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Abstract
While Vision-Language Models (VLMs) have achieved no-
table progress in computational pathology (CPath), the gi-
gapixel scale and spatial heterogeneity of Whole Slide Im-
ages (WSIs) continue to pose challenges for multimodal un-
derstanding. Existing alignment methods struggle to cap-
ture fine-grained correspondences between textual descrip-
tions and visual cues across thousands of patches from
a slide, compromising their performance on downstream
tasks. In this paper, we propose PathFLIP (Pathology Fine-
grained Language-Image Pretraining), a novel framework for
holistic WSI interpretation. PathFLIP decomposes slide-level
captions into region-level subcaptions and generates text-
conditioned region embeddings to facilitate precise visual-
language grounding. By harnessing Large Language Mod-
els (LLMs), PathFLIP can seamlessly follow diverse clini-
cal instructions and adapt to varied diagnostic contexts. Fur-
thermore, it exhibits versatile capabilities across multiple
paradigms, efficiently handling slide-level classification and
retrieval, fine-grained lesion localization, and instruction fol-
lowing. Extensive experiments demonstrate that PathFLIP
outperforms existing large-scale pathological VLMs on four
representative benchmarks while requiring significantly less
training data, paving the way for fine-grained, instruction-
aware WSI interpretation in clinical practice.

Code — https://github.com/cyclexfy/PathFLIP

Introduction
Whole Slide Images (WSIs) are fundamental to pathology
diagnosis(Cai et al. 2025), yet their gigapixel resolution
and complex spatial structures pose significant challenges
for multimodal learning(Jiang et al. 2024, 2025). Since
each slide contains thousands of heterogeneous patches,
achieving fine-grained visual-textual alignment is challeng-
ing. To address this, the emergence of large-scale multi-
modal datasets (Chen et al. 2025), pairing WSIs with expert-
authored slide captions and driving progress in the field.
These captions are extended and detail-rich, reflecting clini-
cal workflows and supporting diagnostic reasoning.

This expanding multimodal opportunity aligns with ad-
vances in Vision-Language Models (VLMs), particularly

*These authors contributed equally.
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Figure 1: Comparison of PathFLIP with previous methods in
vision-language pathology modeling. (a) CLIP-based meth-
ods perform coarse global feature alignment between im-
ages and text. (b) Context-conditioned approaches use tex-
tual cues to guide attention but focus on global alignment.
(c) Our PathFLIP enables fine-grained pathology analysis
by aligning localized image embeddings with semantically
matched text segments.

those leveraging contrastive pretraining paradigms exempli-
fied by CLIP (Radford et al. 2021; Zheng et al. 2024; Xiao
et al. 2025), which have shown impressive capabilities in
learning joint image-text representations across general do-
mains. However, when applied to computational pathology
(CPath), these models (Lu et al. 2023; Huang et al. 2023)
face unique challenges arising from the gigapixel scale and
spatial heterogeneity of WSIs (Figure 1(a)). Most existing
methods extract global feature of a slide from thousands of
patches, followed by global alignment with slide-level cap-
tions. Nevertheless, this coarse-grained strategy fails to cap-
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ture fine-grained correspondences between visual regions
and textual descriptions (Sun et al. 2025b). To overcome
these limitations, some approaches adapt VLMs to the mul-
tiple instance learning (MIL) framework, aggregating patch-
level features into slide-level representations through atten-
tion mechanisms guided by textual cues (Shi et al. 2024;
Ahmed et al. 2024; Tang et al. 2025; Dong et al. 2025), as
shown in Figure 1(b). These methods leverage contextual
signals from captions to highlight semantically relevant re-
gions before performing slide-text alignment between visual
and textual embeddings (Guo et al. 2025; Li et al. 2024).
While these strategies enhance localization, they typically
depend on weak or implicit region-text supervision and fall
short of fully emulating the diagnostic reasoning of pathol-
ogists, which requires grounding from region-level observa-
tions to slide-level conclusions (Ghezloo et al. 2025).

Targeting the above challenges, we propose PathFLIP
(Pathology Fine-grained Language-Image Pretraining), a
novel framework for fine-grained WSI analysis. As illus-
trated in Figure 1(c), PathFLIP establishes region-text cor-
respondences by aligning localized visual features with se-
mantically matched text segments. Concretely, we design a
Region Q-Former to extract region-level embeddings from
the WSI. Meanwhile, the slide-level captions are decom-
posed into region-level subcaptions that reflect localized
pathological semantics and serve as anchors to guide region-
level grounding, promoting the disentanglement of inter-
pretable clinical concepts. At the region level, we introduce
a self-supervised contrastive objective that treats region-
subcaption pairs from the same slide as positives, while
considering all other combinations in the batch as nega-
tives. This encourages precise and discriminative region-text
alignment. To retain a global understanding, we align WSI
representations with their corresponding full captions using
a global contrastive loss. This pretraining strategy enhances
alignment accuracy and interpretability by enabling fine-
grained supervision without manual regional annotations.

Building upon these foundations, PathFLIP demonstrates
exceptional capabilities, seamlessly adapting across diverse
multimodal pathology tasks. Through efficient integration
with Large Language Models (LLMs), PathFLIP acquires
advanced instruction-following abilities such as caption gen-
eration and visual question answering (VQA) within a uni-
fied framework. At the region level, PathFLIP excels at se-
mantic understanding, accurately identifying lesion-relevant
areas within WSIs. This enables detailed region-level visual
grounding of pathological descriptions. For slide-level tasks,
PathFLIP delivers robust performance in zero-shot classifi-
cation and retrieval, achieving competitive results and sig-
nificantly surpassing previous large-scale VLMs across four
benchmarks. Collectively, these strengths position PathFLIP
as a versatile, unified model for computational pathology,
capable of effectively addressing various multimodal under-
standing challenges. Key contributions are as follows:
• We propose PathFLIP, a fine-grained language-image

pretraining framework specifically for WSIs. By leverag-
ing subcaption–guided embedding alignment, PathFLIP
enables accurate region-level grounding without expert
annotations. These localized semantics are further aggre-

gated to support holistic slide-level diagnosis and com-
prehensive multimodal interpretation, closely aligning
with the typical workflow of pathologists.

• By integrating LLMs, PathFLIP gains the flexibility to
address a wide range of multimodal pathology tasks at
both the region and slide levels, including lesion localiza-
tion, instruction-following, and pathological diagnosis.

• Extensive experiments demonstrate that PathFLIP con-
sistently outperforms existing large-scale VLMs on di-
verse clinical benchmarks, requiring significantly less
training data. Its interpretable and multimodal capabil-
ities enable practical deployment in diagnostic support
and clinical AI applications.

Related Work
Pretraining in Computational Pathology
Pretraining in computational pathology leverages large-
scale datasets and self-supervised learning to produce
general-purpose visual representation models (Li et al.
2025). Unimodal models focus solely on visual features, uti-
lizing hierarchical structures in WSIs through pyramid Vi-
sion Transformers (Chen et al. 2022) and masked autoen-
coding with self-distillation (Chen et al. 2024; Xu et al.
2024). Recent works bridge the gap between visual and tex-
tual modalities by employing cross-modal contrastive learn-
ing (Wang et al. 2024; Sun et al. 2025a). PathGen (Sun
et al. 2025b) retrieves semantically relevant patches us-
ing cross-modal signals to train a high-quality patch en-
coder. TITAN (Ding et al. 2024) aligns regional embed-
dings with region captions and slide-level reports, while
CONCH (Lu et al. 2024) enables fine-grained alignment via
context-aware patch embeddings. In contrast, our PathFLIP
unifies slide-level and fine-grained alignment within a sin-
gle framework, achieving superior performance with signif-
icantly fewer training samples.

Pathological Vision-Language Models
While CLIP-based methods in computational pathology (Lu
et al. 2023; Huang et al. 2023; Sun et al. 2025b; Liu et al.
2025; Yuan et al. 2018) apply contrastive learning to align
slide representations with their global captions, they lack
supervision signals for fine-grained region-text alignment.
Motivated by the success of LLMs, several studies have ex-
plored more effective ways to bridge pathology images and
textual semantics. For example, PathAlign (Ahmed et al.
2024) extends the BLIP framework with LLMs to support
diverse WSI applications. SlideChat (Chen et al. 2025) uti-
lizes a slide encoder to obtain global slide embeddings,
which are sent into an LLM for downstream slide-level
multimodal tasks. PRISM2 (Shaikovski et al. 2025) intro-
duces a two-stage training framework that aligns slide em-
beddings with diagnostic summaries, and then incorporates
LLM-guided supervision using clinical prompts. Neverthe-
less, existing methods fail to achieve fine-grained reasoning
and ground visual evidence based on textual cues. In con-
trast, our approach unifies multimodal understanding across
regions and slide levels, while supporting diverse pathology
tasks in real-world clinical settings.
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Figure 2: Overview of PathFLIP. Given a slide-caption pair <Si, T i>, the slide Si is divided into N regions {Si
1, . . . , S

i
N}.

We use Slide Q-Former and Region Q-Former to extract slide-level and region-level features. Captions {T k, T j , T i} are de-
composed and sampled to obtain region-level subcaptions {T k

1 , T
j
2 , T

i
3}. The slide-level contrastive loss Lslide aligns the global

image feature vi with its corresponding text feature ti. The region-level contrastive loss Lregion encourages alignment between
region-image and subcaption pairs from the same slide as positive pairs, while treating all others in the batch as negatives.

Methodology

Overall Structure of PathFLIP

The overall framework of PathFLIP is illustrated in Fig-
ure 2. We describe the visual feature extraction process at
both slide and region levels, then construct region-level sub-
captions and their textual representations. We then introduce
a contrastive pretraining objective that jointly aligns visual
and textual features, incorporating both text-conditioned
region-level alignment and global slide-level alignment.
This framework enables to learn semantically aligned vi-
sual representations, facilitating effective transfer to various
downstream tasks in Figure 3.

Visual Representation

Region-level Visual Feature Extraction Given the gi-
gapixel resolution of WSIs, we adopt a two-stage parti-
tioning strategy to extract region-level visual features from
an input slide Si. First, the slide is divided into N non-
overlapping regions

{
Si
n

}N

n=1
using a sliding window. Each

region Si
n is further partitioned into M non-overlapping

patches, and each patch is encoded into a d-dimensional
feature vector using a pretrained pathology-specific visual
encoder. This results in a region-level feature matrix V i

n ∈
RM×d for each region n of slide Si. The slide-level feature
matrix is obtained by concatenating all patch-level features
across all regions, denoted as V i ∈ RMN×d.

Region and Slide Q-Former After feature extraction, we
obtain N non-overlapping regions per slide, each consist-
ing of M independently encoded patch features. Due to the
lack of spatial dependency modeling and redundancy among
patch representations, compact and informative semantic ag-
gregation becomes essential. Inspired by BLIP-2 (Li et al.
2023b), we adopt a Q-Former module to enhance intra-
region semantic fusion. It consists of self-attention, cross-
attention, and feed-forward layers, and uses a learnable set
of semantic query tokens Q ∈ RNq×d. Since Nq ≪ M , the
Q-Former efficiently distills the salient semantics.

We apply the Region Q-Former frv(·, ·) to each region
feature V i

n to obtain fine-grained embeddings:

vin = frv(Q,V i
n) , (1)

where vin ∈ RNq×d represents the semantic embedding
of region n in slide Si. The resulting region embeddings
{vin}Nn=1 are concatenated along the first dimension to form
vreg ∈ RNNq×d. Similarly, the Slide Q-Former fsv(·, ·) is
applied to the full patch set V i of slide Si to derive a global
representation:

vi = fsv(Q,V i) , (2)

where vi ∈ RNq×d denotes the holistic embedding of the
slide. The Q-Former shares weights at the region and slide
levels to ensure consistency and efficiency in feature aggre-
gation across scales. The resulting global embedding vi and
regional features vreg collaboratively support holistic slide
understanding and fine-grained vision-language alignment.
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(a) Zero-shot Classification (b) WSI-Text Retrieval (c) WSI Caption Generation (d) WSI Visual Grounding
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Figure 3: PathFLIP serves as a versatile tool in computational pathology. It accommodates a diverse range of multimodal
pathology tasks at both slide and region levels. In (b), “Si” refers to the similarity between the i-th slide and the input text.

Text Representation
The pretraining data used for our PathFLIP follows
SlideBench (Chen et al. 2025), which provides slide-level
captions containing long and detailed descriptions. These
captions reflect the standard clinical workflow of identify-
ing ROIs, conducting diagnostic evaluations, and integrat-
ing findings into a slide-level conclusion. To align the fine-
grained textual descriptions with the regional visual fea-
tures set vreg extracted, we construct a corresponding set of
fine-grained textual representations. Specifically, each slide-
level caption is first segmented into individual sentences.
Then, we construct K subtext segments

{
T i
k

}K

k=1
by ran-

domly sampling subsets of sentences from the original cap-
tion T i using a probabilistic strategy. Each subcaption is
subsequently encoded into a fixed-dimensional representa-
tion tik ∈ Rd using a learnable text encoder ft(·, ·):

tik = ft([CLS], T i
k) . (3)

The complete set of region-level textual features {tik}Kk=1 is
defined as tsub ∈ RK×d. We preserve the full-text caption
and encode it into a global textual representation ti ∈ Rd as:

ti = ft([CLS], T i) . (4)

During training, subcaptions are randomly sampled for
region-level alignment, while the full caption supports
global representation learning.

Vision-Langugae Alignment
Text-conditioned Region Feature Alignment To capture
fine-grained pathological semantics, it is necessary to es-
tablish semantic associations between the regional feature
set vreg and the subcaption feature set tsub, thereby enabling
region-level alignment between WSI features and text repre-
sentations. To this end, we employ a cross-attention mecha-
nism, where subcaption features are used as queries to attend
to regional visual features. This process is shown as:

vtc = softmax
(
Wqtsub(Wkvreg)⊤√

d

)
Wvvreg , (5)

where vtc denotes the text-conditioned query results of at-
tended features and Wq , Wk, and Wv are learnable projec-
tion matrices.

To enhance region-text alignment, we incorporate sub-
caption features from other image-text pairs within the
same batch as negative queries. For a given image-text pair
⟨Si, T i⟩, the subcaptions of T i serve as positive conditions,
while those from other texts T j (j ̸= i) act as negatives
for contrastive learning. To reduce memory and computa-
tional cost, we randomly sample one subcaption from each
of the other B− 1 pairs, rather than using all. Consequently,
the total number of text-conditioned queries becomes L =
K + B − 1, where K is the number of subcaptions for T i

and B is the batch size. We adopt the LogSigmoid loss for
regional contrastive learning:

Lregion =
1

L

L∑
l=1

−log(
1

1 + exp(yl · −η < vtc
l , tsub

l >)
) ,

(6)
where yl = +1 for positive pairs and −1 for negative ones,
and η is a learnable temperature parameter. The similarity
< vtc

l , tsub
l > between the text-conditioned visual query re-

sult vtc
l and the textual query tsub

l is computed via dot prod-
uct. Final region-level alignment is obtained by mean pool-
ing over the L query results. This self-supervised formula-
tion encourages alignment of semantically related regions
and subcaptions, which we find essential for fine-grained
visual-text grounding.

Global Feature Alignment We adopt a contrastive learn-
ing strategy to align global-level semantics of vision and
language modalities. Within each training batch, matched
image-text pairs are treated as positive samples, while mis-
matched pairs are treated as negatives. We compute the co-
sine similarity between global image embeddings vi and text
representations ti. We average the Nq query features in vi to
obtain v̄i for image-text similarity computation. The con-
trastive loss is formulated as:

Li2t = −log(
exp(< v̄i, ti > /τ)

ΣB
b=1exp(< v̄i, tb > /τ)

) , (7)

Lt2i = −log(
exp(< v̄i, ti > /τ)

ΣB
b=1exp(< v̄b, ti > /τ)

) , (8)

where B is the batch size, < ·, · > represents the cosine sim-
ilarity calculation and τ is the temperature hyperparameter.
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component of viable tumor.​​
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Figure 4: Visual grounding results. High-attention areas are
highlighted in red in the heatmap, with red boxes marking
the corresponding regions.

The total global contrastive loss is:

Lslide =
1

2
(Lt2i + Li2t) . (9)

Our final loss of vision-language alignment is the sum of
global loss Lslide and regional loss Lregion:

L = Lregion + Lslide. (10)

Transfer for Visual Understanding
Supervised Instruction Fine-tuning Building upon the
pretrained model, we fine-tune it by integrating with an
LLM to enable instruction-following for tasks such as cap-
tioning and question answering. Specifically, we concate-
nate the slide-level embedding vi with the set of region-level
embeddings {vin}Nn=1 and project them into the LLM’s em-
bedding space using a linear transformation σ(·). A task-
specific prompt embedding tp (e.g., for caption generation)
is prepended to the projected visual features, which are then
fed into the LLM for autoregressive text generation. The en-
tire model is optimised using a language modeling objective:

Llm =

Lt∑
j=1

− logPlm(T i
j | T i

<j , σ([v
i, vi1, . . . , v

i
N ]), tp),

(11)
where Lt denotes the length of the generated sequence, Plm

is the token-level conditional distribution predicted by the
LLM, T i

j indicates the j-th ground truth token, and T i
<j

represents the preceding tokens in the sequence. The model
acquires enhanced multimodal comprehension and effective
instruction-following abilities by integrating visual features
with the LLM in this unified framework.

Generalizable Visual-Language Understanding We
project pathology images and textual descriptions into
a shared embedding space, where semantically aligned
image-text pairs are pulled closer via contrastive learning.
For an input slide-caption pair ⟨Si, T j⟩, we extract their
embeddings vi and tj , and compute the similarity score.
Moreover, our Region Q-Former module outputs region-
level embeddings vin, enabling fine-grained visual-language
understanding.

Visual Grounding Our method aligns with the diagnostic
workflow of pathologists by integrating regional observa-
tions into coherent narratives to support downstream inter-
pretation and visual grounding. For each slide, region-level
representations are extracted using the Region Q-Former.
A text-region attention layer is then applied to compute
attention scores between each region and its correspond-
ing subcaption, enabling precise region-level alignment and
grounding. As shown in Figure 4, we visualize the atten-
tion maps corresponding to two subcaptions from a given
slide. PathFLIP successfully localizes regions of interest
such as “viable tumor” and “central necrosis.” These results
demonstrate that our framework enables fine-grained visual
grounding guided by natural language prompts, facilitating
transferable reasoning and clinical localization. Notably, the
grounding ability is unique to PathFLIP and is not available
in most previous approaches. The detailed analyses of the
key feature are in supplementary materials.

Experiments
Experimental Setup
Datasets We use the SlideInstruction dataset (Chen et al.
2025) for pretraining, which includes WSIs from the pub-
lic TCGA database (Tomczak, Czerwińska, and Wiznerow-
icz 2015), comprising 4,915 WSI-caption pairs from 4,028
patients. Each WSI is associated with a long and detailed,
clinically meaningful caption. To validate the PathFLIP per-
formance for various tasks, we use the SlideBench dataset,
which includes the remaining test set from TCGA and exter-
nal datasets from BCNB (Xu et al. 2021). For zero-shot clas-
sification, we additionally use CPTAC (Edwards et al. 2015),
which contains genetic mutation information. We also em-
ploy the large-scale Quilt-1M (Ikezogwo et al. 2023) as an
external benchmark for the retrieval task.

Comparison Methods We compare PathFLIP with state-
of-the-art methods for classification and retrieval tasks.
These methods can be categorized into two groups. The first
group includes models without LLMs, which are typically
used as foundation models (FMs) to extract task-agnostic
features. Representative examples include CONCH (Lu
et al. 2024), PLIP (Huang et al. 2023), and Prov-GigaPath
(Xu et al. 2024). The second group consists of VLMs de-
signed for pathology and enhanced by LLMs. These models
are often capable of following natural language instructions,
enabling more flexible downstream applications. Represen-
tative methods include Quilt-LLaVA (Seyfioglu et al. 2024),
LLaVA-Med (Li et al. 2023a), and PathGen-LLava (Sun
et al. 2025b). Notably, these LLM-based methods are pri-
marily developed for patch-level pathology images. In par-
ticular, Cpath-Omni (Sun et al. 2025a) and SlideChat (Chen
et al. 2025) incorporate dedicated slide encoders to generate
a global slide-level representation as inputs to the LLMs.

Implementation Details We implement PathFLIP in Py-
Torch 2.7.0 and conduct experiments on 8 NVIDIA RTX
4090 GPUs. Each WSI is partitioned into non-overlapping
4096 × 4096 regions at 20× magnification and further
cropped into 256 × 256 patches for feature extraction us-
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The pathological examination of the 
specimens reveals a diagnosis of high-
grade papillary urothelial carcinoma 
located on the posterior wall of the 
urinary bladder. The tumor infiltrates the 
outer one-third of the muscularis propria, 
indicating a pT2b stage of bladder cancer.

The pathological examination reveals a 
diagnosis of grade 3 transitional cell 
carcinoma of the bladder. The tumor 
invades the perivesical fat and shows both 
perineural and vascular invasion. Surgical 
margins, including ureteric and urethral 
margins, are free of tumor involvement.

Question PathFLIP
The pathological examination of the urinary 
bladder tumor located on the posterior wall 
reveals a diagnosis of high-grade papillary 
urothelial carcinoma. The tumor infiltrates into
the outer one-third of the muscularis propria, 
indicating papillary architecture with high-
grade nuclearatypia.

The pathological examination of the bladder 
specimen reveals a diagnosis of high-grade 
transitional cell carcinoma.  The neoplasm 
invades into the perivesical fat, indicating 
advanced local extension. Perineural invasion 
and lymphova-scular invasion suggest 
propensity for potential metastatic spread. 

SlideChat
Generate a caption for the WSI:

127359×77453 pixels  

Generate a caption for the WSI:

123503×94722 pixels  

Ground Truth
The pathological assessment reveals a 
diagnosis of high grade papillary 
urothelial carcinoma located on the 
posterior wall of the urinary bladder. The 
tumor infiltrates the outer one-third of the 
muscularis propria, indicating a TNM 
stage of pT2b.

The pathological examination reveals a 
diagnosis of grade 3 transitional cell car-
cinoma of the bladder. The tumor invades 
the perivesical fat and exhibits perineural 
and vascular invasion. Surgical margins, 
including ureteric, urethral, and soft tissue 
margins, are clear of tumor involvement.

Figure 5: Caption generation comparison. Blue indicates correct matches, red indicates incorrect or imprecise matches, and
yellow backgrounds emphasize important information matches.

AUC BRCA COAD LUAD LSCC Average
Model PIK3CA MAP3K1 GATA3 KRAS PIK3CA TP53 TP53 STK11 KRAS TP53 PIK3R1 KEAP1

MI-Zero (Lu et al. 2023) 0.5321 0.5542 0.5468 0.5022 0.5438 0.5370 0.5470 0.5847 0.4979 0.6171 0.5910 0.5252 0.5483
PLIP (Huang et al. 2023) 0.4637 0.5818 0.4454 0.4809 0.5455 0.5078 0.5384 0.6427 0.5252 0.7298 0.5820 0.5676 0.5509
CONCH (Lu et al. 2024) 0.5349 0.6380 0.5638 0.5104 0.6384 0.5893 0.6647 0.4935 0.5862 0.5608 0.6101 0.5680 0.5798
Prov-GigaPath (Xu et al. 2024) 0.5633 0.6235 0.5544 0.5615 0.6184 0.6249 0.6403 0.6282 0.5092 0.7072 0.5943 0.6252 0.6042
PathGen (Sun et al. 2025b) 0.5184 0.4904 0.4750 0.4949 0.5807 0.5695 0.5708 0.4825 0.5197 0.4731 0.5099 0.4898 0.5146
PathAlign (Ahmed et al. 2024) 0.5875 0.6073 0.6865 0.6096 0.6276 0.6534 0.6693 0.6143 0.5871 0.7208 0.6301 0.6427 0.6364

LLaVA-Med (Li et al. 2023a) 0.5755 0.5770 0.5598 0.5690 0.5802 0.5748 0.5657 0.5711 0.5563 0.5875 0.5678 0.5694 0.5712
MedDr (He et al. 2024) 0.5433 0.5947 0.5245 0.5371 0.5924 0.6075 0.6096 0.6349 0.5817 0.7131 0.6240 0.5927 0.5963
Quilt-LLaVA (Seyfioglu et al. 2024) 0.6122 0.6107 0.5981 0.5945 0.6077 0.6018 0.5962 0.6079 0.5896 0.6143 0.6002 0.6019 0.6029
PathGen-LLava (Sun et al. 2025b) 0.5860 0.6484 0.6252 0.6351 0.6427 0.6380 0.5482 0.6332 0.6247 0.6466 0.5699 0.6334 0.6193
CPath-Omni (Sun et al. 2025a) 0.6423 0.6301 0.6355 0.6430 0.6623 0.6671 0.6520 0.6418 0.6502 0.6389 0.6309 0.6151 0.6424

PathFLIP (w/o Region Q-Former) 0.5152 0.6043 0.5432 0.5492 0.5651 0.5443 0.5034 0.5641 0.5034 0.5736 0.5066 0.5976 0.5475
PathFLIP (w/o Slide Q-Former) 0.5863 0.5450 0.5660 0.5467 0.5643 0.5486 0.5357 0.5698 0.5691 0.5721 0.5927 0.5279 0.5604
PathFLIP (w/o T-R Atten.) 0.5367 0.5921 0.5541 0.5025 0.5132 0.5226 0.5585 0.5229 0.5595 0.5898 0.5770 0.5036 0.5444
PathFLIP (Ours) 0.6575 0.6339 0.6796 0.6720 0.6585 0.6713 0.6452 0.6867 0.6646 0.6209 0.6423 0.7287 0.6634

Table 1: Comparison of models on gene mutation prediction tasks across multiple cancer types in the CPTAC dataset. Bold
indicates the best performance and underline indicates the second best performance. “T-R Atten.” refers to the Text-Region
Attention layer.

ing the pretrained CONCH (Lu et al. 2024). We set the Q-
Former query token count to Nq = 8 and sample K = 8
subcaptions for regional alignment. The temperature hyper-
parameter is set to τ = 0.1, while the learnable parameter is
initialized as η = log(1/0.07). The language module uses
the lightweight Qwen3-0.6B (Yang et al. 2025), fine-tuned
via LoRA (Hu et al. 2022).

Comparisons with Previous Studies
Zero-shot Classification We evaluate the generalisation
capability of PathFLIP through zero-shot biomarker classi-
fication tasks on the CPTAC dataset, formulated as prompt-
based tasks. Each task is formulated as a prompt-based
classification problem, such as: “a histopathology image
with a PIK3CA gene mutation.” The first group of base-
lines excludes LLMs, using averaged patch embeddings for
slide-level representations and classifying based on similar-
ity with text prompts. The second group integrates LLMs
but cannot directly handle gigapixel WSIs, so 30 patches
are randomly sampled per slide and used with prompts
for biomarker prediction. As shown in Table 1, PathFLIP
achieves the highest average score 0.6634, outperforming

CPath-Omni and PathAlign by 2.1% and 2.7%, respec-
tively, while using significantly fewer model parameters and
less training data. Further, when incorporating the Slide Q-
Former, Region Q-Former, and text-region attention mod-
ules, the model achieves performance improvements of
11.59%, 10.3%, and 11.9%, respectively, demonstrating the
effectiveness of fine-grained alignment. These results high-
light the discriminative power of the slide-level representa-
tions at fine-grained and global levels.

Zero-shot Retrieval We evaluate the multimodal align-
ment capability through the slide-text retrieval tasks on the
SlideBench dataset and a region-level Quilt dataset, as sum-
marised in Table 2. On SlideBench, our slide-level embed-
dings significantly outperform the mean patch embeddings
of FMs, achieving an average improvement of 15.50% on
the ITR task and 13.04% on the TIR task over CONCH.
We conduct region-level image-text retrieval tasks on the
Quilt dataset to further validate the model’s generative re-
trieval capability. PathFLIP achieves SOTA performance
with 0.6611 and 0.6407 R@10 scores, respectively. Com-
pared to PathGen, which achieves R@1 scores of 0.3246 and
0.2688, our method ranks second on other evaluation met-
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SlideBench Quilt

Model Image-Text Retrieval (ITR) Text-Image Retrieval (TIR) Image-Text Retrieval (ITR) Text-Image Retrieval (TIR)
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

MI-Zero (Lu et al. 2023) 0.0468 0.2120 0.2723 0.0491 0.2235 0.3725 0.1583 0.3316 0.4711 0.1516 0.3543 0.5036
PLIP (Huang et al. 2023) 0.0468 0.2163 0.3725 0.0336 0.2053 0.3341 0.1296 0.2813 0.4208 0.1152 0.2751 0.4092
CONCH (Lu et al. 2024) 0.0360 0.2276 0.3798 0.0576 0.2788 0.4399 0.2411 0.4612 0.6295 0.2377 0.4174 0.6351
Prov-GigaPath (Xu et al. 2024) 0.0468 0.2259 0.3822 0.0528 0.2235 0.3725 0.0123 0.1516 0.3070 0.0253 0.1482 0.3184
PathGen (Sun et al. 2025b) 0.0513 0.2165 0.3629 0.0535 0.2139 0.3581 0.3246 0.4955 0.6206 0.2688 0.4645 0.6043
PathAlign (Ahmed et al. 2024) 0.0336 0.2299 0.3341 0.0432 0.2139 0.3629 0.1813 0.3906 0.4169 0.1533 0.3910 0.5047

PathFLIP (w/o Region Q-Former) 0.0581 0.2103 0.3613 0.0481 0.2099 0.3760 0.1795 0.3627 0.5654 0.1829 0.3567 0.5611
PathFLIP (w/o Slide Q-Former) 0.1127 0.3639 0.5461 0.0811 0.3357 0.5504 0.1757 0.3333 0.6165 0.1719 0.3253 0.6293
PathFLIP (w/o T-R Atten.) 0.0781 0.2810 0.4823 0.0861 0.3249 0.4979 0.1774 0.3278 0.6301 0.1668 0.3257 0.6284
PathFLIP (Ours) 0.1513 0.3869 0.5704 0.1392 0.4380 0.5903 0.2710 0.4708 0.6611 0.2646 0.4291 0.6407

Table 2: Retrieval performance on the SlideBench and Quilt datasets for Image-Text Retrieval (ITR) and Text-Image Retrieval
(TIR) tasks. The evaluation metric is Recall@K. Bold indicates the best performance in each column, and underline denotes
the second best. All evaluations are conducted with a batch size of 64 from the dataset.

Methods BLEU-1 BLEU-2 BLEU-3 Rouge-L Qwen.Em.
Similarity

LLava-Med† (Li et al. 2023a) 0.18 0.12 0.06 0.12 0.58
MedDr† (He et al. 2024) 0.31 0.16 0.06 0.07 0.68
Quilt-LLava† (Seyfioglu et al. 2024) 0.23 0.09 0.04 0.16 0.56
PathGen-LLava† (Sun et al. 2025b) 0.35 0.17 0.09 0.16 0.65
CPath-Omni (Sun et al. 2025a) 0.33 0.19 0.10 0.17 0.70
SlideChat (Chen et al. 2025) 0.37 0.21 0.12 0.24 0.71
PathFLIP (w/o Region Q-Former) 0.31 0.19 0.12 0.33 0.64
PathFLIP (w/o Slide Q-Former) 0.21 0.13 0.08 0.32 0.67
PathFLIP (w/o T-R Atten.) 0.32 0.19 0.12 0.34 0.64
PathFLIP (w/o finetune Qwen3) 0.25 0.14 0.09 0.33 0.64
PathFLIP (w/ finetune Qwen3) 0.38 0.23 0.13 0.34 0.76

Table 3: WSI caption performance across different methods
on SlideBench. Due to the inability to process the entire WSI
simultaneously, methods marked with † use 30 randomly
sampled patches from each slide as input. Bold indicates the
best and underline denotes the second best.

rics while being trained on a significantly smaller dataset,
demonstrating the strong potential of our proposed Path-
FLIP. The Region Q-Former module is crucial in retrieval
performance, boosting average recall by 12.90% for ITR
task and 12.79% for TIR task. Among all comparison meth-
ods, PathFLIP shows superior capability in capturing fine-
grained visual-language correlations, highlighting its effec-
tiveness and efficiency, even with limited data resources.

Methods SlideBench BCNB
VQA Average

Microscopy Diagnosis Clinical

LLava-Med† (Li et al. 2023a) 0.4734 0.3278 0.4796 0.3010 0.3955
MedDr† (He et al. 2024) 0.7330 0.5778 0.7425 0.3367 0.5975
Quilt-LLava† (Seyfioglu et al. 2024) 0.5776 0.3596 0.5307 0.3219 0.4475
PathGen-LLava† (Sun et al. 2025b) 0.6867 0.4969 0.6336 0.4557 0.5682
CPath-Omni (Sun et al. 2025a) 0.6370 0.5241 0.5926 0.4567 0.5526
SlideChat (Chen et al. 2025) 0.8764 0.7327 0.8426 0.5414 0.7483

Ours (w/ finetune Qwen3) 0.8611 0.7628 0.8941 0.5865 0.7761

Table 4: VQA performance of different methods on the
SlideBench and BCNB. Methods marked with † use 30 ran-
domly sampled patches from each slide. Bold indicates the
best performance and underline denotes the second best.

WSI Caption and Visual Question Answering As
shown in Table 3 and Table 4, we evaluate caption gen-
eration performance using BLEU, ROUGE-L, and Qwen3-
Embedding-0.6B (Zhang et al. 2025) for similarity scoring.
We observe that Quilt-LLava and PathGen-LLava, which
rely on patch-level inputs, perform worse than models ca-
pable of holistically processing the entire slide. Notably,
our PathFLIP significantly outperforms SlideChat, achiev-
ing a 10% improvement in Rouge-L and a 5% gain in Qwen
embedding similarity in the captioning task. For the VQA
task, PathFLIP also outperforms SlideChat with average im-
provements of 2.78%. Specifically, on the external BCNB
dataset, PathFLIP achieves a strong score of 0.58. These
results demonstrate that our model can efficiently gener-
ate descriptive captions for WSIs and effectively interpret
complex instructions. Furthermore, when applying instruc-
tion fine-tuning on a lightweight model like Qwen3-0.6B,
we observe a 12% improvement in similarity scores for cap-
tioning. These findings underscore the model’s strong multi-
modal understanding and instruction-following capabilities
for gigapixel-scale WSIs. They also highlight the practical
potential of our pretraining approach when integrated with
lightweight LLMs in real-world clinical applications. Addi-
tional experimental results are in supplementary materials.

Conclusion

We propose PathFLIP, a fine-grained language-image pre-
training framework for general-purpose pathological im-
age analysis. By aligning region-level visual features with
subcaption semantics via contrastive learning, PathFLIP
achieves accurate and interpretable grounding without man-
ual annotations. Integrated with large language models,
PathFLIP supports diverse multimodal tasks such as WSI
captioning and VQA, and consistently outperforms existing
pathology VLMs on multiple benchmarks. Beyond technical
advancements, PathFLIP facilitates interpretable AI-assisted
diagnosis and clinician-AI communication, paving the way
for autonomous AI agents in digital pathology to enhance
clinical decision-making and healthcare.
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