Learning Pathology-Localized Medical Vision-Language Representations
with Atomic and Grounded Disease Supervision
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Abstract

Medical vision-language models are typically
trained by aligning whole images with entire
radiology reports, assuming that global corre-
spondence is sufficient for learning clinically
meaningful representations. We argue that ef-
fective medical representation learning requires
pathology-localized supervision, which explic-
itly aligns specific disease observations with
corresponding anatomical image regions. To
enable this at scale, we propose a fully auto-
mated pipeline that decomposes radiology re-
ports into atomic disease observations, identi-
fies relevant regions, and pairs them with cor-
responding image regions without manual an-
notation, resulting in a fine-grained dataset,
LocalizedCXR, with over 6 million region-
caption pairs. Extensive experiments demon-
strate that pretraining with our pathology-
localized semantic supervision signal signifi-
cantly improve model’s performance in cross-
modal retrieval, image classification, phrase
grounding, and report generation. Our results
suggest that moving beyond global alignment
to disease-aware region-level alignment sub-
stantially improve the model performance. !

1 Introduction

Medical images, such as X-Rays and CT scans play
a critical role in clinical practice, as physicians rely
on them for screening and diagnosis (Kahn et al.,
2009; Gershanik et al., 2011). Effectively align-
ing these images with associated text reports is
crucial for automated diagnosis, clinical decision
support, and retrieval of relevant cases. Despite
advances in general-domain vision-language rep-
resentation learning, transferring methods such as
CLIP (Radford et al., 2021) to the medical domain
remains challenging. Medical images exhibit sub-
tle, domain-specific visual patterns, while radiol-
ogy reports contain specialized language, implicit
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Figure 1: (a) Existing medical vision-language models
align an entire image with full radiology reports. (b)
We propose an automatic dataset construction pipeline
and a dataset, LocalizedCXR, to support pathology-
localized supervision, which decomposes reports into
atomic disease observations and explicitly aligns each
observation with its corresponding image region, in
addition to global image-report alignment.

clinical reasoning, and compositional descriptions
of multiple findings (Chen et al., 2024), complicat-
ing the supervision signal for pretraining.

As shown in Figure 1, most existing medical
vision-language models align entire images with
entire reports (Wang et al., 2022; Codella et al.,
2024; Lu et al., 2025). While effective for learn-
ing global semantics, such supervision implicitly
assumes that a report describes a single, homoge-
neous visual concept. In practice, radiology reports
often describe multiple disease findings, each as-
sociated with distinct anatomical regions. This
mismatch introduces systematic noise into repre-
sentation learning, where textual content may be
aligned with irrelevant image regions.

To address this issue, several works have pro-
posed methods to capture fine-grained informa-
tion in medical images using attention mechanisms
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(Huang et al., 2021) or region-aware modeling
(Chen et al., 2024; Shui et al., 2025; Gu et al.,
2025). Others incorporate disease-related knowl-
edge by capturing disease triplets from text reports
(Wu et al., 2023) and mining study-level knowl-
edge (You et al., 2023). However, these approaches
still rely on implicit alignment or coarse supervi-
sion and do not provide explicit signals that lo-
calize disease-related atomic observations to their
corresponding image regions. Achieving such
region-level alignment has remained largely under-
explored, primarily due to the limited availability
of scalable region-caption pairs.

In this work, we argue that pathology-localized
supervision, aligning atomic observations with
their relevant anatomical regions, is a missing but
crucial component for effective medical vision-
language representation learning. To enable this
supervision at scale, we propose a fully automated
dataset curation framework that decomposes radi-
ology reports into atomic observations, identifies
relevant regions, and pairs them with corresponding
image regions without manual annotation. A med-
ical expert validation study demonstrates that the
domain-specific LLM selects anatomically relevant
regions with high agreement compared to radiol-
ogist annotations. We further introduce clinically
informed hard negatives via minimally contrast-
ing disease descriptions to encourage sensitivity to
subtle visual differences.

Experimental results show that models trained
with pathology-localized supervision achieve
strong overall performance in few-shot and super-
vised settings, including the best fully supervised
results across all three datasets. This demonstrates
that grounding atomic observations to localize vi-
sual evidence leads to more semantically precise
and transferable representations. To summarize,
our contributions are threefold:

* We constructed LocalizedCXR, which con-
tains over 6 million region-caption pairs, us-
ing a fully automated pipeline that derives
atomic, grounded disease observations from
radiology reports, enabling scalable construc-
tion of pathology-aware region-caption pairs
without manual annotation.

* We train a medical vision-language model
using our dataset, which captures pathology-
aware fine-grained information from text re-
ports and X-ray images.

* Extensive experiments demonstrate that
pathology-localized supervision improves se-
mantic grounding, retrieval, and classification
performance across datasets and pretrained
backbones.

2 Related Work

2.1 Medical Vision-Language Models

Existing medical vision-language models adopt
contrastive learning by aligning text and images
on radiology datasets (Zhang et al., 2020), medical
domain articles (Eslami et al., 2023), and various
downstream tasks datasets (Lu et al., 2025; Codella
et al., 2024). BioViL (Boecking et al., 2022) and
MedKLIP (Wu et al., 2023) focus on biomedical-
related content from the text report, and enforce
alignment on this text instead of the original text
report. MedCLIP (Wang et al., 2022) trains en-
coders with unpaired data and uses medical seman-
tic matching loss instead. CheXzero (Tiu et al.,
2022) and RadDINO (Pérez-Garcia et al., 2025)
are radiology image encoders trained with a self-
supervised method. GLoRIA (Huang et al., 2021)
is the most similar to ours, where it focuses on
aligning both global and local representations with
attention. However, none of these methods pro-
vides an explicit fine-grained signal to align text
and image representations for the medical domain.

2.2 Fine-grained Radiology Datasets

Several chest X-ray datasets provide fine-grained
annotations of abnormalities, but most focus on
report-level only, and are either manually or semi-
automatically curated, which limits their scale and
coverage (Filice et al., 2020; Jaeger et al., 2014;
Shih et al., 2019). Bustos et al. (2020) manu-
ally annotated a subset of radiology reports and
trained a model to label the remaining reports,
while Datta and Roberts (2020) curated a small
expert-annotated dataset covering a broader range
of abnormalities. However, these efforts primarily
provide report-level labels and do not establish ex-
plicit correspondences between individual disease
statements and their associated anatomical image
regions. To the best of our knowledge, the only
large-scale dataset that contains localized abnor-
malities in X-ray images is Chest ImaGenome (Wu
et al., 2021), which uses a small number of expert
annotations to build a prediction model and cap-
ture localized annotations for MIMIC-CXR. Never-
theless, these datasets are not designed to support
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Figure 2: Method overview. We propose to automatically build a pathology-aware fine-grained dataset to enable
region-level CLIP model training. (a) We obtain anatomical region’s coordinates through segmentation. (b) We
extract disease-relevant sentences by forming it into a rule-based classification problem. Then, we use a domain-
specific LLM to: (c) split sentences into atomic observations, each containing one disease only; (d) for each atomic
observation, we use the LLM to select required anatomy parts from the regions for which coordinates are obtained
using a segmentation tool; (e) generate hard negative captions that are semantically similar but clinically different.

large-scale pretraining, motivating our approach to
automatically derive pathology-localized supervi-
sion from free-text radiology reports.

3 Method
3.1 LocalizedCXR Construction

Radiology reports often contain multiple clinical
findings across different anatomical regions. Align-
ing the full report with the image may introduce
supervision noise, preventing the model from gain-
ing a fine-grained understanding of the image (Sim
et al., 2025). We address this by decomposing re-
ports into atomic clinical observations and ground-
ing each observation to the relevant image region.
Our pipeline consists of five stages: region segmen-
tation, disease sentence extraction, atomic observa-
tion construction, anatomical region selection, and
hard negative generation.

Region Segmentation To obtain image regions
corresponding to anatomical structures, we use an
existing segmentation tool (Cohen et al., 2022)
to segment each frontal X-ray into anatomical re-
gions. For each region, we extract spatial coor-
dinates from the segmentation masks, enabling
region-level image-text alignment during training.

Disease Sentence Extraction We isolate disease-
related content from radiology reports, using CheX-
pert (Irvin et al., 2019), a rule-based classifier that
assigns positive, negative, or uncertain labels to 14
disease categories. Since each label is linked to

a sentence span, we extract disease-relevant sen-
tences and discard non-diagnostic content. This
step ensures that subsequent supervision is derived
from clinically meaningful content and reduces
noise introduced by non-diagnostic text.

Atomic Observation Construction Disease-
relevant sentences frequently mention multiple find-
ings or anatomical regions within a single sentence,
resulting in ambiguous supervision signals. To en-
force a one-to-one mapping between language and
visual evidence, we further decompose each sen-
tence into atomic disease observations, where each
sentence describes exactly one disease finding.

We perform this decomposition using a biomedi-
cal large language model (i.e., medgemma-27b (Sel-
lergren et al., 2025)). For example, the sentence
“There is no pleural effusion and pneumothorax.” is
decomposed into two atomic observations: “There
is no pleural effusion.” and “There is no pneu-
mothorax.”. This constraint reduces compositional
ambiguity, enabling more precise alignment during
representation learning.

Anatomical Region Selection To ground each
atomic observation to the corresponding regions,
we utilize the same domain-specific LLM (i.e.,
medgemma-27b (Sellergren et al., 2025)) to pre-
dict related anatomical region(s). For example, the
atomic observation “Observed heart enlargement”
will be paired with the region heart only. This step
provides explicit pathology-localized supervision
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MIMIC-CXR | ChestXray14 | CheXpert-Plus

# exp. 240,197 69,718 190,954
# atom. sent. 8,878 1,828 347,611
# region 1.80m 299k 4.15m

# avg. region 7.48 4.29 21.73

Table 1: Dataset statistics for the constructed fine-
grained dataset with region-caption pairs in each dataset.
* #atom. sent. refers to the number of unique atomic
observations; # region is the total number of region-
caption pairs per dataset; # avg. region is the average
number of regions per image.

signal by linking disease sentence to anatomically
meaningful image regions.

Hard Negatives Generation To further
strengthen the supervision signal, we generate
clinically informed hard negatives for each
region-caption pair. Using the same biomedical
LLM, we modify a single clinical attribute of
the original observation, such as disease pres-
ence/absence, severity, or anatomical location,
producing captions that are semantically similar
but clinically different. By contrasting true and
counterfactual captions within the same anatomical
region, the model is encouraged to attend to subtle
but clinically important visual distinctions (Yang
et al., 2023; Xie et al., 2025).

As a result, each image-report pair is associ-
ated with multiple atomic observation-region pairs.
The resulting fine-grained dataset contains over
6 million region-caption pairs for MIMIC-CXR,
ChestXray14, and CheXpert-Plus datasets in total,
as summarized in Table 1. The prompts used are
listed in Appendix D, and the tools employed are
described in the implementation details.

3.2 Pretraining with LocalizedCXR

In order to use LocalizedCXR for pretraining, we
adapt the same architecture as CLIP (Radford et al.,
2021), which consists of a vision encoder and a lan-
guage encoder, with multiple training objectives.

Global-level Contrastive Learning aims to en-
hance the model’s coarse-grained understanding
by aligning text and image representations of the
image-report pairs, which contain rich global in-
formation. The objective function is based on
the InfoNCE loss (He et al., 2020), which max-
imizes the similarity between matching image-text
pairs while minimizing the similarity between mis-
matched pairs. Specifically, the similarity between
each pair is calculated using cosine similarity be-

tween embeddings:

- v-tL
[olllf¢]l"

s(v,t)

ey

To align image and text representations, we use
InfoNCE loss for a batch of [V image-text pairs:

1 X exp(s(v;, t;)/7)
Lg obal = T 577 lo
lobal N ;( & S exp(s(vi,t;)/7)
exp(s(t;, v;)/T)

> exp(s(ti, vy)/m)"
o)

+ log

where T is a learnable temperature parameter.

Pathology-Aware Region Aggregation aligns
related regions to the corresponding atomic obser-
vation. Formally, for each atomic observation, we
aggregate all related region embeddings extracted
using RolAlign: where ay, is a learnable attention
weight: The loss is computed as the contrastive
loss between the atomic observation text embed-
ding and the aggregated regions.

For each atomic observation o;, suppose the
LLM selects a set of relevant anatomical regions:

RZ‘ = {7”1,7“2, v ,Tm}.

Each selected region is first encoded using the
same RolAlign-based region extraction module as
in our current pipeline. Instead of treating the se-
lected regions independently or averaging them
uniformly, we introduce a pathology-aware region
aggregation module to combine them into a single
observation-specific visual representation.

Specifically, for atomic observation o;:

m
Zi = Z kT 3)
k=1

where r; denotes the embedding of the k-th se-
lected region, and ay, is a learned attention weight
over the selected regions.

The attention weight is computed as:

exp (qOTZ er)
STy exp (af,Wrj)

where ¢,, is the text embedding of the atomic ob-
servation, and W is a learnable projection matrix.
The resulting aggregated region representation z;
is then aligned with the text embedding ¢; of the cor-
responding atomic observation using a pathology-
level contrastive objective. For a batch of M

4

ap =

49553



atomic observation—region pairs, the pathology-
level contrastive loss is defined as:

- Z exp (zi,ti)/T)
pll
2M ity exp(s(zi, 1)) /7)
t
+log ;[Xp( s(ti, 2i)/7) :
Zj:l exp(s(ti, 2)/7)
4)
where s(-,-) denotes cosine similarity and 7 is a

learnable temperature parameter. The first term
aligns each aggregated pathology-aware visual rep-
resentation with its corresponding atomic observa-
tion, while the second term performs the reverse
text-to-region alignment.

Hard Fine-grained Negative Samples Learning
To enable our model to learn more discriminative
differences between disease-related features from
image and text, we introduce a hard negative data
generation strategy. These hard negatives are con-
structed by modifying disease-related attributes in
the atomic observations using a domain-specific
LLM as introduced in Section 3.1.

To incorporate hard negative samples into the
learning process, we follow Xie et al. (2025) to
include a hard negative loss term. For each text-
region pair, we compute the similarity between the
regional feature and both the positive caption and
the corresponding hard negative caption. The hard
negative loss Ly;q is defined as:

iy exp(s(ri,ig)/7)

e Z
(©)

where M denotes the total number of captions per
region, with j = 1 referring to the positive sample,
and j > 1 referring to the negative samples, which
is set to exactly 1 in all of our experiments.

The overall learning objective of our model is:

7“1, li71)/7')

exp

Lhard

L= Lglobal +ax Lpath + ﬁ * Lhm‘d- (7

where hyper-parameters « and (3 are both set to 0.3,
to balance the global loss, pathology contrastive
loss, and hard negative loss.

4 Experiments

4.1 Datasets for Constructing LocalizedCXR

Using our automatic dataset construction pipeline,
we derive pathology-localized region-caption
pairs from three large-scale radiology image-text

datasets. MIMIC-CXR (Johnson et al., 2019) con-
tains 227k image-report pairs, covering both frontal
and lateral X-ray images. Chexpert-Plus (Cham-
bon et al., 2024) contains 223k image-report pairs,
from 64k patients. Following You et al. (2023), we
use frontal-view images and binary labels from
ChesX-rayl4 (Wang et al., 2017), and convert
these labels to reports by randomly sampling dis-
ease sentences. Detailed description for pretraining
datasets is provided in Appendix G.

4.2 Datasets for Downstream Tasks

We evaluate medical vision-language representa-
tions across retrieval, classification, and ground-
ing tasks. Cross-modal retrieval is evaluated on
MIMIC-CXR (Johnson et al., 2019), CheXpert-
Plus (Chambon et al., 2024), and Openl (Demner-
Fushman et al., 2015), which contain image-report
pairs. Classification is evaluated on RSNA Pneu-
monia (Shih et al., 2019), SIIM Pneumothorax
(Zawacki et al., 2019), and VinDR-CXR (Nguyen
et al.,, 2020). Phrase grounding is evaluated on
MS-CXR (Boecking et al., 2022). A more detailed
description of each downstream dataset is provided
in Appendix C.

4.3 Baseline Models

We compare against representative medical vision-
language representation learning methods, includ-
ing CXR-CLIP (You et al., 2023), MedCLIP
(Wang et al., 2022), PubMedCLIP (Eslami et al.,
2023), RadCLIP (Lu et al., 2025), MedImageIn-
sight (Codella et al., 2024), which mainly differ
in their supervision sources. We also compare
with RadDINO (Pérez-Garcia et al., 2025), a self-
supervised model, which we evaluate only on im-
age classification because it lacks a text encoder for
retrieval, zero-shot classification, and grounding.

5 Results

5.1 Dataset Quality Validation

To assess the quality of our pathology-localized su-
pervision, we conduct two validation studies. First,
an experienced radiologist evaluates region selec-
tion by identifying anatomically relevant regions
for each atomic disease observation. On 500 ran-
domly sampled instances from MIMIC-CXR and
CheXpert-Plus, LLM achieves an agreement score
of 91.27%, and 93.14% recall, indicating strong
alignment with expert judgment and barely misses
relevant regions.
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MIMIC-CXR Openl CheXpert-Plus

Method R@l R@5 R@I10 R@l R@5 R@I10 R@l R@5 R@I10

Image-to-Text Retrieval (I12T)
GLoRIA 0.68 4.80 10.10 0.77 153 230 1.80 6.50 10.80
CXR-CLIP 23.15 5222 65.64 735 16.08 21.75 9.30 2270 31.80
MedCLIP 0.06 0.31 0.62 0.15 0.77 1.53 0.10  0.50 1.00
PubMedCLIP 0.12  0.80 1.35 0.00 1.53 230 0.20 0.70 1.10
RadCLIP 0.18 0.74 1.54 0.30 1.50 2.50 030 1.50 2.50
MedImagelnsight 24.69 55.60 67.24 6.74 1531 21.13 9.20 20.80 29.10
Ours 26.35 55.79 68.66 796 17.30 22.82 18.20 32.60 43.00

Text-to-Image Retrieval (T21)
GLoRIA 8.13 22.84 35.28 3.68 949 1348 9.60 29.50 43.20
CXR-CLIP 2420 53.82 66.87 7.66 17.15 22.36 890 22.60 32.40
MedCLIP 0.06 0.31 0.55 0.15 0.77 1.68 0.10 0.80 1.40
PubMedCLIP 0.25 0.68 1.11 0.00 0.61 1.84 0.20 0.80 1.20
RadCLIP 0.06 0.55 1.23 040 140 240 040 140 240
MedIlmagelnsight 27.28 55.85 67.06 8.42 20.21 26.49 10.60 22.70 31.80
Ours 28.76 57.02 69.64 7.96 1577 22.82 14.20 30.70 40.30

Table 2: Image-to-text (I2T) and text-to-image (T2I) retrieval performance across MIMIC-CXR, Openl, and

CheXpert-Plus.

We further manually validate sentence splitting
and hard negative generation. The extracted obser-
vations achieve 99.8% disease atomicity, 93.67%
completeness, and 99.42% faithfulness, indicating
that the splitting step preserves clinical meaning
while producing fine-grained observations. Hard
negatives receive an average score of 4.17/5, sug-
gesting challenging but appropriate contrastive su-
pervision. Together, these validations show that
our pipeline and LocalizedCXR provide reliable
pathology-localized supervision.

5.2 Cross-Modal Retrieval

We evaluate image-to-text and text-to-image re-
trieval using Recall@K. As shown in Table 2, our
model consistently outperforms existing methods
across all three image-report datasets. It shows
improvement over the existing best baseline mod-
els, MedImagelnsight, by a great margin. There is
an exception for this, where our model performs
slightly worse than MedImageInsight on Openl for
the text-to-image retrieval task. We also noticed
that our model’s performance on CheXpert-Plus is
significantly better than other baseline models.

It is noticeable that models trained with disease-
level data instances like CXR-CLIP and our model
perform much better on retrieval tasks compared
to other models like MedCLIP and PubMedCLIP.
This highlights the importance of explicitly intro-
ducing disease-related features in medical vision-
language representation learning.

The near-zero results for MedCLIP, PubMed-
CLIP, and RadCLIP likely reflect pretraining mis-
match with exact CXR report-pair retrieval. These
models use decoupled, article-based, or broad ra-
diology supervision, respectively, whereas CXR-
CLIP, MedImagelnsight, and our model are trained
on chest X-ray—report pairs, leading to substantially
stronger retrieval performance.

5.3 Image Classification

To evaluate representation quality and transfer-
ability, we evaluate models under zero-shot, few-
shot, and supervised classification settings on bi-
nary classification datasets (i.e., SIIM and RSNA)
and multi-class classification datasets (i.e., VinDr-
CXR) using Area Under the Curve (AUC).

Table 3 presents classification results on different
datasets. Our model consistently outperforms ex-
isting methods in few-shot and supervised settings.
Although pretrained on RSNA Pneumonia, Rad-
CLIP underperforms CXR-CLIP and our model,
suggesting that task-related pretraining alone is in-
sufficient and fine-grained supervision plays a more
critical role in learning transferable representations.

For zero-shot classification, we follow prior
work (You et al., 2023), to use text prompts to rep-
resent positive and negative labels for each disease,
and compute the similarity of the image and the text
prompts. Our model achieves the strongest zero-
shot performance on RSNA and competitive perfor-
mance on SIIM, while GLoRIA and MedImageln-
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VinDR-CXR SIIM RSNA

ZS 10%  100% A 10%  100% ZS 10%  100%
GLoRIA 87.02 54.72 55091 87.02 9199 92.85 71.18 8791 89.26
CXR-CLIP 38.61 41.67 48.00 8330 9192 93.16 8520 89.14 90.25
MedCLIP 31.79 4280 43.05 71.73 7173  88.67 81.76  87.84 88.99
Rad-DINO - 4476 53.00 - 5253 5532 - 62.08 68.74
PubMedCLIP 40.28 4427 5197 71.79  72.09 76.96 7694 79.48 83.71
RadCLIP 40.53 49.73  50.63 70.12 7329 84.48 78.09 83.20 85.67
MedImagelnsight 58.27 43.62 50.33 83.25 9531 9594 86.72 84.36 91.12
Ours 43.66 4531 56.33 85.63 95.72 96.33 88.61 8995 91.54

Table 3: The performance of image encoders on the image classification task under both zero-shot (ZS) and
fine-tuning settings evaluated using AUC. The percentage indicates the portion of training data used. * Rad-DINO
only has an image encoder; therefore, it cannot be used in a zero-shot manner.

Model Atelectasis  Cardiomegaly Consolidation ~ Lung Opacity =~ Edema  Pneumonia ~ Pneumothorax  Pl. Effusion Avg.
GLORIA 0.98 0.53 1.38 1.05 0.66 1.18 047 1.20 0.93
CXR-CLIP 0.15 -0.46 0.00 0.27 0.01 0.14 0.55 0.54 0.11
MedCLIP 0.07 -0.85 0.09 0.13 0.06 0.02 0.24 0.97 0.26
PubMedCLIP -0.46 -0.24 -0.89 0.62 0.92 0.80 -0.80 025 0.60
RadCLIP -1.28 0.67 -1.16 1.14 1.34 1.28 0.58 1.04 0.96
MedImagelnsight 1.55 1.72 1.80 1.82 1.32 1.93 174 2.18 1.78
Ours 0.59 1.90 1.90 2.10 1.22 2.28 2.04 2.14 1.96
Table 4: Grounding Task. Contrast-to-noise ratio (CNR) on MS-CXR dataset.
Model R-L B4 CBert RGraph GREEN tual input, by comparing scores inside and outside
Gloria 1912 460 1749  40.16 28.97 the box. More details about CNR calculation can be
CXRCLIP 24.81 5.51 22.64 39.47 27.53 . . . .
MedCLIP 2541 661 2331 20.68 2835 found at Appendix I. As in zero-shot classification,
RadDINO 2535 598 2344 4Ll 28.15 . .
PubMedCLIP 3350 246 o111 3848 P Rad-DINO is excluded as it lacks a text encoder.
RadCLIP 2432 558 2244 3821 26.69 Table 4 shows the effectiveness of our model over
MedImagelInsight 24.74 5.21 22.90 40.33 27.07 .. .
Ours 2565 663 2440 4211 29.88 other existing models on the phrase grounding task

Table 5: Radiology report generation performance on
the official MIMIC-CXR dataset. Higher scores indicate
better performance for all metrics.

sight perform better on VinDR-CXR. We exclude
Rad-DINO for zero-shot evaluation as it lacks a text
encoder needed for image-text similarity. VinDR-
CXR is a multi-label dataset with 28 radiologists-
defined findings, and uses label names/prompts
that does not always match the disease-observation
language used during pretraining. Therefore, the
result is very poor compared to SIIM and RSNA
zero-shot settings. This explains why performance
improves under fine-tuning while zero-shot setting
remains disadvantaged.

5.4 Phrase Grounding

We evaluate phrase grounding on the MS-CXR
dataset (Boecking et al., 2022), a radiologist-
annotated dataset with bounding boxes paired with
radiology text descriptions. We use contrast-to-
noise ratio (CNR) to measure how well the model
localizes disease-related image regions given tex-

across diseases. Our model performs better than
MedImagelnsight in 5 disease types out of 8, and
achieves a better overall result.

5.5 Report Generation

We evaluate the performance of different image
encoders in radiology report generation. Exper-
imental setup for report generation model train-
ing is provided in Section H.2. Table 5 presents
the radiology report generation results. In addi-
tion to widely used generation evaluation metrics
(i.e., ROUGE-L (Lin, 2004) and BLEU-4 (Papineni
et al., 2002)), and radiology report generation met-
rics (i.e., CheXbert and RadGraph), we also use
GREEN (Ostmeier et al., 2024), an LLM-based
evaluation metric that assesses the clinical correct-
ness of generated reports by identifying clinically
significant errors. Results show superior results
across all evaluation metrics, compared to other
image encoders. This suggests that our pathology-
localized pretraining provides more effective visual
representations for downstream report generation,
capturing more fine-grained and clinically mean-
ingful information.
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R@1 R@5 R@10

Medlmagelnsight 24.69 55.60 67.24

+ global-only 2549 5450 66.69

+ pathology-loss  26.54 56.96  69.77

+ atomic observations  26.52 5543  68.20
+ hard negative  26.97 57.27 69.33

FG-CLIP  0.12 0.37 1.05

+ global-only  15.54 38.49  50.71

+ pathology loss  16.19  39.47  53.08

+ atomic observations  16.54 40.11  52.90
+ hard-negative  17.49 4218  56.16

CLIP  0.06 0.31 0.62

+ global-only 14.89 36.82  50.30

+ pathology loss 1521 36.15  48.28

+ atomic observations 1521  39.50 51.43
+ hard negative  15.76  38.42  49.57

Table 6: The effectiveness of our pipeline in different
pretrained models, tested using MIMIC-CXR on image-
to-text retrieval task.

5.6 Ablation Studies

To evaluate the contributions of different compo-
nents in our dataset construction pipeline and train-
ing objectives, we conduct an extensive ablation
study with results summarized in Table 6.

Region-level Supervisory Signal We compare
models trained using only global image-text align-
ment with those incorporating both global and
region-level information. As shown in Table 6,
introducing region-level fine-grained supervision
consistently improves image-to-text retrieval per-
formance. Results also show that introducing
region-level fine-grained further demonstrate that
this improvement holds when initializing from
general-domain CLIP models (i.e., FG-CLIP and
CLIP). These findings indicate that region-level
captions provide effective fine-grained supervisory
signals for aligning visual and textual representa-
tions in the medical domain.

Atomic Observations To reduce dataset noise
and improve alignment quality, we split disease de-
scriptions into atomic observations such that each
sentence refers to a single disease only, as described
in Section 3.1. The motivation of this design is
to enable more precise image-text correspondence
during training. Compared to region-level align-
ment alone, this strategy yields substantial perfor-
mance gains across different datasets, as shown in
Table 6. These results highlight the importance
of dataset granularity and cleanliness for effective
vision-language alignment.

R@1 R@5 R@I0

MedImagelnsight 24.69 55.60 67.24
w/ ImaGenome 25.87 5440 67.53
w/ Ours 26.27 55.83 68.54

FG-CLIP  0.12 0.37 1.05

w/ ImaGenome 13.21 34.65 46.64
w/Ours 14.69 36.20 50.11

CLIP  0.06 0.31 0.62

w/ ImaGenome 13.35 3520 46.90
w/Ours 12.82 35.58 48.00

Table 7: The effectiveness of LocalizedCXR compared
to ImaGenome dataset, testing using MIMIC-CXR on
image-to-text retrieval task

Hard Negative Samples Learning We further
introduce hard negative samples learning, to en-
courage the model to distinguish semantically sim-
ilar but clinically different patterns. As shown in
Table 6, adding Lj,,.q consistently improves per-
formance, particularly for models initialized from
FG-CLIP and CLIP weights. These results under-
score the importance of Ljg,q in guiding the model
to learn subtle disease-related semantic differences.
Table 6 compares models initialized from
different pretrained weights and subsequently
trained on our constructed dataset. Across both
general-domain and domain-specific initializations,
pathology-aware and fine-grained supervision con-
sistently improve performance. In particular, all
models benefit from the use of region-level supervi-
sion and hard negative losses, leading to substantial
improvements over their corresponding baselines.
This suggests that the proposed supervisory sig-
nals are complementary to pretraining and remain
effective regardless of the initialization domain.

5.7 Comparison to Existing Datasets

ImaGenome (Wu et al., 2021), to the best of our
knowledge, is the only large-scale dataset that con-
tains localized abnormalities in X-ray images. To
compare the effectiveness of existing resources
and our method, we train both general and med-
ical domain models on ImaGenome and Local-
izedCXR 2. From the Table 7, we observe that
models trained using our dataset outperforms mod-
els trained with ImaGenome, when evaluated on
image-to-text retrieval. Importantly, our dataset
construction framework is not specific to MIMIC-
CXR and can be readily applied to other radiology

For a fair comparison, we only use the subset of Local-
izedCXR that are derived from MIMIC-CXR.
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datasets, enabling scalable and flexible fine-grained
supervision without requiring manual annotation.

6 Conclusion

In this work, we presented an automated frame-
work for constructing a pathology-aware, fine-
grained radiology image-text dataset, that enables
fine-grained alignment between radiology text
and image. By focusing on disease-related sen-
tences and regions, our framework integrates global
and region-level supervision for medical vision-
language representation learning. Extensive ex-
periments across three tasks, seven datasets, and
three backbone models validate our framework’s
superior performance. Future work could focus
on extending this automatic fine-grained dataset
construction framework to other radiology images
and a broader range of disease types. In addition,
further study could be conducted to understand
the difference between radiologist and LLM an-
notations to reduce the error rate and improve the
dataset quality for better alignment.

Limitations

Despite the strong empirical performance of our
framework, we acknowledge several limitations of
our work, and the results should be interpreted with
caution.

* Our work focuses on chest X-ray images and
primarily uses data from U.S. hospitals (ex-
cept for one downstream task dataset). Ex-
tending this framework to other radiological
modalities, such as MRI and CT scans, as well
as to data from other regions, requires further
investigation.

* Our focus is on constructing high-quality
training data to enable the model to gain
fine-grained understanding of images through
CLIP training. Therefore, we selected our
evaluation task accordingly. Whether such an
improved model can enhance diagnostic accu-
racy, support writing radiology report, or aid
clinical decision-making requires more rigor-
ous investigation.

* We restrict the anatomical regions to 14 re-
gions in this study. While practical, this fixed
schema may miss finer anatomical details. Er-
rors from the segmentation model can also
propagate to the constructed region-caption

pairs. Nevertheless, we view this design as a
first step toward fully fine-grained anatomical
supervision, with future work extending it to
more detailed and uncertainty-aware region
annotations.

Ethical Considerations

This work focuses on medical vision-language rep-
resentation learning and is intended to support,
rather than replace, a real clinician for clinical
decision-making. All experiments are conducted
using de-identified radiology datasets (see dataset
license in Section F, and no patient-identifiable in-
formation is used. Although our framework aims
to improve fine-grained medical image-text align-
ment, model predictions may still contain errors
and should not be used as a standalone diagnos-
tic evidence. Deployment in real clinical settings
would require careful validation across institutions,
imaging devices, patient populations, and disease
distributions, as well as oversight by qualified med-
ical professionals.
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A Extended Related Work

A.1 Fine-grained Visual Representation
Learning

Contrastive learning for vision-language represen-
tation modeling is able to align text and image,
which enables superior performance in zero-shot

classification and multimodal retrieval. While ef-
fective, CLIP (Radford et al., 2021) usually aligns
the entire image with its corresponding caption,
missing region-level fine-grained information. Sev-
eral works have addressed this issue by introduc-
ing a region-level training objective to guide the
model in learning more fine-grained information
from the image and text pairs. LongCLIP (Zhang
et al., 2024) extends the CLIP text encoder to re-
ceive longer text, in order to learn more details
from the image caption. GLIP (Li et al., 2021)
utilizes a grounding dataset for pretraining. Re-
gionCLIP (Zhong et al., 2021) and FG-CLIP (Xie
et al., 2025) automatically obtain region-specific
information from existing datasets and incorporate
it into pretraining. Nevertheless, these works fo-
cus on general-domain visual-text alignment only,
while such a design is harder for medical domain
due to data constraints.

B Implementation Details

We use pretrained weights from MedImagelnsight
(Codella et al., 2024) as the backbone text and
image encoders. We use MedGemma-27b (Sell-
ergren et al., 2025) as a domain-specific LLM for
sentence splitting, region selection, and hard neg-
ative caption generation. To obtain coordinates
for the anatomy parts, we utilize PSPNet from
TorchXRay Vision (Cohen et al., 2022) for segmen-
tation and compute coordinates from the segmen-
tation mask. For the classification task, we freeze
the trained image encoder, add a linear layer as a
classification head, and train for 10 epochs. For
the retrieval task, we obtain the average pooled em-
beddings (i.e., [CLS] token) from both the image
and text encoders, and compute an exact match.
Our model is trained for 20 epochs, and it takes
approximately 30 hours on 4 NVIDIA H100 GPUs.

C Detailed Description for Downstream
Task Datasets

Openl (Demner-Fushman et al., 2015) is a small-
scale radiology report dataset collected by Indiana
University. We use the official 653 image-report
pairs in the official test set for the retrieval task.

RSNA Pneumonia (Shih et al., 2019) is a binary-
labeled dataset where the task is to classify images
into pneumonia or normal, collected by RSNA (Ra-
diological Society of North America). We follow
Huang et al. (2021) to split the train/valid/test set
as 70%/15%/15% respectively.
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SIIM-ACR Pneumothorax (Zawacki et al.,
2019) is also a binary-labeled dataset, where im-
ages are classified as pneumothorax or normal. It
contains more than 260k frontal-view chest X-rays.
We split the dataset into 70%/15%/15% for train/-
valid/test set, following (Huang et al., 2021).

VinDR-CXR (Nguyen et al., 2020) contains 28
disease labels for 18k images, annotated by radiol-
ogists. Following (You et al., 2023), we obtain a
validation set from the original training set, result-
ing in 12k/3k/3k for train/val/test set, respectively.

MS-CXR (Boecking et al., 2022) is a small-scale
phrase grounding dataset that contains 1162 radiol-
ogist annotated image regions along with the corre-
sponding phrase, obtained from the text report.

D Prompt Used for Dataset Construction
D.1 Prompts for Splitting Sentences

7

You are a radiology text normalization as-
sistant. Your task is to split disease/finding
sentences into multiple sentences, each
with exactly one disease. Rules: Each
sentence must be full, grammatically cor-
rect, and self-contained. Preserve negation
accurately (“no”, “absent”, “without”).
Do not create redundant or overlapping
sentences. Do not invent new diseases or
anatomy. Output always as a JSON list of
strings.

Example 1:

Input: “heart size is normal, no mediastinal
vein dilatation or vascular engorgement.”
Output: [

“Heart size is normal.”,

“There is no mediastinal vein dilatation.”,
“There is no vascular engorgement.”

]

Example 2:

Input: “Cardiomegaly is present.”
Output: [

“Cardiomegaly is present.”

]

Example 3:

Input: “no edema/effusion, atelectasis or
infiltrate”

Output: [

“No edema.”,
“No effusion.”,
“No atelectasis.”,
“No infiltrate.”

]

Example 4:

Input: “there are patchy basilar opacities
in the retrocardiac region of the left lower
lobe.”

Output: [

“There are patchy basilar opacities in the
retrocardiac region of the left lower lobe.”

]

Output the result ONLY in the following
JSON format: [

sentence 1,

sentence 2,

D.2 Prompts for Region Selection

You are a radiology reasoning assistant.
Your task is to analyze a disease description
or clinical finding, and determine which
anatomical structures must be evaluated
to confirm the presence or absence of the
condition. Only select anatomy parts from
the provided list. Do not infer additional
anatomy or add parts that are not explicitly
listed. If the disease is too vague to map to
anatomy, return an empty list. Be concise
and deterministic. If an anatomy part is
not in the list, do not include it under any
circumstances.

Disease description: {DISEASE_SENTENCE}
Available anatomy parts: {ANATOMY_LIST?}
Output the result ONLY in the following
JSON format:

{{*“disease”: [{DISEASE_SENTENCE?} ],
“required_anatomy_parts™: [...],

“reasoning”: “‘Short explanation of why
these parts are needed”
1
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D.3 Prompts for Hard Negatives Generation

You are generating ONE hard negative med-
ical sentence for training a vision—language
model.

Given a disease description sentence,
produce exactly ONE hard negative that:

- Is medically plausible

- Differs from the original by ONLY ONE
clinically meaningful detail

- Preserves wording, structure, and length
as much as possible

- Does NOT introduce new findings or
organs

- Does NOT change more than one attribute

Allowed single modifications (choose
exactly one):

- Presence or absence

- Severity (mild / moderate / severe)

- Laterality (left / right / bilateral)

- Temporal status (acute / chronic)

- Closely related disease subtype within the
same disease family

- Location within the same organ

IMPORTANT:

- Change at most 5 words

- Do NOT rewrite the sentence

- Output ONLY the modified sentence

Example 1:
Input: “There is no pleural effusion.”
Output: “There is a small pleural effusion.”

Example 2:
Input: “Mild cardiomegaly is present.”
Output: “Severe cardiomegaly is present.”

Example 3:

Input: “Bilateral pulmonary infiltrates are
noted.”

Output: “Right-sided pulmonary infiltrates
are noted.”

E Medical Expert Validation

E.1 Annotation Guideline

To validate the quality of LLM annotation, we con-
duct an expert annotation to select the required
anatomy parts, given a disease sentence. We pro-
vide an annotator with a simple interface, with the
following short guidelines:

Given a disease sentence, fill in “1” in the
column if the anatomy part is related to the
sentence.

E.2 Annotation Interface

We use Microsoft Excel for the annotation study.
We include a screenshot of the annotation interface
of our task in Figure 3.

F Dataset License

MIMIC-CXR, MS-CXR, and VinDR-CXR are un-
der the PhysioNet Credentialed Health Data Li-
cense 1.5.0 and PhysioNet Credentialed Health
Data Use Agreement 1.5.0. Openl is publicly avail-
able, and no license terms are stated. CheXpert-
Plus is also publicly available under the Stanford
University Dataset Research Use Agreement. SIIM
Pneumothorax * and RSNA Pneumonia * datasets
are publicly available on Kaggle as competition
data.

G Detailed Description for Pretraining
Datasets

MIMIC-CXR (Johnson et al., 2019) contains
227k image-report pairs, collected from 65,379
patients, covering frontal and lateral X-Ray images.
Each report is associated with one or more images,
resulting in a total of 377,110 images.

Chexpert-Plus (Chambon et al., 2024) is a large-
scale image-report dataset which contains 223,228
unique pairs of reports and X-rays from 187,711
studies and 64,725 patients.

ChestX-rayl4 (Wangetal., 2017) has 112,120
frontal-view images with binary labels for 14 dis-
eases. We convert these labels to reports by ran-
domly sampling disease sentences, following (You
et al., 2023).

Shttps://www.kaggle.com/competitions/
siim-acr-pneumothorax-segmentation

4https://www.kaggle.com/competitions/
rsna-pneumonia-detection-challenge
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disease Left Right Left Right Left Lung
Clavicle Clavicle Scapula Scapula
EXAMPLE: Heart enlargement, obvious infection 1

Thereis mild pulmonary edema.

The position of the right internal jugular catheter is
unchanged.

The positioning of the right upper extremity PICC
lineis unchanged.

Bilateral pleural effusions are present.
Thereisathoracic spine compression fracture of
approximately % vertebral body height.

Right Lung

Facies Mediastinum | Weasand

Diaphragmatica

Left Hilus Right
Pulmonis Hilus
1 1

Spine

Heart | Aorta

Figure 3: Annotation interface. For simplicity, we provide the annotator with an Excel spreadsheet. Each row
contains a disease sentence, and 14 columns of anatomy parts. Annotator is asked to label which anatomical parts
are related to the given disease sentence. This is then compared to the LLM’s annotation to verify how well an

LLM’s annotation aligns with the radiologists’.

H Radiology Report Generation
H.1 Task Definition

Radiology report generation aims to generate a
clinical report from a chest X-ray image. A stan-
dard report consists of two main sections: Findings,
which describe the observed radiographic evidence,
and Impression, which summarizes the key clini-
cal conclusions. In this experiment, we focus on
image-to-impression generation, where the model
generates the Impression section directly from the
input image.

e 1

Input Image:

Findings: The lungs are clear without fo-
cal consolidation, pleural effusion, or pneu-
mothorax. The cardiomediastinal silhouette
is within normal size limits.

Impression: No acute cardiopulmonary ab-
normality.

\

H.2 Experiment Setup

Following MedImagelnsight (Codella et al., 2024),
we connect the image encoders to a text decoder
via a projection layer. Specifically, the text decoder
is a randomly initialized, 6-layer Transformer de-
coder, with dimension size of 768. The projection
layer is a simple linear projection layer, project-
ing image representation from image encoders to
the text decoder. The report generation model is

trained in two stages. We first pretrain the linear
projection layer and text decoder using MIMIC-
CXR from LLaVA-Rad pretraining data >. Then,
we finetune the full model on the official MIMIC-
CXR dataset. The prompt used for zero-shot clas-
sification is There is DISEASE for positive cases,
and There is no DISEASE for negative cases. We
use the mean pooled patches embeddings for all
images. Cross-modal retrieval is performed on the
test split from the original dataset.

I Contrast-to-Noise (CNR)

For each MS-CXR image-phrase pair, we compute
cosine similarity between the phrase embedding
and the spatial visual embeddings before global
pooling, producing a phrase-conditioned similarity
map. The map is reshaped to its spatial feature-grid
resolution and upsampled to the input-image resolu-
tion. Let B denote the pixels inside the radiologist-
annotated bounding box and B those outside it. We
compute the signed contrast-to-noise ratio as

/B~ Jip

,/a%—i—a%—i—e

where ,U,B,O'% and pp, a% are the mean and
variance of the similarity scores inside and out-
side the annotated region, respectively. A larger
positive CNR therefore indicates that the phrase-
conditioned activation is more concentrated within
the ground-truth region, whereas a negative value
indicates greater activation outside it. We will also
explicitly report how multiple boxes are handled,
the feature-map resolution and upsampling proce-
dure, and how instance-level scores are aggregated
across the eight pathology categories.

CNR =

SMedImagelnsight and LLaVA-Rad use both MIMIC-
CXR and translated PadChest; however, the translated PadCh-
est is not publicly available, we pretrain the projection layer
and Transformer decoder using only MIMIC-CXR.
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