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Abstract

The emergence of large multimodal models (LMMs) has
brought significant advancements to pathology. Previ-
ous research has primarily focused on separately training
patch-level and whole-slide image (WSI)-level models, lim-
iting the integration of learned knowledge across patches
and WSIs and resulting in redundant models. In this work,
we introduce CPath-Omni, the first 15B parameter LMM
that unifies patch and WSI analysis, consolidating a va-
riety of tasks at both levels, including classification, vi-
sual question answering, captioning, and visual referring
prompting. Extensive experiments demonstrate that CPath-
Omni achieves state-of-the-art (SOTA) performance across
seven diverse tasks on 39 out of 42 datasets, outperform-
ing or matching task-specific models trained for individ-
ual tasks. Additionally, we develop a specialized pathology
CLIP-based visual processor for CPath-Omni, CPath-CLIP,
which, for the first time, integrates different vision models
and incorporates a large language model as a text encoder
to build a more powerful CLIP model, which achieves SOTA
performance on nine zero-shot and four few-shot datasets.
Our findings highlight CPath-Omni’s ability to unify diverse
pathology tasks, demonstrating its potential to streamline
and advance the field of foundation model in pathology. The
code and model are available at CPath-Omni.

1. Introduction

Pathology plays a pivotal role in modern medicine, serving
as the foundation for diagnosing and understanding diseases
[30]. However, pathology requires significant human effort
to conduct precise and accurate interpretations of images
that can be as large as 100,000 x 100,000 pixels.
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Figure 1. Overview of CPath-Omni’s ability to handle both patch-
level and WSI analysis in clinical environments, such as micro-
scope views and scanned WSIs, while supporting various tasks.

In recent years, with advancements in computational
power and the digitization of pathology, a wide range of
models have been developed to assist pathologists in their
diagnostic tasks. At the patch level, these include CLIP
[39]-based models like CONCH [34] and PathGen-CLIP
[47], DINOv2 [37]-based models like Virchow2 [65] and
UNI [12], and LMMs like PathAsst [48], PathGen-LLaVA
[47], Quilt-LLaVA [42], and PathChat [35], which support
tasks such as multi-turn conversations. At the WSI level,
models like Prov-GigaPath [58] and HIPT [11] are devel-
oped for WSI classification, while models such as HistGen
[15] and WsiCaption [9] are used to generate WSI reports.

In this work, we propose CPath-Omni, a multimodal
foundation model designed to unify patch-level and WSI-
level analysis. CPath-Omni can perform diverse tasks such
as VQA, classification, captioning, and visual referring
prompting. By integrating these two levels of analysis and
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enabling generalizable task performance, CPath-Omni rep-
resents a significant step toward developing a versatile and
comprehensive assistive tool for pathologists.

We begin by training a pathology-specific foundation
model, CPath-CLIP, to serve as the vision encoder for
CPath-Omni. CPath-CLIP is the first model to integrate a
large language model (LLM) as the text encoder for CLIP,
while incorporating the DINOv2-based pathology vision
model Virchow?2 alongside the original CLIP-L. model as
the visual encoder. To train CPath-CLIP, we curate CPath-
PatchCaption, a dataset that contains 700,145 high-quality
image-caption pairs from diverse sources. Then, we inte-
grate CPath-CLIP into the LLM Qwen2.5-14B [19] to equip
it with visual capabilities, creating the CPath-Omni.

The training of CPath-Omni follows four stages to build
a unified model capable of handling both patch-level and
WSI-level tasks. In the first stage, we pre-align CPath-CLIP
with the Qwen2.5-14B LLM using the CPath-PatchCaption
dataset. Next, we construct 351,871 instruction tuning sam-
ples from four diverse patch-level tasks across 21 datasets,
including patch-level classification, VQA, captioning, and
visual referring prompting to further finetune CPath-Omni’s
patch capabilities. In stage 3, we introduce WSI-related
data, including 5,850 cleaned WSI reports, to continue
pretraining CPath-Omni, further enhancing its WSI under-
standing based on the previous stage. In the final stage, we
construct 33,830 WSl instruction tuning samples from three
tasks across nine datasets, including classification, VQA,
and captioning, along with 15% patch-level instruction tun-
ing samples for joint WSI-Patch training. This joint training
enables CPath-Omni to seamlessly process both patch and
WSI data and enables a wide range of downstream tasks.

Extensive experiments across seven diverse tasks and
42 datasets are conducted to validate the effectiveness of
CPath-Omni. With its broad capabilities, CPath-Omni
achieves state-of-the-art (SOTA) performance on 39 out of
42 datasets and demonstrates comparable or superior per-
formance to task-specific models. The main contributions
of our study are summarized as follows:

* We develop CPath-CLIP, the most powerful pathology
CLIP model to date, which achieves SOTA results on 9
zero-shot and 4 linear probing classification datasets.

¢ We introduce CPath-Omni, the first unified model capa-
ble of handling both patch-level and WSI analysis across
diverse tasks, offering promising performance and versa-
tility, and representing an early realization of the “one-
for-all” paradigm in computational pathology.

* We curate a diverse and comprehensive training and test-
ing dataset, spanning 7 tasks across 42 datasets, making
it the largest and most diverse dataset for training LMMs
in pathology. Extensive experiments are conducted on
these datasets to confirm CPath-Omni’s significant ad-
vancement in pathology foundation models.

2. Related Work

Vision Foundation Models in Pathology. Recent ad-
vances in digital pathology have spurred the development
of pathology-specific visual foundation models (VFMs),
which fall into two main categories. The first is the vision
language models like CLIP [39], which employs contrastive
learning to align images with textual descriptions, enabling
the vision encoder to generate semantically meaningful rep-
resentations. Researchers have compiled large datasets
of image-caption pairs from sources such as PubMed,
YouTube, Twitter, and books to train these models. Notable
examples include Quilt-Net [21], PLIP [ 18], PathCLIP [48],
PathGen-CLIP [47], and CONCH [34]. The second cate-
gory focuses on vision-only models, trained through self-
supervised learning using vast amounts of patch data ex-
tracted from WSIs. These models are typically trained using
DINO [8, 37]-like approaches to learn robust visual repre-
sentations. Prominent models include Lunit [26], UNI [12],
Prov-GigaPath [58], and Virchow series [52, 65].

These VFMs have significantly improved image repre-
sentations, enhancing performance on downstream tasks
like patch and WSI classification. CLIP-based models,
which are pre-aligned with semantic representations, tend
to capture more coarse-grained features and are easier to in-
tegrate with LLMs, while DINO-based models excel at fine-
grained visual features [25]. In this work, we combine the
strengths of both approaches by leveraging OpenAI-CLIP-L
and the vision-only Virchow?2 as our visual encoder, aligned
with the Qwen2-1.5B [59] LLM to enhance visual capabil-
ities and improve alignment with LLM world knowledge.

Multimodal Generative Foundation Models in
Pathology. The integration of LLMs with vision capabili-
ties has led to advanced LMMs such as GPT-4V [36] and
Gemini Pro Vision [49]. These LMMs offer generalized
capabilities, which are particularly valuable for pathology,
where experts must understand diverse diseases (e.g., lung
and liver cancers), work with various tissue types (e.g.,
prostate, colon), and perform multiple analytical tasks (e.g.,
tumor classification, survival prediction). Consequently,
several pathology-specific LMMs have emerged, including
PathAsst [48], PathGen-LLaVA [47], Quilt-LLaVA [41],
and PathChat [35]. While these models demonstrate
impressive image understanding and conversational abil-
ities, their input size limitations restrict their application
primarily to patch-level analyses.

For WSI-specific generative models, several studies have
trained smaller multimodal language models. For exam-
ple, WsiCaption [9] and HistGen [15] focus on WSI cap-
tion generation, while WSI-VQA [10] targets WSI-based
visual question answering. These earlier approaches pri-
marily utilized publicly available datasets with fewer than
10,000 samples. More recently, PRISM [43], trained on
587,196 internal WSIs, developed a CoCa [60]-like model
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capable of zero-shot WSI classification and report genera-
tion, representing a significant step toward more generaliz-
able generative foundation models.

However, these models are still limited to processing ei-
ther patches or WSIs. Inspired by unified medical models
like MedDr [17], RadFM [55], and BiomedGPT [62] that
unify different medical domains and modalities (although
they are also patch-level models), our work represents the
first effort in the pathology domain to unify both patch-level
and WSI-level analysis within a single LMM.

Multimodal Datasets in Pathology. To construct pow-
erful CLIP-based models, substantial high-quality image-
caption pairs are essential. At the patch-level, the ARCH
[14] contains 8,617 figure-caption pairs related to histol-
ogy images from medical articles and textbooks. The Path-
Cap [48] offers 207,000 pathology image-caption pairs cu-
rated from over 15 million image-text pairs from PubMed
and various textbooks. The OpenPath [ 18] includes 208,414
pairs collected from Twitter posts, while the QUILT-
IM [21] contains 768,826 histopathology image-text pairs
derived from YouTube video frames. Additionally, to train
LMMs, Quilt-Instruct [41] generated 107,131 instruction-
tuning samples from YouTube lectures, while PathGen-
Instruct [47] created 200K instruction-tuning samples based
on synthetic captions from the PathGen-1.6M [47]. In
the WSI domain, available data is considerably more lim-
ited. WsiCaption [9] and HistGen [15] generate 10,000 and
7,753 WSI captioning samples based on TCGA reports, re-
spectively. More recently, the WSI-VQA [10] expanded
these datasets to support VQA tasks for WSIs.

In this paper, we systematically compile these existing
datasets and augment them through additional processing.
We also incorporate our downstream datasets as the foun-
dation for the training and testing of CPath-Omni.

3. Data Preparation

In this section, we introduce the patch-level and WSI-level
data required for constructing CPath-Omni.

3.1. Patch Level Dataset

CPath-PatchCaption: This dataset is a curated image-
caption pairs dataset consisting of 700,145 pairs gathered
from various open-source datasets. Specifically, it includes
218,630 pairs from PathCap, 388,932 pairs from Quilt-1M,
and 92,583 pairs from OpenPath. We ensured that this cap-
tion dataset does not overlap with the test data used in Path-
Omni. This dataset serves as a key component for pretrain-
ing CPath-CLIP and the stage 1 pretraining of CPath-Omni.
CPath-PatchInstruction: CPath-Patchlnstruction is a di-
verse dataset comprising 351,871 samples across caption-
ing, VQA, classification, and visual referring prompting
tasks. Of these, 147,843 highest-quality samples are manu-
ally curated from CPath-PatchCaption, with their captions

and images further enhanced through GPT-4 to produce
more comprehensive and detailed descriptions. Addition-
ally, 40,000 examples are drawn from PathInstruct-200K,
a multimodal, multi-turn conversational pathology dataset.
For the classification data, samples are collected from
various public classification datasets, including VALSET-
TCGA, VALSET-WNS, VALSET-CHA [50], Stomach,
KIRC, CocaHis [46], PAIP23, BNCB [56], CATCH [54],
PAIP21, MIDOG22 [4], KICH, CAMEL [57], Gleason-
CNN [3], OCELOT [40], and Prostate (Tolkach Y et
al.) [66]. From each dataset, we randomly sample up to
5,000 samples, converting 80% into VQA format for CPath-
Instruction training while reserving the remaining 20% for
validation and testing. To further enhance the model’s ca-
pabilities and interpretability, we invite expert pathologists
to annotate 1,300 high-resolution images with captions se-
lected from the TCGA dataset. These captions are first pro-
cessed by GPT-4 to generate preliminary findings, which
are then meticulously reviewed, supplemented, and refined
by pathologists to ensure accuracy. Most importantly, corre-
sponding regions for each pathology finding are highlighted
in the images, creating visually grounded prompting data.
Of these annotated samples, 1,200 are designated for train-
ing, while 100 are reserved for validation and testing. The
entire CPath-PathInstruction dataset is utilized for stage 2
training of CPath-Omni. For further details on dataset con-
struction and annotation, please refer to the Appendix.

3.2. WSI Level Dataset

CPath-WSIInstruction: CPath-WSIInstruction encom-
passes captioning, VQA, and classification data at the WSI
level. The dataset includes 7,312 WSI-level captioning ex-
amples sourced from HistGen. To ensure that the valida-
tion and test sets do not overlap with the WSI classification
data, we re-divide the data into training, validation, and test
sets with an 8:1:1 ratio. The training set is incorporated
into CPath-WSIInstruction. For the VQA component, we
further generate a WSI VQA dataset by prompting GPT-4
based on the divided WSI captions. Specific prompts are
detailed in the Appendix. For classification, we compile
subtype data for 8 TCGA subtyping tasks, including RCC,
NSCLC, BRCA, UCEC, THCA, ESCA, BLCA, and TGCT.
80% of this data is transformed into the QA format that
CPath-Omni can accept for training, while the remaining
20% is split equally for validation and testing.

4. The Proposed CPath-Omni

As shown in Fig. I, CPath-Omni’s architecture includes
two vision components, CPath-CLIP for patch-level and
SlideParser for WSI-level processing, along with an LLM
(Qwen2.5-14B). Patch and WSI inputs are processed
through separate branches, generating patch-level or WSI-
level visual tokens that are fed into the LLM. In this section,
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we detail the construction of CPath-CLIP and SlideParser.

4.1. CPath-CLIP

Pretrained CLIP models are commonly used with LLMs in
general-domain LMMs, as they are well-aligned with the
text space and are easier to integrate with LMMs. How-
ever, pathology images differ significantly from natural im-
ages, creating a domain gap that limits CLIP performance
in pathology tasks. Therefore, a pathology-specific CLIP-
based model should be constructed to improve image under-
standing and enhance LMM performance in this domain.

One challenge with CLIP models is their focus on
coarse-grained semantic information, which can cause the
loss of fine-grained details critical for pathology diagnoses,
such as chromatin structure or mitosis. To address this, we
integrate the pretrained Virchow2 model, trained on 3 mil-
lion WSIs using DINOv2-based vision pretraining, provid-
ing strong visual representations. Simultaneously, we re-
tain OpenAI’s CLIP vision component to preserve strong
semantic features. As illustrated in the left part of Fig. 2,
we feed the image into both models and concatenate their
feature outputs. In addition, to enhance alignment between
the vision model and the LLM, we replace the GPT-2 model
from the original CLIP architecture with the text embed-
ding version of Qwen2-1.5B [6]. With its larger size and
more comprehensive training corpus, Qwen2-1.5B intro-
duces stronger world knowledge, substantially improving
semantic alignment between vision and language compo-
nents. Specifically, we train CPath-CLIP using the CPath-
PatchCaption dataset based on OpenCLIP framework [23].

When used for patch processing in CPath-Omni, CPath-
CLIP adopts the AnyRes strategy from LLaVA-Next [33]
to handle higher resolutions. Each image is split into a 3 x3
grid of sub-patches, which are encoded by CPath-CLIP to
extract features. These features are then processed through
a two-layer MLP before being input into the LLM.

4.2. SlideParser

SlideParser serves as the core component for handling WSI
inputs, particularly for gigapixel images up to 100,000 x
100,000 pixels. To manage this, we first split the WSI into
multiple 2048 x 2048 image regions. As pathologists of-
ten require both global and local context during analysis,
we implement a multi-scale region encoding approach. As
shown in Fig. 2, each 2048 x 2048 region is further subdi-
vided into three scales: 16 tiles of 512 x 512, 4 tiles of 1024
x 1024, and 1 tile of 2048 x 2048. These tiles are encoded
by CPath-CLIP to generate scale-specific features, which
are aggregated via average pooling to produce a multi-scale
feature representation for the 2048 x 2048 region. This
approach captures detail at multiple scales while efficiently
reducing the number of image tokens fed into the LLM.
Since WSIs can vary greatly in size—from dozens to

thousands of patches—this variability can cause instabil-
ity during LMM training. To address this, we introduce a
token compression layer that standardizes the input by re-
ducing WSI tokens to a fixed length. Specifically, we adopt
the CoCa approach [60], using 1152 query tokens through
multi-head attention to query the patch tokens, resulting in
a unified output of 1152 tokens for the LLM.

4.3. The Training of CPath-Omni

The CPath-Omni model architecture adopts the LLaVA-
NEXT framework but undergoes a four-stage training pro-
cess: patch-based pretraining, patch-based finetuning, WSI-
based pretraining, and mixed patch-WSI training.

Stage 1: This initial phase focuses on aligning the
feature spaces between CPath-CLIP and the LLM. Only
the two-layer MLP connecting CPath-CLIP to the LLM is
trained using the CPath-PatchCaption dataset, enabling ef-
fective pre-alignment of visual and language features.

Stage 2: All model parameters are unfrozen for fine-
tuning using the CPath-Patchlnstruct dataset. Building on
Stage 1’s alignment, this phase enables CPath-Omni to learn
a variety of tasks, including VQA, image classification, cap-
tioning, and pathology-related knowledge.

Stage 3: Training in this stage utilizes exclusively WSI
report data. Only SlideParser is unfrozen to align WSI fea-
tures with the pathology-related knowledge previously ac-
quired by the LLM during patch-based training.

Stage 4: The final stage introduces mixed training
with 15% randomly sampled CPath-PathInstruct and CPath-
WSIInstruct datasets. By this point, CPath-Omni has gained
a strong understanding of pathology from previous stages,
enabling effective transfer of patch-based knowledge to
WSI tasks, despite limited WSI data availability.

After completing these four stages, CPath-Omni is com-
prehensively equipped to handle both patch-based and WSI
analysis across a variety of downstream tasks.

5. Experiments

We conduct extensive experiments to evaluate CPath-
Omni’s universal task-solving capabilities. At the patch
level, we evaluate across 32 subsets, including tasks such
as VQA, classification, captioning, and visual referring
prompting (VPR). For the WSI level, we evaluated 10 sub-
sets focusing on WSI VQA, classification, and captioning.

5.1. Benchmarking CPath-CLIP

In our experiments, we evaluate the image-text alignment
and feature extraction capabilities of CPath-CLIP through
zero-shot classification and few-shot linear probing. For
zero-shot classification, we utilize datasets including Patch-
Camelyon (Pcam) [51], CRC-100K [27], SICAPv2 [44],
BACH [1], Osteo [2], SkinCancer [29], WSSSLUAD [16],
LC-Lung, and LC-Colon [7]. We benchmark our model’s
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Figure 2. Overview of two key vision components of CPath-Omni: the patch-level model, CPath-CLIP, and the WSI model, SlideParser.

Model LC-Lung LC-Colon CRC100K SkinCancer Pcam BACH Osteo WSSSLUAD SICAPv2 Average
OpenAI-CLIP-L 70.4 81.1 40.3 19.4 55.5 343 53.9 81.2 25.4 51.3
PLIP 87.9 90.2 52.8 42.5 51.8 343 52.9 73.1 42.5 58.6
QuiltNet 80.0 91.0 49.5 46.4 58.7 43.8 53.8 70.5 37.3 58.9
PathCLIP 88.9 94.3 55.3 35.1 72.5 46.8 69.2 85.1 48.3 66.2
KEP 91.6 98.9 64.4 46.3 68.4 55.0 47.8 79.9 339 65.1
BiomedCLIP 48.8 94.3 29.9 31.7 84.0 39.8 36.7 73.7 322 529
PathGen-CLIP-L 89.8 99.3 78.0 70.6 88.2 71.5 74.6 82.2 63.5 79.7
CPath-CLIP 97.1 100.0 78.0 74.2 95.9 72.3 80.7 87.1 63.1 83.2

Table 1. Zero-shot classification comparison of various CLIP models on different pathology image classification datasets with accuracy
(%). The best performance is highlighted in bold, while the second-best is underlined.

performance against OpenAI-CLIP-L [38], PLIP [18],
QuiltNet [22], PathCLIP [48], BiomedCLIP [63], KEP [64],
and the SOTA PathGen-CLIP-L [47].

Results: CPath-CLIP achieved superior performance
across most datasets. As shown in Tab. 1, CPath-CLIP no-
tably surpasses the current SOTA model, PathGen-CLIP-L
by a significant margin on the Osteo, Pcam, and LC-Lung
datasets, with improvements of 6.1%, 7.7% and 7.3%, re-
spectively. Additionally, it demonstrated significant advan-
tages over other models, underscoring CPath-CLIP’s en-
hanced image-text feature alignment capabilities driven by
its stronger vision and language model integration.

For few-shot linear probing, we added a fully connected
layer to extracted feature representations from four datasets:
LC-Colon, Camelyonl7, LC-Lung, and WSSSLUAD, us-
ing training sizes of 2, 8, 16, 32, 64, and 128 shots. Each
size was randomly sampled 10 times and evaluated over 10
runs per configuration. Box plots are utilized to illustrate
the variability and robustness of the model’s performance.
Results: CPath-CLIP consistently outperformed previous
models. As shown in Fig. 3, CPath-CLIP demonstrated
rapid improvement with minimal data, reaching 95% accu-
racy on CRC and LC-Lung using only 2 shots. In contrast,

other models achieved less than 91% accuracy on CRC and
approximately 92% on LC-Lung.

We hypothesize that using advanced LLMs as CLIP’s
text encoder provides superior world knowledge compared
to previous approaches using BERT or GPT-2. When
combined with pathology-specific vision model Virchow?2,
this integration can achieve faster and more effective
alignment. Unlike general CLIP-based models that require
400 million to billions of training samples, CPath-CLIP was
trained with only 700K samples, which holds great potential
to redefine future CLIP training paradigms.

5.2. Benchmarking CPath-Omni at Patch-Level

At the patch level, we benchmark CPath-Omni against
SOTA models, both general-purpose and domain-specific.

We begin by evaluating the performance of vari-
ous LMMs on VQA using the PathMMU dataset, the
largest pathology-specific VQA dataset, which also in-
cludes pathologist scores. We compare general-purpose
models such as InstructBLIP-FLAN-T5 XXL [13], LLaVA-
1.5-13B [32], Qwen-VL-MAX [5], Gemini Pro Vision [49],
and GPT-4V [36], alongside domain-specific models such
as LLaVA-Med, Quilt-LLaVA, and PathGen-LLaVA.
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Figure 3. Comparison of few-shot classification accuracy (%) via linear probing across various datasets using different CLIP models.

Results: CPath-Omni significantly outperforms both the
latest pathology-specific model, PathGen-LLaVA, and ad-
vanced general-purpose models like GPT-4V, even sur-
passing human-level performance. As shown in Tab. 2,
CPath-Omni exceeds the current SOTA model, PathGen-
LLaVA, by 13.8%, with a particularly notable 30.1% im-
provement in PathCLS [61] performance. Moreover, it
slightly surpasses the 71.8% accuracy achieved by human
pathologists, by 0.6%. We attribute this to the fact that
pathologists annotating the PathMMU dataset may not be
experts in all disease categories, whereas foundation models
like CPath-Omni can learn generalized knowledge across
diverse medical fields. This highlights that CPath-Omni has
the promising potential of LMMs to offer valuable assis-
tance to clinicians in real-world settings.

For the classification task, we evaluate performance
across 30 classification datasets, including 16 in-
distribution (ID) datasets—where the training data is part
of CPath-Omni’s training set—such as VALSET-TCGA,
VALSET-CHA, VALSET-WNS [50], Stomach, KIRC,
CocaHis [46], WISEPAIP23, BNCB [56], CATCH [54],
PAIP21, MIDOG22 [4], KICH, CAMEL [57], Gleason-
CNN [3], OCELOT [40], and Prostate (Tolkach Y et
al.) [66]. Additionally, we use 14 out-of-distribution

(OOD) datasets that were not included in CPath-Omni’s
training data, such as AGGC2022 [20], KIRP, PAIP19 [28],
VALSE-TUKK, as well as 10 datasets from PathCLS
within the PathMMU dataset, namely: Skincancer,
LC25000-Lung, LC25000-Colon, CRC-100K [27], BACH,
WSSSLUAD, PatchCamylonl7, Osteo, MHIST [53],
and SICAPv2 [45]. For all 30 datasets, we compare
CPath-Omni with the state-of-the-art models GPT-40 and
Gemini-1.5-Pro on their respective test sets. For the ID
datasets, we also perform task-specific training with Vir-
chow?, the previous SOTA vision-only model, to facilitate
direct comparisons with CPath-Omni.

Results: CPath-Omni significantly outperforms both
GPT-40 and Gemini-1.5-Pro, and even achieves perfor-
mance comparable to a task-specific fine-tuned version of
Virchow2 on each individual dataset. As shown in Fig. 4,
the radar chart for CPath-Omni closely mirrors that of Vir-
chow?2, with performance varying across datasets. How-
ever, CPath-Omni holds a slight advantage in average per-
formance. In contrast, for general-purpose models, CPath-
Omni consistently outperforms GPT-4o0, even on OOD
datasets, demonstrating its superior capability and gener-
alization compared to the strongest general-purpose mod-
els. Interestingly, when examining the datasets from the
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Test Overall PubMed SocialPath EduContent Atlas PathCLS
Tiny ALL  Tiny ALL  Tiny All Tiny All Tiny ALL  Tiny ALL
(1156) (9677) (281) (3068) (235) (1855) (255) (1938) (208) (1007) (177) (1809)
Expert performance 71.8 - 72.9 - 71.5 - 69.0 - 68.3 - 78.9 -

General Large Multimodal Models

InstructBLIP-FLAN-T5-XXL ~ 34.3 33.9 39.1 372

33.6 343 345 36.0 38.5 39.3 22.6 22.7
40.4 40.4 34.1 39.4 47.1 443 249 235
53.6 49.3 522 479 514 49.8 30.5 29.6
42.4 42.0 43.5 43.7 49.5 49.4 32.8 34.7
587 539 604 53.6 481 528 362 33.8

Pathology-specific Large Multimodal Models

LLaVA-1.5-13B 38.8 37.6 44.5 41.0
Qwen-VL-MAX 49.2 45.9 53.0 50.9
Gemini Pro Vision 42.8 427 43.8 44.9
GPT-4V-1106 53.9 49.8 594 535
LLaVA-Med 25.3 26.2 28.5 27.7
Quilt-LLaVA 45.6 41.5 47.3 42.6
PathGen-LLaVA 60.1 58.4 60.1 60.1
CPath-Omni 72.4 72.2 74.0 69.9

28.9 27.3 22.7 272 22.6 30.7 22.6 20.3
464  46.6 51.8 453 46.2 42.7 322 29.2
60.9 58.8 60.8 60.7 63.5 64.9 54.2 48.9
76.6 71.8 69.8 70.6 65.9 70.6 75.7 79.0

Table 2. Overall results of models on the PathMMU test set. The best-performing LMM in each subset for general and pathology domain

LMMs is in-bold, and the top-performing LMM is underlined.

PathCLS branch, CPath-Omni’s overall OOD performance
is strikingly close to that of CLIP-based models in a zero-
shot setting (refer to Tab. 1). This suggests that CPath-Omni
effectively harnesses the power of vision models within its
multimodal framework, achieving zero-shot visual classifi-
cation performance comparable to that of CLIP.

For visual referring prompting and patch captioning, we

compare CPath-Omni with domain-specific models includ-
ing PathGen-LLaVA, Quilt-LLaVA, and LLaVA-Med. We
evaluate using 50 manually annotated images and through
both GPT-40 assessment (comparing outputs to pathologist-
provided ground truth) and human evaluation.
Results: CPath-Omni significantly outperforms the com-
parison models in both GPT-40 and human evaluations,
with the lowest win rate reaching 84% in the VPR task
when compared to Quilt-LLaVA. Interestingly, CPath-
Omni achieves an even higher win rate against PathGen-
LLaVA in the VPR task, despite PathGen-LLaVA being
a stronger overall model. We hypothesize that this per-
formance difference arises from the differences in training
data: Quilt-LLaVA is trained on videos from YouTube in-
structors, which may include scenarios resembling visual
referring prompting, whereas PathGen-LLaVA is primarily
trained on synthetic TCGA data, which lacks such data.

5.3. Benchmarking CPath-Omni at WSI-Level

In WSI tasks, we benchmark CPath-Omni against both
general-purpose models and task-specific fine-tuned mod-
els of 3 WSI tasks across 10 datasets.

For the classification task, we evaluate eight TCGA
subtyping datasets, including RCC (Kidney Chromophobe,
Kidney Renal Clear Cell Carcinoma, Kidney Renal Pap-
illary Cell Carcinoma), NSCLC (Lung Adenocarcinoma,
Lung Squamous Cell Carcinoma), BRCA (Invasive Duc-

CPath-Omni VS. GPT-40-eval Human-eval
VPR Captioning VPR Captioning
PathGen-LLaVA 96% 82% 98% 80%
Quilt-LLaVA 84% 96% 90% 92%
LLaVA-Med 96% 98% 100% 100%

Table 3. Comparison of CPath-Omni performance on Patch-level
VPR and Captioning tasks with GPT-40-eval and Human-eval
across different models. The number represent the percentage of
CPath-Omni’s responses considered superior.

tal Carcinoma, Invasive Lobular Carcinoma), UCEC (Cys-
tic Mucinous and Serous Neoplasms, Adenomas and Ade-
nocarcinomas), THCA (Papillary Adenocarcinoma, Papil-
lary Carcinoma Columnar Cell, Papillary Carcinoma Fol-
licular Variant), ESCA (Adenomas and Adenocarcinomas,
Squamous Cell Neoplasms), BLCA (Transitional Cell Car-
cinoma, Papillary Transitional Cell Carcinoma), and TGCT
(Non-seminoma, Mixed-seminoma, Seminoma). For more
detailed information, please refer to the Appendix.

Given that these subtyping tasks are incorporated in
CPath-Omni’s training, we test on the held-out test set and
compare CPath-Omni’s performance against task-specific
models, including ABMIL [24], DSMIL [31], a pathology
CoCa-style pre-trained model (PRISM), and GPT-4o.

For ABMIL and DSMIL, we use features extracted from
WSI patches via CPath-CLIP as input and train the mod-
els for 20 epochs, selecting the best checkpoints from the
evaluation set for testing on the test set. In PRISM, we use
the prompts from the PRISM paper for the eight subtyp-
ing tasks it covers. For tasks not included in PRISM, we
use the TCGA subtyping classification names as prompts.
For GPT-40, since it does not directly support WSI diagno-
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Virchow?2 (task-specific)
Gemini-1.5-pro
Average GPT-40
96.0 CPath-Omni LC25000-Lung
KIRC 8o 899 =
LC25000-Colon

Stomach VALSET-TCGA

99.6 99.0 Prostate (Tolkach Y et al.)
CocaHis s
Ao OCELOT

G CRC100K

WISEPAIP23 Gleason-CNN
88.4

817

BACH 888
91.2 92.4 CAMEL

VALSET-WNS

100.0 527
WSSSLUAD
BNCB KICH
802
932
86.2
MIGOG22

VALSET-CHA 832 PatchCamylon17

CATCH PAIP21 Osteo
b. Patch classification (OOD / Zero-shot)

a. Patch classification (ID)

SkinCancer

GPT-40 ABMIL (task-specific)

Gemini-1.5-pro TCGA-THCA DSMIL (task-specific)
Average CPath-Omni GPT-40
89.4 58.5 PRISM
TCGA-RCC CPath-Omni
8 VALSET-UKK 220 52 sAverage
87.6
PAIP19
89.4
80.9
TCGA-ESCA TCGA-TGCT
99.2.
KIRP
47.4
844 A 89.2
AGGC2022  TCGA-NSCLC TCGA-BRCA
80.9
87.8 70.7
SICAPV2
MHIST TCGA-UCEC TCGA-BLCA

c. WSl classification

Figure 4. Radar plot visualization of CPath-Omni’s performance on patch and WSI classification tasks: (a) patch-level performance under
ID conditions, (b) patch classification performance under OOD/zero-shot conditions, and (c) whole-slide image (WSI) performance.

sis, we first split the WSI into 40964096 patches at 20X
magnification. GPT-40 then generates descriptions for each
patch, and these are merged to form a report for the WSI.
This report is subsequently used as input to prompt GPT-40
for classification of the WSI.

Results: CPath-Omni significantly outperforms GPT-4o
and the pathology-specific foundation model PRISM,
while demonstrating comparable or superior performance
to task-specific fine-tuned models such as ABMIL and
DSMIL. As shown in Fig. 4, CPath-Omni surpasses AB-
MIL and DSMIL on three tasks—TCGA-BLCA, TCGA-
BRCA, and TCGA-TGCT—and shows a slight overall per-
formance advantage over these models. This suggests that,
in the future, a unified framework for WSI classification
could achieve the performance of specialized models with-
out the need for task-specific fine-tuning.

For WSI report generation, we compare CPath-Omni
with task-specific models, including WsiCaption and Hist-
Gen, as well as the general-purpose model PRISM (also
supports report generation) and GPT-40 (using the afore-
mentioned method to generate WSI reports). Performance
is evaluated using BLEU 1-4 and ROUGE-L scores. For
VQA, since the first three models do not support it, we
focus the comparison on CPath-Omni and GPT-40, using
the WSI reports generated by GPT-40 as context for an-
swering questions. For closed-ended questions, accuracy
is computed, while for open-ended questions, due to the
brevity of answers, even small variations or synonyms can
cause significant fluctuations in metrics like BLEU and re-
call. Therefore, we prompt GPT-40 to reference standard
answers to evaluate response accuracy instead of BLEU and
recall. Note that WSI report generation and VQA tasks do
not overlap with data used for WSI classification training.
Results: CPath-Omni achieves SOTA performance in both
WSI report generation and WSI VQA tasks, as shown
in Tab. 4. CPath-Omni slightly outperforms the previous

SOTA model, HistGen. Note that PRISM tends to gener-
ate very short reports (often only a few words expressing
the classification), which results in relatively lower perfor-
mance metrics. In the WSI VQA task, CPath-Omni signif-
icantly outperforms GPT-40, with performance metrics al-
most doubling: 67.3% vs. 20.5% for open-ended questions
and 70.8% vs. 35.5% for closed-ended questions.

Model Report Generation ‘ VQA
BLEU, BLEU, BLEU; BLEU, ROUGE}, \ Open Closed
WSICaption ~ 21.8 13.7 8.6 6.4 25.1 - -
HistGen 31.8 19.7 12.7 8.4 254 - -
PRISM 0.0 0.0 0.0 0.0 8.0 - -
GPT-40 15.8 6.2 2.4 0.1 12.8 20.5 355
CPath-Omni ~ 33.7 201 129 8.7 25.6 67.3 708

Table 4. Comparison of CPath-Omni’s performance with task-
specific and general models on WSI captioning and VQA tasks.

6. Conclusion

In this paper, we present CPath-Omni, a versatile foun-
dational multimodal model designed to tackle both patch-
level and WSI-level tasks, spanning captioning, classi-
fication, VQA, and visual referring prompting. CPath-
Omni’s approach enables unified patch and WSI-level train-
ing across diverse datasets, allowing knowledge learned
from the patch level to simultaneously enhance WSI per-
formance, even trained on a fraction of the data compared
to patch-level datasets. Extensive experiments demonstrate
that CPath-Omni achieves superior performance across both
patch and WSI-level tasks, comparable to or even outper-
forming task-specific models and significantly surpassing
pretrained general-purpose foundation models like PRISM
and GPT-4o0. These results highlight the potential of LMMs
like CPath-Omni to serve as a “one-for-all” solution, ad-
vancing the next generation of pathology-specific LMMs.
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