Cluster 1: “no b b 1 v« te b b lities”, “ it
bony abnormality is seen”, ...

Expansion Cluster 2: “normal lung volumes”, “lung volumes are normal”, “the lung volumes
are normal”, ...

Alternative Enrichment B (Same Initial Findings)

FERNYs o«

Expansion Cluster 1: “frachea is midline”, “the trachea is midline”, “midline trachea”, ...
Expansion Cluster 2: “visualized bony thorax intact”, “the visualized bony structures of the
thorax are intact”, ...
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Enrichment Example 1

Initial Findings:

e The heart size and mediastinal contours are within normal limits.
* Both lungs are clear.

¢ The visualized skeletal structures are unremarkable.

* Bilateral nipple rings.

Expansion Cluster: “there is no pleural effusion or edema identified”, “no pleural effusions”,
“no pleural effusion”, ...

Enrichment Example 2

Initial Findings:

* Heart: Normal. Lungs: The lungs are hyperinflated.

* There is mild scattered chronic lung changes throughout both lung fields, most pronounced in the
right apex.

* There is a 8 mm calcified granuloma in the left lung base. Otherwise, the lung fields are relatively
clear.

* Mediastinum: Normal. Pleural effusions: None.

* There is suggestion of diffuse osteopenia. Correlate for osteoporosis.

* There is moderate-to-marked chronic anterior wedge compression deformity of the approximately
T9 vertebral body.

Expansion Cluster: “no pneumothorax is seen”, “there is no pneumothorax”, “no definite
pneumothorax is seen’, ...
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A.3 HDBSCAN Clustering Statistics

Although we have 184,535 sentences in the training dataset, as HDBSCAN allows outliers and not to
assign them to a cluster, eventuall we end up with 66,477 sentences in the training dataset that are assigned
to a cluster. This is one of the main difference between density based clustering and K-means.

Statistic Value

Total Sentences 66,477
Total Clusters 3,216
Average Cluster Size  20.67
Median Cluster Size 11.0
Min Cluster Size 5
Max Cluster Size 1,522

Table 4: HDBSCAN clustering statistics for finding sentences.
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Figure 6: HDBSCAN clustering statistics: (a) Log histogram of cluster sizes, (b) Top clusters by size, (c) Percent-

age distribution of clusters.

A4 K-means Clustering Statistics with 5000 Clusters

We provide the details of the K-means clustering with 5000 clusters as an example to illustrate the
clustering difference between density based clustering methods and K-means.

Statistic Value

Total Sentences
Total Clusters 5,000
Average Cluster Size 36.91
Median Cluster Size 31.0
Min Cluster Size 1
Max Cluster Size 296

184,535

Table 5: K-means-5000 clustering statistics for finding sentences.
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Clusters by Size Category
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Figure 7: K-means-5000 clustering statistics: (a) Log histogram of cluster sizes, (b) Top clusters by size, (c)
Percentage distribution of clusters.
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A.5 Largest Valid Enrichment Problem

The problem of finding all maximal expansions in our framework is closely related to the classical maximal
clique enumeration problem in graph theory. Given an undirected graph G = (V, E), a clique is a subset
of vertices in which every pair is connected by an edge. A clique is maximal if no additional vertex can be
included without breaking the clique property, and it is maximum if it has the largest cardinality among all
cliques in the graph. The decision version of the maximum clique problem—determining whether a clique
of size at least k exists—is one of Karp’s original 21 NP-complete problems (Karp, 2009). Moon and
Moser (Moon and Moser, 1965) established that a graph on n vertices can contain up to 3"/3 maximal
cliques, and this bound is tight. Consequently, any algorithm that enumerates all maximal cliques requires
exponential time in the worst case simply because the output itself can be exponentially large.

The most widely used algorithm for maximal clique enumeration is the Bron—Kerbosch algorithm (Bron
and Kerbosch, 1973), a backtracking procedure that maintains three sets: R (the current clique), P
(candidate vertices that can extend R), and X (vertices already processed that ensure maximality). With
the pivoting optimization (Tomita et al., 2006), the algorithm achieves 0(3”/ 3) worst-case time, matching
the Moon—-Moser bound and making it output-optimal. Furthermore, Tsukiyama et al. (Tsukiyama
et al., 1977) showed that maximal cliques can be enumerated with polynomial delay—the time between
outputting consecutive cliques is bounded by a polynomial in n.

In our setting, finding all largest valid enrichments for a patient with findings F); corresponds to
enumerating all maximal cliques in the subgraph induced by A" (F}): the set of normal clusters that
are addable to every cluster in F;. Since |N't(F})] is typically much smaller than the total number of
clusters |C'|—due to the intersection of neighborhoods—the enumeration remains tractable in practice.
We precompute all maximal expansions for every unique finding graph before training, and during training
we uniformly sample one expansion per instance in each batch.

The addability matrix B in Algorithm 1 depends on two thresholds, which we fix across all configu-
rations: Thorm = 0.001, a floor on the row-normalized co-occurrence fl[i, j] between two clusters, and
Teount = 3, @ floor on the raw number of reports A[é, j] in which they co-occur. A candidate normal cluster
is addable to a report only if it clears both thresholds with respect to every cluster already present, in
addition to passing the polarity gate (hg(j) = +1).
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Algorithm 1 Precomputing All Maximal Valid Enrichments

Require: Training data D = {(v;, Fi)}f\il, cluster mapping f¢, cluster signs hg, thresholds Thorm, Tcount
Ensure: Expansion dictionary £
1: // Stage 1: Build Co-occurrence and Addability
Initialize A € REXK 0 > K = number of clusters
for each (v;, F;) € D do
G; + {fo(s) s e Fz}
for each pair (¢4, ¢p) € Gi X Gy, ¢q # ¢, do
Alcg, cp] < Alcq,cp) + 1
end for
end for
A + RowNormalize(A)

Bli, i)« 1[Ai, ] > Tom A Alisj] > Teount A hs(i) = +1]

YRR E R

_ =
N =22

. // Stage 2: Enumerate Maximal Expansions

. for each unique finding graph GG do

NHT(G) « Neecli : Ble,jl =1} \ G > Compatible normal clusters
E|G] < ExPAND(G, sorted(N'T(G)), 0)

Remove any R; € £[G]s.t. IR; € E[G]: R; C R; > Keep only maximal
: end for

: return &

DD = = = = = = =
S P9 XD AW

Function EXPAND(R, P, s)

: expanded < false

: fori =sto |P|do

if Blc, p;] = 1 forall ¢ € R then
EXPAND(RU {p;}, P, i +1)
expanded < true

end if

. end for

. if not expanded then
emit 1 > No candidate can extend R

end if

. end function

WoW NN NN NN NN
I A 2 e AR U
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Table 6: Comparison with open-source state-of-the-art medical VLMs on the ReXGradient-160K validation split
(2,500 reports). SOTA rows are single inference runs produced by each model’s released checkpoint; Mistral-7B
rows are mean-+std over five training seeds (taken from Table 1). RadGraph-F1 is the complete-match variant for
all rows. Best value per metric is bolded. All scores are in percent.

Model COMET BERTScore  S-BLEU-1 RadGraph
Med-Flamingo 51.18 62.63 6.79 10.47
LLaVA-Med 61.31 58.17 8.80 4.44
CXR-LLaVA 67.40 63.56 17.60 13.63
CheXagent 60.81 63.46 17.66 14.83
LLaVA-Rad 65.75 65.72 18.57 15.75
Mistral-7B (Baseline) 63.59+0.77 67.86£0.75 29.87£1.67 30.21+1.72

Mistral-7B (HDBSCAN, ours)  69.16+0.57 71.35+0.56 32.64+1.00 32.23+1.60

A.6 Comparison with State-of-the-Art Medical VLMs

We benchmark our enriched Mistral-7B backbone against five open-source medical vision—language
models on the ReXGradient-160K validation split (2,500 reports): Med-Flamingo (Moor et al., 2023),
LLaVA-Med (Li et al., 2023a), CXR-LLaVA (Lee et al., 2025), CheXagent (Chen et al., 2024), and
LLaVA-Rad (Chaves et al., 2024). SOTA outputs are produced by each model’s released checkpoint and
evaluated with the same metric pipeline used for our backbones (in particular, RadGraph-F1 uses the
complete-match variant for both our methods and SOTA, matching the value reported for Mistral-7B in
Table 1). SOTA numbers are therefore single inference runs (no seed variance), while our Mistral-7B rows
are mean=std over five training seeds and are reproduced from Table 1.

We stress that this is not a matched comparison and is included only to situate our absolute numbers: the
SOTA models are evaluated zero-shot from released checkpoints and were never trained on ReXGradient-
160K, whereas our backbone is fine-tuned in-domain. The table therefore mostly reflects the benefit
of in-domain report-only fine-tuning, not the enrichment; the controlled evidence for enrichment is the
baseline-vs-enriched comparison (Table 1) and the random-expansion ablation (Table 2).

Table 6 reports the four shared metrics. Our HDBSCAN-enriched Mistral-7B is the top model on all
four: COMET (+1.8 over the strongest SOTA), BERTScore-F1 (45.6), Sentence-BLEU-1 (+14.1), and
RadGraph-F1 (+16.5). Indeed the unenriched Mistral-7B baseline already matches or exceeds every
SOTA model on each metric, which confirms that the gap chiefly reflects in-domain fine-tuning; semantic
enrichment then improves further on top of that already-strong baseline.
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A.7 Generalization to MIMIC-CXR

To assess whether SemEnrich transfers beyond ReXGradient-160K, we run the complete pipeline—
sentence embedding, clustering, polarity labelling, connectivity, and enrichment—on the MIMIC-CXR
dataset (Johnson et al., 2019), using a 20K-report training subset. The pipeline transfers without modifica-
tion: HDBSCAN produces 836 clusters, and enrichment touches 58.8% of reports, adding on average
1.2 sentences per enriched report. For polarity labelling on MIMIC we use a 3-sample majority vote
per cluster to reduce the single-sentence labelling noise discussed in the main text. We then fine-tune a
Mistral-7B backbone on the raw and enriched data under the same recipe as our main experiments and
report the mean=£std over four seeds.

As shown in Table 7, HDBSCAN enrichment improves the backbone on every metric, including the
clinically grounded CheXbert-14 (+3.10) and RadGraph-F1 (4-2.59). MIMIC is a single-institution
corpus with noisier reports than ReXGradient-160K (Appendix A.15), so the fact that the enrichment still
helps is evidence that it is not specific to one dataset or reporting style.

Table 7: Generalization of SemEnrich to MIMIC-CXR (20K training reports). Mistral-7B backbone, mean+std
over four seeds; all scores in percent. A is HDBSCAN minus Baseline.

Metric Baseline HDBSCAN (ours) A

Sentence-BLEU-1  23.88+0.91 30.35+0.18 +6.47
METEOR 27.044+0.99 30.17+£0.32 +3.13
CheXbert-14 52.70+0.44 55.80+2.24 +3.10
RadGraph-F1 22.69+1.17 25.28+0.72 +2.59
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A.8 Comparison with Medical VLMs on MIMIC-CXR

For completeness we also situate the MIMIC numbers against the same open-source medical vision—
language models used in Appendix A.6. As before, this is not a matched comparison: the SOTA models
are single zero-shot inference runs from released checkpoints, and it is included only to locate our absolute
performance. Note that two of these models, CheXagent (Chen et al., 2024) and LLaVA-Rad (Chaves
et al., 2024), were themselves trained on MIMIC-CXR, so the setting is if anything favourable to them.
Even so (Table 8), our HDBSCAN-enriched Mistral-7B attains the best RadGraph-F1 and the second-
best CheXbert-14, and improves over its own baseline on all four metrics. The lexical metrics (Sentence-
BLEU-1, METEOR) still favour the MIMIC-trained models, consistent with the domain match.

Table 8: Comparison with open-source medical VLMs on MIMIC-CXR. SOTA rows are single inference runs
from released checkpoints; our rows are the Mistral-7B means from Table 7. CheXagent and LLaVA-Rad were

trained on MIMIC-CXR. Best value per metric is bolded; all scores in percent.

Model S-BLEU-1 METEOR CheXbert-14 RadGraph
Med-Flamingo (Moor et al., 2023) 13.05 13.62 54.00 18.59
LLaVA-Med (Li et al., 2023a) 17.99 14.54 54.00 7.68
CXR-LLaVA (Lee et al., 2025) 30.30 28.10 32.75 17.50
CheXagent (Chen et al., 2024) 35.69 32.31 58.00 22.35
LLaVA-Rad (Chaves et al., 2024) 37.84 33.64 55.25 19.35
Ours (Baseline) 23.88 27.04 52.70 22.69
Ours (HDBSCAN) 30.35 30.17 55.80 25.28
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A.9 Sentence-Encoder Ablation

Since embedding quality determines cluster quality, which in turn determines which sentences are eligible
for enrichment, we ablate the sentence encoder with the rest of the pipeline held fixed. We compare our
default al1-MinilLM-L6-v2 against two larger general-purpose encoders (Stella, GTE-Qwen2) and two
biomedical encoders (PubMedBERT, BioBERT). All runs use a Mistral-7B backbone on MIMIC-CXR.

Table 9 shows that every encoder improves over the baseline on all four metrics. The larger and biomed-
ical encoders raise the lexical scores (Sentence-BLEU-1, METEOR), but the general-purpose MiniLM
remains the strongest on both clinical metrics (CheXbert-14 and RadGraph-F1), and the biomedical
encoders do not beat it. Finally, the difference in cluster coverage is not an embedding-quality artifact: the
larger and biomedical encoders assign fewer sentences to clusters (e.g., MiniLM 16,961 vs. PubMedBERT
6,855 and BioBERT 8,179), and sentences left unclustered still remain in their reports—they are only
excluded from the candidate enrichment pool, not removed from training. We therefore keep MiniLM,
also the top-listed general-purpose model in the Sentence-Transformers library, as the default.

Table 9: Sentence-encoder ablation with the pipeline held fixed (Mistral-7B, MIMIC-CXR). “Clust./Assig.” is the
number of clusters and the number of sentences assigned to a cluster. Best value per metric is bolded; scores in
percent.

Encoder (dim) S-BLEU-1 METEOR CheXbert-14 RadGraph Clust./Assig.
Baseline 23.88 27.04 52.70 22.69 —

MiniLM (384) 30.35 30.17 55.80 25.28 836/16,961
Stella (1024) 35.70 33.41 54.40 23.28 534/12,772
GTE-Qwen?2 (1536) 33.76 31.97 52.90 22.05 576 /11,399
PubMedBERT (768) 36.59 35.88 52.80 24.44 536 /6,855
BioBERT (768) 24.75 27.70 54.10 23.13 628 /8,179
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A.10 Which Normal Findings Are Recovered

To show that the enrichment repairs a systematic reporting bias rather than merely moving a metric, we
inspect what the procedure actually inserts. On MIMIC-CXR, of the 836 clusters, 133 are labelled normal
and 703 abnormal; enrichment touches 58.8% of reports (+1.2 sentences each), and by construction every
inserted cluster is polarity-normal. The normal findings that are most frequently recovered (i.e. most often
omitted from the original report) are the canonical ones, as shown in Table 10.

Table 10: Most frequently recovered normal findings on MIMIC-CXR, as a percentage of training reports into
which they are inserted.

Recovered normal finding % of reports
normal heart size 22.0
no osseous abnormalities 21.8
no pleural effusion or pneumothorax 19.6
no pneumothorax 11.0
normal pulmonary vasculature 8.2

Aligning baseline and enriched generations exposes the mechanism directly: the enriched model adds
omitted normals (e.g., “hilar contours unremarkable”), which helps when the reference report states them
and lowers overlap only when the reference is terse. In the latter case the drop reflects the metric penalising
completeness rather than a genuine error, consistent with the enrichment making implicit normal findings
explicit.
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A.11 Within-Cluster Polarity Purity

Because only clusters labelled normal are ever inserted, what matters for label noise is the polarity purity
of those clusters. We therefore LLM-labelled ~ 1,000 member sentences across all 133 inserted normal
clusters on MIMIC-CXR (for large clusters we sample up to 10 members) and measured how consistently
each cluster’s members share its assigned polarity. Table 11 shows the clusters are highly pure.

Table 11: Polarity purity of the 133 inserted normal clusters (MIMIC-CXR). Insertion-weighted purity weights
each cluster by how often it is inserted during training; the abnormal-injection rate is its complement.

Statistic %

Mean purity 97.9
Median purity 100.0
Clusters 100% pure 92.5
Clusters > 80% pure 97.0
Insertion-weighted purity ~ 99.78
Abnormal-injection rate 0.22

Weighting each cluster by how often it is actually inserted during training, the clusters we add are
~99.8% pure, corresponding to an effective abnormal-injection rate of only ~0.22%; in other words, the
procedure essentially never introduces an abnormal finding. The few genuinely mixed clusters are rare
and low-frequency, so a conservative safeguard is nearly free: dropping every cluster below 80% purity
would remove just 0.27% of the total insertion mass. As noted above, our MIMIC runs additionally use a
3-sample majority vote for the cluster sign to further reduce labelling noise.
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A.12 Semantic Enrichment Additional Results

We first report the CheXbert-5 F1 block deferred from the main results (Table 12); the corresponding
CheXbert-5 ablation block is reported in the Ablation Study Results section below.

Table 12: CheXbert-5 F1 scores comparing baseline with clustering methods (deferred from the main results).

Model Baseline DBSCAN HDBSCAN K-means-1000 K-means-2000 K-means-5000
DS-R1-Qwen-1.5B  17.26+4.85 18.3742.99 21.194£5.09  23.54+4.17 23.23+4.84 21.654+4.93
Gemma3-4B 17.73+£1.85 9.344+2.77 20.06+2.05 17.174+4.32 11.074+2.18 12.88+1.16
DS-R1-Llama-8B 31.90+3.44 23.15+2.27 24.93+4.47 29.704+2.37 26.30+3.89 27.514+5.28
Qwen3-8B 21974539 22.48+4.14 25.02+3.51 26.22+3.12 21.78+4.80 25.77+4.69
Mistral-7B 15.894+4.30 17.01£4.22 19.13+£5.79  24.82+3.76 16.034+3.01 21.67+2.87
Mean 20.95 18.07 22.06 24.29 19.68 21.90

We additionally provide enrichment results for METEOR, ChrF++, ROUGE, and BERTScore (using
RoBERTa-large as the underlying encoder).

Table 13: METEOR scores comparing baseline with clustering methods

Model Baseline DBSCAN HDBSCAN K-means-1000 K-means-2000 K-means-5000
DS-R1-Qwen-1.5B  26.36+0.98 26.974+1.70 30.13£1.18 29.90+1.27 30.944+1.53 28.63£1.20
Gemma3-4B 20.484+0.64 20.70+£0.98 23.52+1.16 25.68+0.95 23.184+0.64 23.0440.08
DS-R1-Llama-8B 26.26+1.12 28.10£1.21 29.72+0.79 30.87+1.43 30.51£1.05 30.46+1.27
Qwen3-8B 27.21£143 27.57+0.89 31.214+1.97 29.92+1.37 31.57+1.36 30.38+0.86
Mistral-7B 29.424+1.83 27.87£1.52 33.51+1.66 30.67+1.09 33.13+1.41 33.78+1.63
Mean 25.95 26.24 29.62 29.41 29.87 29.26

Table 14: ChrF++ scores comparing baseline with clustering methods

Model Baseline DBSCAN HDBSCAN K-means-1000 K-means-2000 K-means-5000
DS-R1-Qwen-1.5B  35.39+0.81 36.90+1.48 39.40+1.04  40.43+£0.94 40.88+1.41 38.724+1.03
Gemma3-4B 31.61+£0.66 32.40+0.71 34.50+1.15 37.03+0.75 34.91+0.57 34.3440.09
DS-R1-Llama-8B 35.33+0.88 38.13+1.07 38.99+0.75 41.42+1.22 40.83+1.01 40.03+1.18
Qwen3-8B 35.97+1.43 37.66+0.67 39.99+1.60 40.694+0.91 41.26+1.15 39.85+0.81
Mistral-7B 37.4841.65 38.85+1.41 42.67+£1.42  41.834+0.77 43.23+1.32 43.25+1.50
Mean 35.16 36.79 39.11 40.28 40.22 39.24

Table 15: Corpus BLEU-1 scores comparing baseline with clustering methods (Pretrain).

Model Baseline DBSCAN HDBSCAN K-means-1000 K-means-2000 K-means-5000
DS-R1-Qwen-1.5B  25.59+0.95 29.534+1.42 32.44+0.96 27.4240.67 31.05£0.65 31.9840.86
Gemma3-4B 23.67+0.69 24.77£1.05 27.64+0.95 23.1940.71 23.724+0.74 26.934+0.49
DS-R1-Llama-8B 26.73£1.17 31.1941.30 32.0240.88 28.06£1.19 31.86+£0.89 33.17+0.91
Qwen3-8B 26.144+1.21 29.93+0.87 33.06+1.37 28.4540.69 32.09+0.90 33.19+0.60
Mistral-7B 25444151 29.89+1.02 34.72+1.29 23.76+0.57 32.30+0.74 34.714+1.57
Mean 25.51 29.06 31.97 26.18 30.21 31.99
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Table 16: ROUGE-1-F scores comparing baseline with clustering methods (Pretrain).

Model Baseline DBSCAN HDBSCAN K-means-1000 K-means-2000 K-means-5000
DS-R1-Qwen-1.5B 37.79+0.99 36.13+1.34 40.54+0.99  37.53+0.75 39.83+1.20 38.96+0.86
Gemma3-4B 31.594+0.86 30.52+0.96 34.09+1.21 33.514+0.71 32.43+0.44 33.324+0.17
DS-R1-Llama-8B 37.80+0.81 37.80+0.83 40.47+0.79  38.27+1.04 40.24+0.93 40.39+0.85
Qwen3-8B 38.35+1.30 37.09+0.59 41.40+1.52  38.10+0.69 40.36+0.99 40.424+0.93
Mistral-7B 39.444+1.68 36.86+1.19 44.12+1.15 34.754+0.62 40.53+0.96 43.86+1.37
Mean 37.00 35.68 40.12 36.43 38.68 39.39

Table 17: ROUGE-2-F scores comparing baseline with clustering methods (Pretrain).

Model Baseline DBSCAN HDBSCAN K-means-1000 K-means-2000 K-means-5000
DS-R1-Qwen-1.5B  19.04+0.86 17.45+1.57 19.04+1.09 15.834+1.00 18.48+1.44 17.214+0.96
Gemma3-4B 12.06+0.51 10.05+0.75 12.82+0.87 11.5540.68 10.554+0.68 11.874+0.41
DS-R1-Llama-8B 18.764+0.84 18.39+1.06 18.58+0.96 16.634+1.33 18.2441.02 18.96+1.04
Qwen3-8B 20.27+1.74 18.22+0.65 20.10+1.75 16.2941.03 18.99+1.38 18.7440.99
Mistral-7B 23.53+1.87 20.96+1.57 22.56+1.53 15.824+0.82 21.124+1.26 23.344-1.43
Mean 18.73 17.01 18.62 15.22 17.48 18.02

Table 18: ROUGE-L-F scores comparing baseline with clustering methods (Pretrain).

Model Baseline DBSCAN HDBSCAN K-means-1000 K-means-2000 K-means-5000
DS-R1-Qwen-1.5B  30.32+0.89 28.324+1.22 30.49+1.08 26.60+£0.72 29.3941.07 28.79+0.57
Gemma3-4B 23.644+0.52 21.89+0.66 24.67+0.88 22.5440.69 22.2740.55 23.8540.42
DS-R1-Llama-8B 29.96+0.76 29.40+0.98 30.324+0.84 27.17+£0.97 29.48+0.76 30.45+0.82
Qwen3-8B 31.06£1.22 29.22+0.64 31.27+1.33 26.99+0.84 29.89+1.05 30.1440.65
Mistral-7B 33.434+1.51 30.70£1.21 33.65+1.23 24.5640.56 31.30£1.01 34.26+1.15
Mean 29.68 27.91 30.08 25.57 28.47 29.50

A.13 Ablation Study Results

We provided additional results for the ablation study below. For some metrics, although we observe an
improvement from the random expansion due to metric hacking, we also see that semantically guided
expansion yields additional improvements over the random expansion.

We first report the CheXbert-5 F1 ablation block deferred from the main paper.

Table 19: Ablation study: CheXbert-5 F1 comparing Baseline, HDBSCAN, and Random expansion.

Model Baseline HDBSCAN  Random expansion
DS-R1-Qwen-1.5B  17.26+4.85 21.19+5.09 20.8615.00
Gemma3-4B 17.73£1.85  20.06+2.05 18.98+5.45
DS-R1-Llama-8B 31.90+£3.44 24.93+£4.47 21.681+4.60
Qwen3-8B 21.974£539  25.024+3.51 26.82+5.30
Mistral-7B 15.89+4.30 19.13+5.79 14.8442.02
Mean 20.95 22.06 20.63
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Table 20: Ablation study: COMET comparing Baseline, HDBSCAN, and Random Expansion.

Model Baseline HDBSCAN Random expansion
DS-R1-Qwen-1.5B  63.68+£0.49  67.34+0.41 63.97+0.48
Gemma3-4B 62.05£0.53  64.59+0.65 61.97+0.41
DS-R1-Llama-8B 63.95+0.48 67.44+0.31 64.53+0.57
Qwen3-8B 63.80£0.80  67.71+0.73 64.35+0.28
Mistral-7B 63.59£0.77  69.16£0.57 61.53+0.47
Mean 63.41 67.25 63.27

Table 21: Ablation study: Sentence BLEU-1 comparing Baseline, HDBSCAN, and Random Expansion.

Model Baseline HDBSCAN  Random expansion
DS-R1-Qwen-1.5B  27.58+0.87  29.5140.81 26.88+1.01
Gemma3-4B 21.63£0.70  23.83+0.91 22.18+0.49
DS-R1-Llama-8B 27.45+0.86  29.11+0.54 27.59+0.71
Qwen3-8B 28.11£1.17  30.35+1.35 27.17+0.44
Mistral-7B 29.87+1.67  32.64+1.00 28.85+1.02
Mean 26.93 29.09 26.53

Table 22: Ablation study: METEOR comparing Baseline, HDBSCAN, and Random Expansion.

Model Baseline HDBSCAN Random expansion
DS-R1-Qwen-1.5B  26.36+£0.98  30.13+1.18 28.33+1.41
Gemma3-4B 20.48+£0.64 23.52+1.16 22.24+0.61
DS-R1-Llama-8B 26.26+1.12  29.72+0.79 28.74+1.24
Qwen3-8B 27.21£143  31.21+£1.97 28.34+0.60
Mistral-7B 29.424+1.83  33.51+1.66 32.33£1.72
Mean 25.95 29.62 28.00

Table 23: Ablation study: ROUGE-1-F comparing Baseline, HDBSCAN, and Random Expansion.

Model Baseline HDBSCAN  Random expansion
DS-R1-Qwen-1.5B  37.79£0.99  40.544-0.99 36.73£1.11
Gemma3-4B 31.59+0.86  34.09+1.21 31.774+0.59
DS-R1-Llama-8B 37.80+0.81  40.47+0.79 37.794+0.86
Qwen3-8B 38.35+1.30  41.40+1.52 37.28+0.44
Mistral-7B 39.44+1.68 44.12+1.15 38.24+1.12
Mean 37.00 40.12 36.36

Table 24: Ablation study: ROUGE-2-F comparing Baseline, HDBSCAN, and Random Expansion.

Model Baseline HDBSCAN  Random expansion
DS-R1-Qwen-1.5B  19.04+0.86 19.04+1.09 17.42+£1.20
Gemma3-4B 12.06£0.51  12.82+0.87 11.95+0.81
DS-R1-Llama-8B 18.76+0.84 18.584+0.96 18.21+£1.32
Qwen3-8B 20.27£1.74  20.10£1.75 17.82+0.45
Mistral-7B 23.53+1.87 22.56+£1.53 20.36+1.32
Mean 18.73 18.62 17.15
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Table 25: Ablation study: ROUGE-L-F comparing Baseline, HDBSCAN, and Random Expansion.

Model Baseline HDBSCAN Random expansion
DS-R1-Qwen-1.5B  30.32+0.89  30.49+1.08 28.04+0.89
Gemma3-4B 23.64£0.52 24.67+0.88 23.28+0.70
DS-R1-Llama-8B 29.96+£0.76  30.32+0.84 29.19+0.95
Qwen3-8B 31.06+£1.22  31.27+1.33 28.55+0.42
Mistral-7B 33.43£1.51  33.65+1.23 29.57£1.08
Mean 29.68 30.08 27.72

Table 26: Ablation study: ChrF++ comparing Baseline, HDBSCAN, and Random Expansion.

Model Baseline HDBSCAN  Random expansion
DS-R1-Qwen-1.5B  35.39+£0.81  39.40+1.04 37.56+1.25
Gemma3-4B 31.61+£0.66  34.50+1.15 33.39+0.73
DS-R1-Llama-8B 35.33+0.88  38.99+0.75 37.80+1.38
Qwen3-8B 3597£1.43  39.99+1.60 37.63+0.49
Mistral-7B 37.48+1.65 42.67+1.42 40.02+1.46
Mean 35.16 39.11 37.28

Table 27: Ablation study: BERTScore-F1 comparing Baseline, HDBSCAN, and Random Expansion.

Model Baseline HDBSCAN Random expansion
DS-R1-Qwen-1.5B  67.60+£0.48  69.661-0.42 67.064+0.55
Gemma3-4B 65.35+£0.31  66.80+0.60 65.43+0.31
DS-R1-Llama-8B 67.83+0.44  69.80+0.34 67.914+0.55
Qwen3-8B 67.79£0.67  70.07£0.69 67.62+0.11
Mistral-7B 67.86+0.75 71.35+£0.56 66.504+0.57
Mean 67.29 69.54 66.91

A.14 GRPO Training Additional Results

As we pointed out in the main paper, we observe significant performance improvements by using R in
the reward calculation of GRPO training. We provide results for different metrics below.

Table 28: Sentence-BLEU-1 scores, comparing R.; and R.qc: rewards (GRPO) on the impression section.

Model Rcl Rczact

Qwen2.5-VL-3B  0.270440.0035 0.2361£0.0042
Qwen3-VL-4B 0.2706+0.0044  0.2354-+0.0034

Table 29: METEOR scores, comparing R.; and Rezqc: rewards (GRPO).

Model Rcl Rea:act

Qwen2.5-VL-3B  0.2621 £ 0.0034 0.2335 + 0.0054
Qwen3-VL-4B 0.2620 = 0.0048 0.2344 + 0.0032

Table 30: Sentence-BLEU-4 scores, comparing R.; and R4+ rewards (GRPO).

Model Rcl Rea:act

Qwen2.5-VL-3B  0.1825 £ 0.0029 0.1599 + 0.0027
Qwen3-VL-4B 0.1847 + 0.0041  0.1578 £+ 0.0023
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A.15 On the Dataset

As noted in the main text, we use the ReXGradient-160K dataset for our experiments (Zhang et al., 2025).
This dataset comprises 160K chest X-ray studies covering 109,487 unique patients from 79 medical sites.
Since the data originates from 79 distinct sites, it exhibits considerable diversity in imaging conditions,
acquisition protocols, and equipment. Moreover, the reports are authored by different radiologists,
introducing substantial variability in writing style and clinical language.

We did not use the CheXpert dataset (Irvin et al., 2019) for our experiments for two reasons. First,
it is sourced solely from Stanford Hospital and therefore may lack the multi-site diversity present in
ReXGradient-160K. Second, it is structured more as a classification benchmark than a free-text report
generation dataset, which may not be representative of real-world clinical reporting scenarios.

We use the MIMIC-CXR dataset (Johnson et al., 2019) not as our primary benchmark but as an out-
of-distribution stress test of the enrichment (Appendix A.7). MIMIC is collected from a single medical
center, which limits its institutional diversity relative to ReXGradient-160K, and its reports are noisier
in the sense that findings or impressions may be missing or poorly structured—precisely the conditions
under which our enrichment might be expected to struggle. That the full pipeline nonetheless transfers
and improves a backbone on MIMIC is therefore stronger evidence for its generality than a second clean
corpus would be.

More broadly, single-institution datasets limit the evaluation of a model’s generalization capability
across diverse healthcare settings. For these reasons, we chose the ReXGradient-160K dataset, which not
only spans 79 medical centers but also ensures that every sample contains both findings and impressions,
making it well suited for evaluating our method.

A.16 On the Enriched Dataset

It is important to note that the sentences added through our enrichment method are not clinically verified
by domain experts. Although the enrichment is constrained by connectivity and polarity conditions—
ensuring that only normal findings from co-occurring clusters are appended—the added sentences are
derived algorithmically from the training corpus rather than confirmed by a radiologist for each individual
patient.

As a result, the enriched reports should not be treated as ground-truth clinical documents. Instead, the
enriched dataset is intended exclusively as a training signal for machine learning models. The goal is to
provide the model with richer supervisory information during training by making implicit normal findings
explicit, thereby encouraging the model to learn a more complete understanding of chest X-ray images.

We emphasize that this enrichment strategy is a data augmentation technique for model training and is
not a substitute for expert annotation. In a clinical deployment setting, all generated reports would still
require review and validation by qualified radiologists before any diagnostic use.
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