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Abstract
Medical vision-language pre-training (VLP) offers signifi-
cant potential for advancing medical image understanding by
leveraging paired image-report data. However, existing meth-
ods are limited by False Negatives (FaNe) induced by seman-
tically similar texts and insufficient fine-grained cross-modal
alignment. To address these limitations, we propose FaNe, a
semantic-enhanced VLP framework. To mitigate false neg-
atives, we introduce a semantic-aware positive pair mining
strategy based on text-text similarity with adaptive normal-
ization. Furthermore, we design a text-conditioned sparse
attention pooling module to enable fine-grained image-text
alignment through localized visual representations guided by
textual cues. To strengthen intra-modal discrimination, we
develop a hard-negative aware contrastive loss that adap-
tively reweights semantically similar negatives. Extensive ex-
periments on five downstream medical imaging benchmarks
demonstrate that FaNe achieves state-of-the-art performance
across image classification, object detection, and semantic
segmentation, validating the effectiveness of our framework.

Code — https://github.com/Aventador8/FaNe

1 Introduction
Representation learning for medical radiographs has gained
significant attention due to the growing availability of an-
notated datasets (Johnson et al. 2019a; Chambon et al.
2024). Supervised methods excel in downstream tasks us-
ing large-scale labeled data (Wu et al. 2024; Chiu et al.
2025), but acquiring such annotations is labor-intensive and
costly, especially in the medical domain requiring expert
knowledge. To overcome this, unsupervised pre-training ap-
proaches (Zhang et al. 2023; Lai et al. 2024; Zhongyi Shui
2025) leverage free-text medical reports as auxiliary super-
vision, aligning images with text to capture high-level se-
mantics without manual labels, offering a compelling alter-
native to supervised methods.

Although existing vision-language pre-training (VLP)
methods have advanced performance on downstream med-
ical tasks, they often overlook the false negative problem.
In standard VLP training, an image paired with its corre-
sponding report is treated as a positive sample, and all other
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Figure 1: Illustration of false-negative problem and fine-
grained alignment. (a) CLIP-style methods simply treat un-
paired text or image as negatives, easily resulting in false-
negative pairs (i.e, semantically similar but from different
reports). (b) CLIP-style methods capture only global align-
ment, while color-coded sentences reveal the need for fine-
grained region-level alignment.

reports are considered negative samples, as illustrated in
Figure 1(a). In clinical practice, different patients may ex-
hibit the same diseases or lesions, resulting in reports with
highly similar or even identical descriptions. As shown in
Figure 1(a), report 2 and report 3 contain the same findings,
yet report 3 is still treated as a negative sample for the im-
age, introducing erroneous negative pairs. In fact, the image
should align with the first part of report 3, which shares sim-
ilar findings with report 2, while remaining disaligned with
the other part of report 3. However, current VLP methods
have not considered such false negative problem, resulting in
incorrect alignment during pre-training. Thus, it is essential
to develop alignment strategies that can effectively mitigate
the false negative issue.

Another key challenge in VLP is the limited capture of
detailed visual features, as CLIP performs global image-text
alignment. Current VLP approaches for fine-grained align-
ment typically employ cross-attention to align local image
and text features or map visual and textual tokens into a
shared embedding space. However, these methods often de-
pend on coarse alignment strategies that struggle to accu-
rately capture semantically relevant local regions within the
image. As illustrated in Figure 1(b), each sentence in a report
generally corresponds to specific regions within the image,
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Figure 2: Comparison of text-conditioned sparse attention pooling with existing methods. (a) CLIP aligns global image vg and
text tg tokens. (b) SigLIP uses a learnable global token vg as query to pool local tokens vl via cross-attention. (c) FLAIR adopts
text-conditioned pooling with tg as query to aggregate vl for local alignment. (d) FaNe applies sparse attention for local text-
aware features and employs a hard-negative aware contrastive loss Lhn to separate hard negatives for fine-grained understanding.

underscoring the necessity for fine-grained alignment con-
ditioned on sentence-level semantics. For example, FLAIR
(Xiao et al. 2025) leverages text-conditioned attention pool-
ing to improve alignment but struggles to accurately local-
ize relevant image regions, as shown in Figure 2(c). This
is because cross-attention alone lacks the capacity to en-
force precise spatial focus. Similarly, AdaMatch (Chen et al.
2024) attempts local alignment via implicit matching of im-
age blocks to keywords, but lacks mechanisms to guarantee
alignment accuracy. Thus, it is necessary to enhance fine-
grained visual understanding in VLP models, as it underpins
a broad spectrum of downstream tasks, including semantic
segmentation and object detection.

To address these challenges, we introduce a semantic-
enhanced VLP framework incorporating four key compo-
nents: semantic class division, multi-positive global align-
ment, text-conditioned fine-grained alignment, and hard-
negative intra-modal contrast. To mitigate false negatives,
our semantic class division module employs semantic-
aware adaptive normalization to uncover latent positives and
categorize negatives into hard and easy subsets. To opti-
mize multi-positive alignment within a batch, we propose
multi-positive global alignment, which dynamically aligns
a variable number of positive pairs. For precise local align-
ment, we propose text-conditioned fine-grained align-
ment, leveraging text-conditioned sparse attention pooling
to generate localized image embeddings directly guided
by textual cues. Furthermore, to enhance intra-modal dis-
crimination, our hard-negative intra-modal contrast mod-
ule adaptively reweights semantically similar negative in-
stances, improving the model’s capacity to discern subtle
intra-modal distinctions. In summary, our contributions can
be described as follows:

• We propose a semantic-aware positive mining strategy to
mitigate false negatives by identifying latent positives via
text-text similarity and adaptive normalization.

• A text-conditioned sparse attention pooling module is de-
signed for fine-grained image-text alignment, enabling
localized visual grounding.

• A hard-negative aware contrastive loss is introduced,
which adaptively reweights semantically similar nega-
tives to strengthen intra-modal discrimination.

2 Related Work
Vision-Language Pre-training. VLP leverages cross-
modal interactions between vision and language to learn
joint representations without explicit supervision. CLIP
(Radford et al. 2021) use a contrastive loss to match global
image tokens with global text tokens (Figure 2(a)). How-
ever, CLIP only learns coarse-grained representation and
ignores fine-grained alignment between modalities. Many
works have been proposed to build fine-grained relation-
ships between modalities, including token-level alignment
(Wang et al. 2022a), knowledge-guided multi-granularity
alignment (Li et al. 2024), and soft assignments allowing
many-to-many mappings (Gao et al. 2024). Along with at-
tention pooling to form the global image embbedings (Fig-
ure 2(b)), SigLIP (Zhai et al. 2023) replaced the Softmax
loss of vision-language pre-training with a Sigmoid-based
loss. FLAIR (Xiao et al. 2025) employs text-conditioned
attention pooling to produce fine-grained image represen-
tations (Figure 2(c)). However, each sentence in a medical
report typically corresponds to only a sparse local region
within the image. To capture this correspondence, we pro-
pose a text-conditioned sparse attention pooling mechanism
that facilitates fine-grained visual representation learning,
complemented by hard-negative aware intra-modal discrim-
ination (Figure 2(d)).

False-Negative Problem. Simply treating unpaired im-
ages and reports as negative pairs can lead to issues of false-
negative and degrade the quality of representation. Med-
CLIP (Wang et al. 2022b) replace the InfoNCE loss with
semantic mathcing loss based on medical knowledge to
eliminate false negatives. MLIP (Li et al. 2024) employs
a knowledge-guided class-level contrastive learning strat-
egy in conjunction with a divergence encoder to distinguish
false negatives from true negatives. SAT (Liu et al. 2023a)
computes semantic similarity between reports to group im-
age–report pairs into positive, negative, and neutral sets,
thereby avoiding the misclassification of semantically sim-
ilar but unpaired samples as negatives. However, the fixed
normalization of semantic similarity computation in SAT is
suboptimal for varying mini-batches and different training
stages. To alleviate this problem, we propose a semantic-
enhanced adaptive normalization strategy to eliminate struc-
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Figure 3: Overview of FaNe. (a) A semantic similarity matrix is generated via a knowledge encoder (e.g., BioClinicalBERT
(Alsentzer et al. 2019)), enabling image-text pairs to be classified by a similarity threshold, with negatives further divided into
hard and easy cases. (b) Text-conditioned features are derived through sparse attention, enabling alignment with sentence-level
representations. (c) The combined losses Lmp and Lhn shape the feature space, where longer arrows indicate stronger repulsion
for fine-grained concept learning. Sentences with the same highlight color share semantic meaning.

tured common semantics and stabilize training.

3 Method
Our overall workflow is illustrated in Figure 3. Given re-
ports t, we first use a pretrained knowledge extractor ftool
to encode them into global text representations tg. Next, we
compute the semantic similarity matrix S̃ via the semantic-
enhanced adaptive normalization, followed by constructing
the similarity class matrix H using a predefined threshold
to identify positive and negative samples. The global align-
ment is then optimized by applying the loss Lmp. We fur-
ther extract local text representations tl,u, which are fed into
a cross-attention mechanism to obtain text-conditioned vi-
sual representations vtc,u. The fine-grained alignment loss
Ltc and the sparse regularization loss Lspa are jointly ap-
plied to align tl with vtc,u. Finally, for intra-modal discrimi-
nation, the hard-negative aware intra-modal contrastive loss
Lhn is applied to the global image representations vg and
global text representations tg, enhancing the model’s abil-
ity to distinguish subtle semantic differences within each
modality.

3.1 Semantic Class Division
Given a training set D = {(v1, t1) , . . . , (vN , tN )}, where vi

denotes a radiograph and ti is its corresponding report, the
objective is to not only leverage ground-truth pairs (vi, ti)
but also to correct false negatives (vi, tj) arising from se-
mantically similar samples. A pretrained knowledge extrac-
tor ftool (e.g., BioClinicalBERT (Alsentzer et al. 2019))
encodes each report into global and local representations:
ftool (ti) =

[
tli, tgi

]
. To reduce bias from semantic redun-

dancy in clinical narratives and stabilize similarity computa-
tion across batches, we introduce a semantic-enhanced adap-
tive normalization scheme that calibrates report-to-report
similarity via batch statistics and exponential moving aver-
age (EMA) smoothing:

pb =
1

B

B∑
i=1

t̃gi (1)

where B is the batchsize and t̃gi denotes unit vectors tgi
∥tgi∥2

.

The batch’s semantic base similarity is measured as the
mean cosine similarity between each report and prototype:

ô∗t =
1

B

B∑
i=1

〈
t̃gi , pb

〉
(2)

where ⟨, ⟩ represents cosine similarity function. To improve
training stability and prevent sudden shifts across batches,
we smooth the estimate using EMA:

o∗t = α · ô∗t + (1− α) · ô∗t−1 (3)
where α is set to 0.05, and o∗0 = ô∗0. Given the normalized
pairwise cosine similarity matrix S =

〈
t̃gi , t̃gj

〉
, we perform

center-shift normalization to obtain semantic similarity ma-
trix S̃:

S̃ =
S − o∗t

1− o∗t + ϵ
(4)

where ϵ is a small constant to avoid division by zero.
After obtaining S̃, we define the similarity class matrix

H ∈ {0, 1}B×B as follows:

H = 1
[
S̃ > κ

]
(5)
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where κ is a predefined threshold. Note that H re-assigns a
variable number of positives to each sample.

3.2 Multi-Positive Global Alignment
The symmetrical contrastive loss employed in CLIP, which
facilitates bidirectional text-to-image and image-to-text
alignment, is designed to handle only a single positive pair
per sample. This design choice conflicts with the require-
ments outlined in Section 3.1, where the proposed meth-
ods necessitate training with a variable number of posi-
tive pairs per sample. To address this limitation, we adopt
a sigmoid-based contrastive loss following SigLIP (Zhai
et al. 2023), which naturally accommodates multiple pos-
itive pairs within a batch. Compared to the InfoNCE loss
(Oord, Li, and Vinyals 2018), this formulation offers greater
flexibility for handling many-to-many alignments. Hence,
multi-positive global alignment loss is defined:

Lmp = − 1

N

N∑
i=1

N∑
j=1

log
1

1 + ehij(−⟨vg
i,t

g
j⟩/τ1+b)

(6)

where hij denote the (i, j)-th entry of pairwise label matrix
H (-1 for negative and 1 for positive pairs). To modulate
similarity scaling, a temperature τ1 is introduced. Addition-
ally, a learnable bias term b, initialized to a negative value,
is incorporated to offset the imbalance between positive and
negative pairs, ensuring a lower initial loss by reducing the
contribution of the overwhelming number of negatives dur-
ing early training.

3.3 Text-Conditioned Fine-Grained Alignment
A key distinction between medical and natural images lies
in the critical role of multi-scale visual features. Medical di-
agnosis relies on both global anatomical context and fine-
grained local cues, demanding effective integration of hi-
erarchical representations. Moreover, medical reports of-
ten comprise multiple sentences, each describing region-
specific findings (as shown in Figure 1(b)), further un-
derscoring the need for localized visual-textual alignment.
Therefore, we propose to contextualize the image represen-
tations with the individual setences, producing a unique im-
age representation for every image-text pair.
Image and Text Representation. Two independent en-
coders fimg and ftxt are used to extract features:

fimg (v) =
[
vl, vg] , ftxt (t) = [

tl, tg
]

(7)

where vl ∈ RI×D and tl ∈ RP×L×D represent local image
embeddings and text embeddings, respectively. vg ∈ RD and
tg ∈ RD denote global image embeddings and text embed-
dings, respectively. I is the number of local image patches.
P is the total number of sentences in the report. L is the
maximum text length and D refers to the dimension of fea-
tures. In our experiments, the dimension of final output from
both images and texts are the same.
Sparse Attention Mask. Each sentence in a medical re-
port typically corresponds to only a local region of the im-
age. Hence, how to effectively model fine-grained semantic

alignment is a unique challenge. To address it, a learnable
sparse attention mask is devised:

M = σ
(
MLP

(
[R

(
vl) ,R (

tl,u
)
]
))

(8)

where u is the sentence index of each report and M ∈ RL×I .
MLP (·) denotes two layer linear transformations. R repre-
sents reshape operation. σ is the sigmoid activation function.

To promote sparsity and reduce redundancy, we further
impose the sparsity constraint overlayed on top of M :

Lspa =
L∑

i=1

I∑
j=1

|Mi,j | (9)

where Mi,j are the activation values of the learnable atten-
tion mask M .
Cross-Attention Fine-Grained Alignment. To infuse se-
mantic context into visual representations, we employ a
text-conditioned cross-attention sparse pooling mechanism.
Specifically, the local sentence embedding serves as a query
to aggregate local image patch embeddings, yielding a text-
conditioned visual representation vtc,u as formulated:

vtc,u =
I∑

k=1

LN((σ(
tl,uWq(vl,kWk)

T

√
D

·M)vl,kWv)Wo)

(10)
where Wq,Wk,Wv,WO are learnable matrices. k is the spa-
tial location index of each patch. LN stands for LayerNorm.

After obtaining the vtc,u, the InfoNCE loss is applied on(
vtc,u, tl,u

)
pairs where vtc,u and tl,u from the same sentence

are regarded as a positive pair, while those from different
sentences are negative pairs. Given that semantically simi-
lar sentences frequently occur across different reports, we
restrict the selection of negative samples for local align-
ment to sentences within the same report, thereby mitigat-
ing false negatives and enhancing alignment precision. We
symmetrize the optimization by jointly minimizing the local
text-to-image and image-to-text contrastive losses, with the
total loss defined as the sum of both directional components:

Ltc = (Lt2i + Li2t) /2 (11)

Lt2i = − 1∑N
i=1 Pi

N∑
i=1

Pi∑
u=1

log
exp(tl,ui · (vtc,u

i )T /τ2)∑Pi

k=1 exp(tl,ui · (vtc,k
i )T /τ2)

(12)

Li2t = − 1∑N
i=1 Pi

N∑
i=1

Pi∑
u=1

log
exp(tl,ui · (vtc,u

i )T /τ2)∑Pi

k=1 exp(tl,ki · (vtc,u
i )T /τ2)

(13)
where τ2 is the temperature parameter and Pi denotes the
number of sentences of i-th report.

3.4 Hard-Negative Intra-Modal Contrast
The core motivation for introducing the hard-negative
intra-modal contrastive loss lies in its ability to explicitly
strengthen the model’s discriminative capacity for subtle se-
mantic variations. By assigning greater importance to se-
mantically similar negative samples, which are often under-
emphasized in standard contrastive learning, this loss formu-
lation encourages the model to focus on fine-grained intra-
modal distinctions. Such targeted supervision is particularly
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crucial in medical vision language pretraining, where ac-
curately capturing nuanced clinical differences can signifi-
cantly impact downstream diagnostic performance. So the
symmetric hard-negative intra-modal contrastive loss is de-
fined as follow:

Lhn = (Limg + Ltext)/2 (14)

Limg = − 1

N

N∑
i=1

log
1∑N

j=1 exp(yij · αij · (vg
i · (v

g
j)

T /τ3))
(15)

Ltext = − 1

N

N∑
i=1

log
1∑N

j=1 exp(yij · βij · (tgi · (t
g
j)

T /τ3))
(16)

yij =

{
1 if hij = −1

0 if hij = 1
(17)

αij=
yij ·vg

i ·(v
g
j)

T /τ3∑
k ̸=i yik ·v

g
i ·(v

g
k)

T /τ3
, βij=

yij ·tgi ·(t
g
j)

T /τ3∑
k ̸=i yik ·t

g
i ·(t

g
k)

T/τ3
(18)

where yij stands for the index of negative pairs and τ3
is the temperature parameter. Weights αij and βij are de-
signed that hard-negative pairs (i.e., higher semantic simi-
larity in negative pairs) are underscored. This enables the
model to effectively capture fine-grained semantic distinc-
tions between true positive pairs and challenging hard-
negative counterparts, thereby fostering more discriminative
and concept-aware representations.

3.5 Overall Objective
The overall loss function of the proposed FaNe contains
the following terms: multi-positive global alignment loss
Lmp, sparse regularization loss Lspa, text-conditioned fine-
grained alignment loss Ltc and hard-negative aware intra-
modal contrastive loss Lhn. We optimize these terms jointly
via a weighted sum:

L = Lmp + λ1Ltc + λ2Lhn + λ3Lspa (19)

where λ1, λ2, and λ3 serve as hyper-parameters that modu-
late the relative contribution of each loss component.

4 Experiments
We pre-train the proposed FaNe framework on a large-
scale medical image–report corpus, and comprehensively
assess the quality of the learned visual representations
across five benchmark datasets spanning three critical down-
stream medical imaging tasks. Furthermore, extensive ab-
lation studies are conducted to systematically evaluate the
contribution of each core component.

4.1 Pre-Training Setup
Dataset. We pre-train the proposed FaNe framework on the
MIMIC-CXR v2 dataset (Johnson et al. 2019b), which com-
prises 377,110 chest radiographs and 227,827 correspond-
ing medical reports. Following the preprocessing protocol in
PRIOR (Cheng et al. 2023), we retain only frontal-view im-
ages to align with the evaluation setup used in downstream

tasks, discarding all lateral-view images. Furthermore, to en-
sure sufficient textual content for semantic supervision, we
filter out reports with fewer than four sentences. After pre-
processing, we obtain a curated dataset of 182,475 high-
quality image–report pairs for pre-training.
Implementation Details. Following previous works, we use
BioClinicalBERT (Alsentzer et al. 2019) as the text encoder.
For image feature encoding, we apply ResNet50 (He et al.
2016) as the backbone. We resize all images into 224× 224,
and train our framework 50 epochs on 2 pieces of RTX 4090
GPUs with batch size of 98. The dimension D is set 128 and
the temperature hyper-parameters are τ1 = 0.1, τ2 = 0.07,
τ3 = 0.07. The learning rate is initialized as 4e-4 and decays
following a cosine policy. We set λ1 = 1, λ2 = 1, λ3 = 1.
More details can be found in the supplementary material.

4.2 Downstream Tasks
Medical Semantic Segmentation. We evaluate the segmen-
tation performance of our model on the RSNA Pneumonia
(Shih et al. 2019) and SIIM Pneumothorax (Zawacki et al.
2019) datasets. Following the GLoRIA (Huang et al. 2021),
we fine-tune a U-Net (Ronneberger, Fischer, and Brox 2015)
with a frozen ResNet-50 encoder initialized from our pre-
trained model, while training the decoder on varying frac-
tions of labeled data (1%, 10%, and 100%). Segmentation
quality is measured using the Dice similarity coefficient.
Medical Image Classification. We evaluate the classifica-
tion performance of our model on three standard bench-
marks: RSNA Pneumonia (Shih et al. 2019), COVIDx
(Wang, Lin, and Wong 2020), and CheXpert (Irvin et al.
2019). Following the linear evaluation protocol from MGCA
(Wang et al. 2022a), we freeze the pre-trained ViT-B/16
(Dosovitskiy et al. 2020) or ResNet-50 backbone and train
a linear classifier for downstream prediction. To assess data
efficiency, experiments are conducted using 1%, 10%, and
100% of the training data. Performance is measured by AU-
ROC for RSNA and CheXpert, and classification accuracy
for COVIDx, consistent with ConVIRT (Zhang et al. 2022).
Further details are included in the supplementary material.
Medical Object Detection. We evaluate object detection ca-
pabilities of our pre-trained image encoder on the RSNA
Pneumonia dataset (Shih et al. 2019) and the Object-CXR
dataset (Healthcare 2020). Following the YOLOv3 (Redmon
and Farhadi 2018) frozen backbone protocol, our pre-trained
ResNet-50 encoder is fixed and integrated as the feature ex-
tractor, while only the detector head is fine-tuned. To in-
vestigate data efficiency, we conduct experiments using 1%,
10%, and 100% of the training data. Detection performance
is measured using mean Average Precision (mAP), averaged
over IoU thresholds ranging from 0.4 to 0.75.

4.3 Results
The results of competing methods are cited from their re-
spective original publications. For a fair comparison, we
follow the MGCA protocol to pre-train GLoRIA on the
MIMIC-CXR dataset, as indicated by the § symbol.
Results on Medical Semantic Segmentation. We evalu-
ate the effect of fine-grained local representations on seg-
mentation using the ResNet-50 U-Net across the RSNA
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Semantic Segmentation (Dice) Object Detection (mAP)

Dataset FG RSNA SIIM RSNA Object CXR
Method 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100%

Random Init 6.9 10.6 18.5 9.0 28.6 54.3 1.0 4.0 8.9 ∼ 0.5 4.4
ImageNet Init 34.8 39.9 64.0 10.2 35.5 63.5 3.6 8.0 15.7 ∼ 2.9 8.3

ConVIRT(Zhang et al. 2022) 55.0 67.4 67.5 25.0 43.2 59.9 8.2 15.6 17.9 ∼ 8.6 15.9
GLoRIA§ (Huang et al. 2021) ✓ 60.3 68.7 68.3 37.4 57.1 64.0 11.6 16.1 24.8 ∼ 8.9 16.6
MGCA (Wang et al. 2022a) ✓ 63.0 68.3 69.8 49.7 59.3 64.2 12.9 16.8 24.9 ∼ 12.1 19.2
M-FLAG (Liu et al. 2023b) 64.6 69.7 70.5 52.5 61.2 64.8 13.7 17.5 25.4 ∼ 12.4 19.3
MedKLIP* (Wu et al. 2023) 66.2 69.4 71.9 50.2 60.8 63.9 8.9 16.3 24.5 ∼ 7.1 11.6
PRIOR (Cheng et al. 2023) ✓ 66.4 68.3 72.7 51.2 59.7 66.3 15.6 18.5 25.2 2.9 15.2 19.8

MLIP (Li et al. 2024) ✓ 67.7 68.8 73.5 51.6 60.8 68.1 17.2 19.1 25.8 4.6 17.4 20.2
IMITATE (Liu et al. 2024) 70.5 71.4 73.8 53.9 61.7 64.5 15.3 19.7 26.4 3.9 12.7 20.3

FaNe (ours) ✓ 69.5 72.4 74.1 54.1 62.3 68.8 16.4 20.6 27.2 4.9 15.6 21.2

Table 1: Results of semantic segmentation on RSNA and SIIM datasets and object detection on RSNA and Object CXR datasets.
Method marked with * uses extra annotated data and the ”∼” denotes mAP is samller than 1%. The ”FG” means these methods
have or do not have fine-grained alignment. The § symbol denotes models pretrained on the MIMIC-CXR dataset.

(a) (b)

Figure 4: Representative cross-modality attention maps. (a)
The related sentence is ”Mild thoracic scoliosis noted.” (b)
The related sentence is ”Heart size is normal.”

and SIIM datasets, as shown in Table 1. While prior meth-
ods (e.g., GLoRIA, MGCA, PRIOR, MedKLIP, MLIP) in-
corporate localized features during pre-training, our FaNe
framework consistently outperforms them. This improve-
ment stems from the proposed text-conditioned sparse atten-
tion pooling, which enables more precise region-level fea-
ture extraction essential for accurate segmentation.
Results on Medical Object Detection. To further vali-
date the effectiveness of our proposed FaNe framework, we
perform object detection experiments utilizing a ResNet-
50-YOLOv3 architecture on the RSNA and Object CXR
datasets. As presented in Table 1, FaNe consistently sur-
passes competing methods across most scenarios. We hy-
pothesize that this superior performance stems from the
strategic mining of potential positive samples through se-
mantically aligned textual cues, which mitigates the adverse
effects of misclassified negative samples. Consequently, this
approach yields more precise and robust visual feature rep-
resentations, enhancing the reliability of bounding box re-
gression for object detection tasks in medical imaging.
Results on Medical Image Classification. We perform
supervised classification on the RSNA, CheXpert, and
COVIDx datasets. Specifically, we pre-train our proposed
FaNe model using both ResNet-50 and ViT-B/16 architec-
tures to evaluate the impact of different image encoders.
As reported in Table 2, FaNe with the ViT-B/16 encoder

achieves superior performance across multiple datasets, sug-
gesting that Transformer-based architectures may be par-
ticularly effective for aligning vision and language modal-
ities in medical imaging tasks. Notably, while existing ap-
proaches achieve promising performance, they overlook
hard-negative mining, leading to suboptimal representation
learning. In contrast, our proposed hard-negative aware con-
trastive loss imposes stronger separation on semantically
similar samples, encouraging the model to learn clearer se-
mantic boundaries. This helps reduce misclassification of
boundary-ambiguous categories and enhances both robust-
ness and recognition capability.

4.4 Ablation Study
Visualization. To demonstrate the effectiveness and inter-
pretability of our text-conditioned fine-grained alignment,
we visualize cross-modality attention maps generated from
image-text pairs. Using Equation 10, we compute the atten-
tion maps and resize them for overlay on the input images.
As shown in Figure 4, our sparse attention pooling module
with ViT as the encoder accurately highlights semantically
relevant regions such as thoracic scoliosis and the heart lo-
cation based on the corresponding sentence. Additional vi-
sualizations using ResNet are presented in the appendix.
Effectiveness of Sparse Attention Mask. To assess the im-
pact of incorporating a sparse attention mask into the cross-
attention mechanism, we conduct an ablation study pre-
sented in Table 3. The first row reports the baseline model
without any learnable attention mask. The second row intro-
duces a learnable attention mask without applying sparsity
regularization. The final row corresponds to our full method
with both learnable attention and a sparsity constraint. The
results clearly demonstrate that both components contribute
significantly to performance gains in semantic segmentation
and object detection, validating the effectiveness of our fine-
grained alignment strategy.
Effectiveness of Semantic-Enhanced Adaptive Normal-
ization. We conduct an ablation study by toggling this com-
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Dataset FG CheXpert (AUC) RSNA (AUC) COVIDx (ACC)
Method 1% 10% 100% 1% 10% 100% 1% 10% 100%

Random Init 56.1 62.6 65.7 58.9 69.4 74.1 50.5 60.3 70.0
ImageNet Init 74.4 79.7 81.4 74.9 74.5 76.3 64.8 78.8 86.3

ConVIRT (Zhang et al. 2022) 85.9 86.8 87.3 77.4 80.1 81.3 72.5 82.5 92.0
GLoRIA§ (Huang et al. 2021) ✓ 87.1 88.7 88.0 87.0 89.4 90.2 66.5 80.5 88.8
MGCA (Wang et al. 2022a) ✓ 87.6 88.0 88.2 88.6 89.1 89.9 72.0 83.5 90.5
PRIOR (Cheng et al. 2023) ✓ 87.6 88.6 88.8 88.9 89.5 90.5 72.3 84.7 91.0
MedKLIP* (Wu et al. 2023) 86.2 86.5 87.7 87.3 88.0 89.3 74.5 85.2 90.3

MLIP (Li et al. 2024) ✓ 87.8 88.7 88.9 88.8 89.6 90.6 73.0 85.0 90.8
MedUnifer (Zhang et al. 2025) - - - 87.6 88.8 91.7 76.8 88.3 93.5

SENSE (Liu, Lu, and Wang 2024) 87.6 88.5 89.3 88.0 89.6 90.7 - - -
FaNe (Ours, ResNet-50) ✓ 88.2 89.1 89.9 88.9 89.8 92.6 78.2 89.1 94.0
FaNe (Ours, ViT-B/16) ✓ 89.7 90.4 90.8 89.3 90.2 93.1 79.5 90.7 95.5

Table 2: Image classification performance with fine-tuning on 1%, 10%, and 100% of training data for CheXpert, RSNA, and
COVIDx datasets. Method marked with * uses extra annotated data. The ”FG” means these methods have or do not have fine-
grained alignment. The § symbol denotes models pretrained on the MIMIC-CXR dataset.

Learnable Mask Lspa
RSNA (Dice) Object CXR (mAP)

1% 10% 100% 1% 10% 100%
66.6 68.9 71.2 2.2 12.6 18.5

✓ 67.7 70.3 72.6 3.4 13.8 19.9
✓ ✓ 69.5 72.4 74.1 4.9 15.6 21.2

Table 3: Ablation study on learnable sparse attention mask
and sparse regularization loss.

Semantic
Normalization

RSNA (Dice) Object CXR (mAP)
1% 10% 100% 1% 10% 100%
67.1 69.7 71.5 2.5 12.9 18.7

✓ 69.5 72.4 74.1 4.9 15.6 21.2

Table 4: Ablation study on semantic-enhanced adaptive nor-
malization.

ponent on and off. As shown in Table 4, semantic normaliza-
tion consistently improves performance across both segmen-
tation and detection tasks under different training data ratios.
These consistent gains indicate that normalization mecha-
nism effectively mitigates the influence of semantically sim-
ilar false negatives, enhancing representation learning.
Effectiveness of Losses. As shown in Table 5, training
with the semantic-aware multi-positive global alignment
loss (Lmp) alone provides a strong baseline by alleviat-
ing false negatives caused by semantically similar reports.
Adding the hard-negative aware contrastive loss (Lhn) fur-
ther improves performance, demonstrating its role in en-
hancing intra-modal discrimination by pushing apart seman-
tically close but incorrect negatives. Incorporating the text-
conditioned sparse contrastive loss and its sparsity regu-
larization (Ltc + Lspa) leads to additional gains, particu-
larly in low data ratio, validating its ability to enable fine-
grained and text-guided local alignment. The combination
of all components yields the highest Dice scores across both
datasets, confirming the complementary benefits of our de-
sign in addressing false negatives, improving alignment pre-
cision, and refining intra-modal semantic separation.

Components RSNA (Dice) SIIM (Dice)
Lmp Lhn Ltc+Lspa 1% 10% 100% 1% 10% 100%

✓ 66.7 69.6 71.0 50.9 59.3 64.9
✓ ✓ 67.8 70.8 72.3 52.1 60.5 66.1
✓ ✓ 68.2 71.3 73.1 52.9 61.2 67.6
✓ ✓ ✓ 69.5 72.4 74.1 54.1 62.3 68.8

Table 5: Ablation study on losses. Ltc and Lspa are fixed
combination as reported in Table 3.

RSNA (Dice)
Threshold

0.6 0.7 0.8 0.9 0.95

1% 65.7 66.6 67.7 69.1 69.5
10% 68.4 69.3 70.8 71.8 72.4

100% 70.5 70.9 71.2 72.2 74.1

Table 6: Ablation study on semantic threshold κ.

Effectiveness of Threshold. As shown in Table 6, model
performance consistently improves as the semantic thresh-
old κ increases from 0.6 to 0.95, indicating that a higher
threshold helps mitigate the impact of false-negative pairs
and enhances the model’s discriminative capability. The best
segmentation results are achieved when κ is set to 0.95.

5 Conclusion
We present a semantic-enhanced framework to address key
challenges in medical VLP, including false negatives from
semantically similar reports, coarse image-text alignment,
and insufficient intra-modal discrimination. Our approach
integrates a semantic-aware positive pair mining strategy,
a text-conditioned sparse attention pooling module, and a
hard-negative aware contrastive loss to enhance the quality
and granularity of learned representations. Extensive exper-
iments on five downstream medical imaging tasks, covering
classification, detection, and segmentation, demonstrate the
superiority of our method over existing VLP baselines.
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