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Abstract. Vision Transformers (ViTs) and their hierarchical variants
have achieved strong performance in Computational Pathology (CPath).
However, most are pre-trained on single-resolution Whole Slide Images
(WSIs), limiting their generalization across arbitrary resolutions. Gi-
gapixel WSIs inherently contain diagnostic patterns at multiple scales,
including cellular morphologies, tissue architectures, and global context,
mirroring how expert pathologists examine WSIs. We introduce Multi-
Resolution Pyramid Transformer (MRPT), a model that hierarchically
aggregates multi-resolution information from cellular to tissue and WSI
levels. MRPT employs a biologically meaningful Consecutive Cross-Resolution
Attention (CCRA) mechanism to capture scale-independent interactions
and enforces multi-resolution semantic consistency by aligning embed-
dings across resolutions, yielding robust and generalizable WSI represen-
tations. Pre-trained in a multi-resolution self-supervised manner on 624M
patches, 2.4M regions, and 36K WSIs; MRPT learns rich coarse-to-fine
histopathology features. Extensive experiments on 34 diverse datasets
show that MRPT surpasses recent foundation models and Multimodal
Large Language Models (MLLMSs) in cancer subtype classification, tis-
sue phenotyping, and Visual Question Answering (VQA) for WSI under-
standing. Our code and models available on link.

1 Introduction

Diagnosing cancer and assessing patient outcomes from gigapixel Whole Slide
Images (WSIs) remains the gold standard in clinical pathology [68,71,97]. The
digitization of glass slides into WSIs has transformed modern pathology, en-
abling large-scale and systematic computational analysis of tissue morphology
[27,31,56,72,80]. This digital transformation has given rise to the field of Compu-
tational Pathology (CPath), which leverages advances in machine learning and
computer vision to automatically extract diagnostic and prognostic insights from
gigapixel WSIs [3,43,63,81]. A WSI inherently exhibits a hierarchical and multi-
resolution structures (Fig. 1c) [1, /4, 23, 7/]. The hierarchical structure reflects
the nested organization of visual information: small regions comprising individ-
ual cellular entities (e.g., tumor cells, stroma, lymphocytes) form local clusters
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Fig. 1: (a) and (b): Our MRPT model remains consistent across resolutions and out-
performs existing SOTA models by a significant margin. (c): MRPT exploits hierar-
chical and multi-resolution representations to capture rich contextual information from
WSIs.

that capture cell-cell interactions [23]. These clusters aggregate into larger tissue
microenvironments, which collectively compose the full WSI, encapsulating the
overall tissue heterogeneity [19,67,81]. Conversely, the multi-resolution struc-
ture refers to viewing the same spatial region at varying resolutions (e.g., 10X,
20x, or 40x), where each resolution maintains spatial alignment while offering
distinct levels of visual detail [5, 38,50, 95].

Expert pathologists routinely perform holistic analyses of WSIs across multi-
ple resolutions, synthesizing evidence from different spatial scales and regions to
generate comprehensive diagnostic reports [9,69,96]. For example, in colorectal
cancer, low resolutions capture global tissue architecture such as mucosal orien-
tation, intermediate resolutions reveal glandular organization and architectural
distortion, and high resolution expose cellular features such as nuclear atypia,
pleomorphism, and mitotic activity [39,87]. Therefore, multi-resolution analysis
of WSIs is indispensable for accurate cancer diagnosis, as it integrates comple-
mentary information across scales (Fig. 1¢) [34, T6].

Recently, numerous CPath foundation models have been developed to help
pathologists in diagnostic and prognostic decision-making [24,64,80]. Most SOTA
models are patch-level at a single resolution such as CONCH [64], UNI [24], and
QuiltNet [48]. MR-PLIP is the only multi-resolution patch-level model [4]; how-
ever, it does not fully exploit the hierarchical structure. In SOTA models, a
WSI is divided into smaller patches during training [4,48,90]. However, such
patch-level representations often lack global spatial context of the entire WSI,
limiting their ability to capture tissue-level organization and cross-regional depen-
dencies [25, 29]. To overcome this limitation, several WSI-level models, such as
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GigaPath [93], WSI-LLaVA [58], and SlideChat [25], have been introduced. These
methods aggregate information across all patches to learn holistic WSI-level rep-
resentations, thereby incorporating global contextual cues [29]. While these mod-
els successfully encode global information, they often overlook the intrinsic WSI
hierarchical organization, resulting in suboptimal WSI-level representations and
reduced performance (Figs. 1 (a) & (b)) [29]. To address this, hierarchical mod-
els have been proposed, which exploit the nested structure of WSIs for improved
feature learning [23,36,52|. For instance, the HIPT model captures the natural
hierarchy within WSIs via a two-level Self-Supervised Learning (SSL) frame-
work, producing enriched WSI representations [23]. While hierarchical modeling
has improved WSI understanding, the explicit integration of multi-resolution in-
formation within these hierarchies remains largely underezplored (see Table 1 in
supplementary for more comparisons of SOTA models).

To this end, we propose a novel Multi-Resolution Pyramid Transformer (MRPT)
that jointly models hierarchical and multi-resolution representations at the WSI
level. MRPT captures complementary diagnostic cues across multi-resolution
cellular, tissue, and WSI scales, mirroring the diagnostic workflow of expert
pathologists who continuously zoom in and out to assess both local details and
global context. This design enables the model to preserve fine-grained morpho-
logical information while maintaining global spatial awareness, resulting in a
more robust, generalizable, and clinically meaningful CPath model. MRPT is
hierarchically pre-trained on 624M patches, 2.4 M regions, and 36K WSIs curated
from TCGA [,6] and CPTAC [32], leveraging multi-resolution SSL. To main-
tain biological interpretability and semantic consistency, MRPT performs cross-
attention only between consecutive resolutions, emulating the progressive zoom-
ing behavior of pathologists. At the cell-level pre-training stage, we introduce
a Consecutive Cross-Resolution Attention (CCRA) mechanism that fuses infor-
mation across resolutions using a novel ViT architecture designed to align token
representations at multiple scales. The aggregated cell-level embeddings are used
to represent corresponding patches, which are trained via multi-resolution SSL
at the patch-level. Subsequently, the aggregated multi-resolution patch-level fea-
tures are employed to represent higher-level regions. At the region-level, SSL is
again applied to learn region-specific representations, which are ultimately ag-
gregated into holistic, multi-resolution WSI-level embeddings. Finally, SSL is
performed at the WSI-level to learn a unified, hierarchical representation en-
compassing all three scales. Through this pipeline, MRPT effectively learns a
multi-resolution, hierarchically structured representation.

To further extend MRPT, we introduce a multimodal conversational model
for WSI understanding, termed MRPT-LLaVA. This MLLM integrates MRPT
representations with LLaVA [61] to facilitate cross-modal reasoning. Most exist-
ing MLLMs such as Quilt-LLaVA [77], operate only at the patch-level, thereby
lacking global WSI-level context. Recent WSI-level models, including SlideChat
[25] and WSI-LLaVA [58], incorporate WSI information but rely on a single
resolution, limiting their ability to capture hierarchical and multi-resolution
representations. In contrast, MRPT-LLaVA leverages multi-resolution hierarchi-
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cal WSI-level representations to perform complex pathology VQA tasks. MRPT-
LLaVA employs a three-stage training approach: cross-modal alignment, feature
space alignment, and visual-instruction tuning on WSI-Bench dataset [58]. To
evaluate the effectiveness of MRPT, we conduct extensive experiments on 34
publicly available datasets covering a range of CPath tasks, including classifica-
tion, caption generation, and VQA. Our model achieves superior performance
compared to the SOTA CPath foundation models. Our main contributions are:

1. We introduce a three-stage multi-resolution Self-Supervised Learning (SSL)
paradigm that jointly models multi-resolution and hierarchical representa-
tions of WSIs, enabling comprehensive learning of both fine-grained cellular
features and global tissue context.

2. We propose a novel multi-resolution cell-level ViT architecture based on
the biologically inspored Consecutive Cross-Resolution Attention (CCRA)
mechanism, which efficiently integrates cellular information across multi-
resolution.

3. We develop MRPT-LLaVA, a CPath MLLM that leverages multi-resolution
hierarchical WSI representations to perform complex VQA tasks.

2 Literature Review

1. Vision-only Foundation Models (VFMs): These models are pre-trained
on large-scale histopathology datasets using SSL and serve as backbones for
downstream tasks [42,44,53]. Most existing VFMs including UNI [24], REMEDIS
[7], and CHIEF [91], operate at the patch-level [48,64], and employ a DINO-
based SSL framework using millions scale histology patches [17]. Many patch-
level VFMs including Virchow [89] and GigaPath [93], aggregate patch-level em-
beddings to form holistic WSI representations [89,91, 93]. Patch-level learning
inherently lacks the comprehensive global context embedded within the WSI. Hier-
archical models use SSL to combine local and global features [23,36,52]. A well-
known example is HIPT [23], which is pre-trained at the cellular and tissue levels,
and merges them into a WSI-level embedding [23]. Nonetheless, existing hierar-
chical approaches neglect the inherent multi-resolution WSI information, which
can lead to suboptimal representation and performance degradation. Some patch-
level VFMs, including RudolfV [30] and Virchow?2 [89], utilize multi-resolution
patches primarily to enhance dataset diversity [4,53, 74]. However, these mod-
els do not explicitly exploit the cross-resolution dependencies within WSIs. Qur
proposed MRPT introduces a WSI-level framework that hierarchically fuses in-
formation across multi-resolution, effectively combining the benefits of global con-
text and multi-resolution information hierarchy. 2. Vision-Language Models
(VLMs): CPath VLMs including PLIP [44], QuiltNet [48], and CONCH [64]
etc., learn a shared embedding space between histology images and textual de-
scriptions using contrastive learning [73], enabling cross-modal alignment, re-
trieval, and zero-shot classification [44, 51, 66]. Most existing VLMs, however,
are pre-trained at a single resolution, failing to capture the coarse-to-fine con-
textual hierarchy in WSIs. MR-PLIP is the only multi-resolution patch-level
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VLM [4]; however, it does not fully exploit the hierarchical structure. Aggregat-
ing local features without respecting the hierarchical structure of WSIs inherently
limits the global contextual understanding necessary for comprehensive WSI-level
interpretation. 3. MLLMs: These models integrate histology images, textual in-
formation, and patient-level clinical data into a unified reasoning framework for
complex VQA task [25,77]. Most existing MLLMs operate at the patch-level,
including PathChat [65], Quilt-LLaVA [77], and PathAsst [85] etc. WSI-level
MLLMSs, such as TITAN [29], SlideChat [25], and WSI-LLaVA [58], aggregate
patch-level local features for WSI reasoning. While these MLLMs have signifi-
cantly advanced complex WSI understanding, they still fail to leverage the in-
trinsic WSIs hierarchical and multi-resolution structures. Qur MRPT-LLaVA
explicitly exploits these structures in a WSI. See Table 1 in supplementary for
more SOTA models comparisons.

3 Methodology

A schematic illustration of our proposed MRPT model is shown in Fig. 2. The
multi-resolution representations are learned in a hierarchical manner, progressing
from the cell-level to the patch-level, then to the region-level, and finally to
the WSI-level. At each level, multi-resolution SSL is employed to learn rich,
fine-grained, and coarse-grained representations. Our proposed MRPT-LLaVA
is pre-trained in three different stages to address complex VQA tasks for WSI
interpretation.

3.1 Proposed MRPT Model

Given an input multi-resolution WSI, M = {Xgr at 10x, Yysr at 20x, Zywsy at 40x },
we extract m non-overlapping regions each of size 4096 x 4096 at 20, denoted as
{Y'0o6 7, . For the corresponding 10x and 40x resolutions, we extract aligned
regions of sizes {Xho,s}7, and {Zg,95}7,, respectively. These triplets of multi-
resolution regions are represented as {R; }72; = {X5o4s, Yioos, Zirgo }1%q, Where
each R; corresponds to the same anatomical region across resolutions, preserv-
ing spatial alighment and contextual integrity. Each region R; is subdivided
into smaller patches represented as {P]}256 = {X{ys, Yis4, 21151325 Each
P{ is further decomposed into multi-resolution cell-level patches denoted as
{C7 1356 = (XE Y%, Z%,}25 . This co-registration allows the model to jointly
capfure global tissue context from low-resolution views and localized morpho-
logical information from high-resolution ones. Our objective is to pre-train a
large-scale, multi-resolution, hierarchical WSI-level foundation model enabling
unified representation learning across all resolutions.

3.2 MRPT Architecture

Learning a robust multi-resolution WSI-level representation presents two main
challenges: (1) a multi-resolution WSI contains a significantly larger sequence
length of tokens compared to a single resolution, and (2) aggregating and aligning
information across multi-resolution is non-trivial.
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Fig. 2: An overview of proposed MRPT architecture, which comprises three hierar-
chical pre-training stages: (a)-(b) cell-level (mViTp-C), (c) patch-level (ViTr-P), and
(d) region-level (ViTam-R). The cell-level ViT, mViTp-C, employs multi-resolution SSL
paradigm. The teacher and student networks learn multi-resolution representations us-
ing the proposed Consecutive Cross-Resolution Attention (CCRA) mechanism that
fuses features across consecutive resolutions (10x, 20x, and 40x). The learned multi-
resolution [CLS]| tokens are progressively aggregated from cell- to patch- to region-level
through ViTgr-P and ViTm-R to produce WSI-level embedding.

To address the first challenge, we adopt a hierarchical WSI structure inspired
by HIPT [23]. We extend the ViT architecture for multi-resolution WSI repre-
sentation learning by employing a nested aggregation of visual tokens that are
recursively decomposed into smaller units. To address the second challenge, we
propose a multi-resolution ViT that incorporates an efficient Consecutive Cross-
Resolution Attention (CCRA) mechanism to effectively integrate information
across consecutive resolutions. Our proposed MRPT follows a multi-resolution
hierarchical structure (M — {Ri}72; — {P{}32 — {C],}i2%) (Fig. 77). At
the lowest hierarchical level, a ViT module aggregates cell-level features across
consecutive resolutions using the CCRA mechanism. This design enables MRPT
to capture hierarchical and multi-resolution structures of WSIs and to model
clinically meaningful relationships across resolutions.

The pre-training of MRPT is performed in three distinct stages. In Stage 1
(Fig. 2 (a)-(b)), we pre-train cell-level features {C7 , }°% using multi-resolution
SSL paradigm, where both teacher and student networks leverage a CCRA-

enabled ViT architecture, referred to as mViTp-C. Here, C € Cg’k represents

multi-resolution cell-level tokens extracted from patches {Pz }?5:61. In Stage 2
(Fig. 2 (c)), the weights of mViTp-C are frozen and re-used as an embedding
layer for patch-level pre-training using another ViT module, ViTr-P, where

P € PJ represents multi-resolution patch-level tokens. ViTr-P aggregates patch-
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level embeddings to learn region-level representations R,;. In Stage 3 (Fig. 2
(d)), the weights of ViTg-P are frozen and re-used as a backbone for WSI-level
pre-training using ViTpm-R, where R € {R,;}7; denotes multi-resolution region-
level tokens. ViTn-R aggregates the region-level embeddings to produce the
final WSI-level representation. The overall mathematical formulation of MRPT
is defined as:

MRPT(M) = ViTa-R ({[mCLS| }7,) , where
[mCLS]g, = ViTr-P ({[mCLS]P]; }?5:61) , where (1)
[mCLS]p; = mViTe-C ({C, 172,

where [mCLS|p; denotes the multi-resolution [CLS| token computed over patch
P/, and [mCLS|g, denotes the multi-resolution [CLS| token at the region level
R;. Both mViTp-C and ViTgr-P operate with a sequence length of 256 tokens,
while ViTp-R processes approximately m ~ 256 region tokens per resolution.
When small ViT backbones are employed at each stage, MRPT contains fewer
than 12M parameters, making it computationally efficient and trainable on stan-
dard GPU workstations. Each pre-training stage of MRPT is detailed in the
following sections.

Multi-Resolution Cell Aggregation (mViTp-C) The aggregation of multi-
resolution cell-level tokens within P/ is performed using the proposed mViTp-C
(Figs. 2(a)—(b)). This module employs the CCRA mechanism to integrate in-
formation across consecutive resolutions. To obtain the learnable embeddings
[mCLS|p;, the cell-level representations across all resolutions are aggregated
along the token sequence. Multi-resolution SSL paradigm is employed in which
local views are processed by the student network and global views are processed
by the teacher. Both teacher and student learn to align the multi-resolution rep-
resentation. Below, we discuss the general architecture of mViTp-C, which is the
same for both student and teacher.

Given P, mViTp-C decomposes it into r sequences, each of length 256,
corresponding to non-overlapping ¢, X ¢, pixel tokens at different resolutions
r € {10x,20x,40x}, where ¢, denotes the cell-level patch size at r. For each
resolution, a linear projection layer with positional embedding is applied to ob-
tain a sequence embedding S,., which includes an appended [CLS], token. A
transformer ViT, is then pre-trained independently to learn resolution-specific
embeddings. The number of encoder layers in each ViT, is adjusted according
to the resolution to balance computation. Finally, the outputs of ViT,. from two
consecutive resolutions are fused via the proposed CCRA mechanism to yield
the multi-resolution representation.
mViTp-C Architecture: mViTp-C consists of a stack of @ hierarchical fusion
blocks. Each block contains three branches that process tokens from the three
resolutions and fuse their outputs using the CCRA mechanism. As illustrated
in Fig. 2 (a), the architecture is composed of @ multi-resolution transformer
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encoders, where each encoder comprises: (1) a 10x branch handling coarse-
grained features (8 x 8 patch size) with L transformer layers, (2) a 20x branch
processing medium-grained features (16 x 16 patch size) with M layers, and
(3) a 40x branch focusing on fine-grained features (32 x 32 patch size) with N
layers. The three branches are fused ) times through CCRA layers that enable
the [CLS], tokens of all branches to exchange contextual information across
resolutions.

Consecutive Cross-Resolution Attention (CCRA): The proposed CCRA
module (Fig. 2(b)) fuses information between two consecutive resolutions by av-
eraging their [CLS], tokens and appending them to the patch tokens of the finer
sequence. This design allows efficient and interpretable cross-resolution infor-
mation exchange. Specifically, the [CLS], tokens from both sequences serve as
information carriers between resolutions and are back-projected to their respec-
tive branches. Because [CLS], tokens encode abstract-level semantics of their se-
quences, interacting with patch tokens of other resolutions enriches both coarse-
and fine-grained contextual representations. The process continues across CCRA
layers, where [CLS], tokens iteratively refine their own sequence representations,
thereby enhancing semantic alignment across resolutions. This mechanism effi-
ciently fuses coarse and fine features at the cell level while maintaining semantic
consistency.

While performing cross-attention between consecutive resolutions, we pre-

serve the hierarchical diagnostic logic used by pathologists: 10x magnification
provides a global overview of tissue architecture, 20x reveals local glandular and
stromal organization, and 40x exposes nuclear and cellular morphology. Pathol-
ogists examine WSIs sequentially across resolutions rather than skipping scales,
as intermediate resolutions contextualize cellular detail within broader architec-
ture. Inspired by this workflow, MRPT restricts cross-attention to consecutive
resolution pairs (10x <> 20x, 20x <> 40x), ensuring semantic continuity and
minimizing misalignment across distant representations. This design produces
biologically interpretable and diagnostically meaningful embeddings (see abla-
tion).
Class Token Fusion: The [CLS], tokens represent global contextual summaries
of their corresponding sequences and are used as final embeddings for down-
stream tasks [24,93]. We first average the [CLS], tokens of two consecutive res-
olutions (Fig. 2(d)) and append the averaged token to both sequences, enabling
bidirectional feature exchange. Formally, the fused sequence S; 41 is given by:

St = lgr(; > f’"([CLS]T))|sT1 , (2)

r,r+1

where f7(-) and ¢"(-) denote projection and back-projection functions for di-
mensional alignment.

Multi-Resolution Fusion Using CCRA: We then perform CCRA between
the averaged [CLS],. ;41 tokens and S, ;. The query corresponds to [CLS],, 11,
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. !
while keys and values correspond to S, , expressed as:

q=[CLS},, 1 W,, k=8, Wi v=8,W,
ak”

Vd

where W,, Wy, and W, are learnable projection matrices, and d is the em-
bedding dimension. Because the query consists of a single vector [CLS|, 41, the
computational complexity of CCRA is linear rather than quadratic, making it
highly efficient. We further employ multl head CCRA (MHCCRA) for richer
feature fusion. The updated sequence ST, 41 for a given S, is obtained with
Layer Normalization (LN) and residual connections as:

A= softmax( > , CCRA(S r+1) Av, (3)

[CLS], = f7([CLS]yp41) + MHCCRA (LN(S, 1))

"

S/ = |97 (ICLS 1) 11 S (4)

Empirical results confirm that both class-token fusion and CCRA are critical
for efficient and effective multi-resolution feature learning (Table 5). For inter-
mediate resolution (20x), two sequences are obtained: S/1/0><720>< and SgOX%OX,
whose corresponding [CLS] tokens ([CLS] 0% 0% [CLS]90x 405 ) are concate-
nated and projected back to their original dimension to form [CLS]y...

There are K stacked CCRA layers in total. At each layer, fine-grained fea-
tures from 40x are propagated to 20x, then to 10x, and vice versa. The out-
puts of the final CCRA layer yield three sequences: S}y, Sagx, and Sy, . The
three [CLS] tokens—[CLS] oy, [CLS]50y, and [CLS],o —are concatenated and
passed through a projection layer to form multi-resolution patch representation

[mCLS]p; .

Multi-Resolution Patch Aggregation (ViTgr-P) To obtain multi-resolution
region-level embedding [mCLS|g , we aggregate the sequence {[mCLS]p, 25
derived via mViTp-C, by appending a [CLS] token and feeding it into ViTg-P
architecture, to model broader tissue-level contextual relationships (Fig. 2 (¢)).

Multi-Resolution Region Aggregation (ViTy-R) To obtain the multi-
resolution WSI-level representation [mCLS|y; _ , we aggregate sequence {[mCLS|g }2,
derived via ViTr-P, by appending a [CLS] token and feeding it into ViTp-R to

model holistic representation (Fig. 2 (c)).

Hierarchical Pre-training of MRPT Model Stage 1: Multi-Resolution
Patch-Level (P/) Pre-training. We pre-train mViTp-C using the multi-
resolution SSL framework, wherein a student network learns to match the output
distribution of a teacher network via cross-entropy loss: H = — ZZ je{10x,20%,40x} Pti log ps;,
where p;; and p; represent the outputs of teacher and student for resolutions
1 and j, respectively. For each multi-resolution patch Pg , DINO generates a set
of L, = 8 local views (of sizes 48 x 48, 96 x 96, and 192 x 192 for 10x, 20x,
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Table 1: Configuration of the mViTp-C architecture across Tiny (T), Small (S), and
Base (B) variants. Each model processes three resolutions (10x, 20x, 40x) with corre-
sponding embedding dimensions, number of attention heads (hr, har, hn), and encoder
depths (L, M, N). For all variants, we fix CCRA layers to K = 1 and hierarchical fusion
blocks to Q = 4.

Variants Dimension # heads Encoders
10x 20x 40x hL,}LM,hN L,]\/I,N
mViTp-C-T| 96 192 192 3,3,3 2,4, 4
mViTp-C-S|192 384 384 6,6,6 2,4,4
mViTp-C-B|384 768 768| 12,12,12 2,4,4

and 40x, respectively) input to ¥, and G, = 2 global views (of sizes 112 x 112,
224 x 224, and 448 x 448) input to ¥;. This encourages local-to-global consistency
across resolutions, minimizing;:

min H(p:, (Gy),ps, . (Ly)). 6

%Zgg(m>p<» (6)
Stage 2: Multi-Resolution Region-Level (R;) Pre-training. In this SSL
stage, [nCLS]p; from mViTp-C serve as inputs to ViTr-P. The resulting {[mCLS]p, } 324
are rearranged into a 16 x 16 x 384 feature grid, on which local-global patch- '
level crops of sizes [6 x 6] and [14 x 14] are applied to form augmented views for
contrastive pre-training.
Stage 3: Multi-Resolution WSI-Level Pre-training. In this stage, both
mViTp-C and ViTr-P are frozen and [mCLS]gr, from ViTgr-P are input to
ViTm-R. The resulting {{[mCLS|g }i%; are rearranged into a \/m x y/m x 192
feature grid (with m ~ 64 for most WSIs). Local and global crops of sizes [6 x 6]
and [7x 7] are used in SSL. This stage enables the model to capture holistic WSI-
level contextual dependencies while preserving fine-grained semantic consistency
across resolutions. We assess the contribution of each stage through ablation
studies (see Table 2).

3.3 MRPT-LLaVA Model Pre-Training

MRPT-LLaVA follows a three-stage training pipeline [21, 25,58, 77]: cross-
modal alignment, feature space alignment, and instruction tuning. In Stage I,
9,642 WSI-report pairs from WSI-Bench [58] are aligned via contrastive learning
using the MRPT encoder and the Qwen2-1.5B text encoder [94]. In Stage II, the
MRPT encoder and LLM are frozen while the projection layer is updated. In
Stage III, we fine-tune the projection layer and LLM on all WSI-Bench tasks.
For patch-level VQA, mViTp-C and ViTgr-P backbones are trained using the
aforementioned approach on QuiltNet-1M [48] and QuiltInstruct [77] datasets.

4 Experiments

Training Details: We pre-train MRPT on 36,000 WSIs in total, comprising
30,000 WSIs from diverse TCGA cancer types [46] and 6,000 WSIs from CP-
TAC [32]. MRPT is pre-trained on 624M patches using mViTp-C, 2.4M regions
using ViTr-P, and 36K WSIs using ViTp-R. For mViTp-C, we employ three
resolution-specific ViTs with L = 2, M = 4, and N = 4 encoder layers (see
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Table 2: Performance of different hierarchical levels of the proposed MRPT model.
Each variant combines the patch-level encoder mViTp-C with the region-level encoder
ViTr-P and the WSI-level encoder ViTm-R. ‘PF’ denotes Pre-trained and Frozen, and
‘LP’ indicates Linear Probe. “Params” represent the number of learnable parameters
during downstream fine-tuning task. Results are reported across three WSI benchmark
datasets, comparing MRPT hierarchical variants (A-D) against the HIPT baseline [23].

Experiments Models Params PANDA BRAINS UBC-OCEAN
HIPT (ViT2s6-16pr) [23] 0.5056M  0.584  0.502 0.677
A mViTp-C-Tpr 0.5056M 0.732  0.687 0.779
mViTp-C-Spr 0.5056M 0.754  0.705 0.781
mViTp-C-Bpr 0.506M 0.773 0.723 0.811
HIPT (ViT256-16pr, ViT4006-256pF) [23] 0.5056M 0.623  0.567 0.723
B mViTp-C-Tpr, ViTr-Ppr 0.5056M 0.773  0.704 0.855
mViTp-C-Spr, ViTr-Ppr 0.506M 0.768  0.712 0.842
mViTp-C-Bpr, ViTr-Ppr 0.5056M 0.822 0.772 0.926
HIPT (ViT256-16pF, ViTa006-256pr, ViTwsi-4096) [23] 1.47M  0.576  0.514 0.653
C mViTp-C-Tpr, ViTr-Ppr, ViTm-R 1.47M  0.754  0.687 0.821
mViTp-C-Spr, ViTr-Ppr, ViTm-R 1.47M  0.767  0.706 0.827
mViTp-C-Bpr, ViTr-Ppr, ViTm-R 1.47M 0.807 0.740 0.892
mViTp-C-Tpr, ViTr-Ppr, ViTm-Rer + LP 1.5K  0.786  0.728 0.854
D mViTp-C-Spr, ViTr-Ppr, ViTm-Rpr + LP 1.5K  0.803  0.720 0.862
mViTp-C-Bpr, ViTr-Ppr, ViTm-Rpr + LP 1.5K 0.866 0.813 0.910

Table 1), using an embedding dimension of 384 for ViTigx and 768 for both
ViTyx and ViT,px. We use K = 1 CCRA layer and a total of Q = 4 blocks
in mViTp-C. For ViTr-P, we set n = 4 encoders, h = 6 heads, and d = 192
embedding dimension; for ViTyg-R, we use n = 2, h = 3, and d = 192, following
HIPT [23]. We train mViTp-C for 250K iterations using AdamW [2] with batch
size 256 and base learning rate 0.0007; the first 20 epochs are warm-up to the
base rate, followed by cosine decay [62]. ViTgr-P and ViTp-R are each trained
for 200K iterations. In DINO [18], the teacher is updated via EMA of the stu-
dent. For MRPT-LLaVA, stage 1 uses learning rate 0.001 and batch size 64;
only a two-layer projection head is trained to align WSI-text features. We apply
LoRA with rank 128 and a = 256 for efficient tuning. All models are trained on
four NVIDIA A100 GPUs. Patch-level Tasks: We evaluate patch-level classi-
fication and VQA across 17 datasets. Patch-level classification uses 13 indepen-
dent datasets: WSSS4LUAD [37], SICAP [79], DigestPath [28], CRC100K [54],
RenalCell [15], MHIST [92], PCam [88], Osteo [6], BACH [47], SkinCancer [55],
LC-Lung [13], LC-Colon [13], and DataBiox [12], with both zero-shot and linear-
probe settings. Zero-shot patch-level VQA is conducted on five datasets including
QuiltVQA [77], PathVQA [41], PMC-VQA [98], and PathMMU [83]. WSI-level
Tasks: We evaluate WSI-level classification, VQA, captioning, and report gen-
eration across 17 datasets. WSI-level classification uses 10 external datasets:
PANDA [16], HunCRC [70], CPTAC-NSCLC [32], Brains30 [75], BRACS [14],
TCGA-RCC [46], DHMC-RCC [100], Camelyon17 [10], and UBC-OCEAN [11],
with zero-shot, WSMIL, and FSWL evaluations. WSI-level VQA and caption-
ing are evaluated on SlideBench-Caption [26], SlideBench-VQA (TCGA) [26],
SlideBench-VQA (BCNB) [26], WSI-VQA [22], and WSI-Bench [59]. WSI-level
report generation uses HistGen [35] and WSI-Bench (Report) [59]. See suppl.
mat. for more details, ablations, and results.
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Fig. 3: Proposed mViTp-C-LLaVA, mViTr-P-LLaVA, mViTp-C, mViTr-P, MRPT,
and MRPT-LLaVA outperform SOTA models.

4.1 Evaluation Setup

For classification task, we used Balanced Accuracy (BA), weighted F7, and Accu-
racy (A) [24,64]. For captioning and report generation: BLEU-2/4, ROUGE-L,
and METEOR. For VQA: accuracy (closed-ended) and recall, where applica-
ble. For classification, we compare against CLIP [73], PLIP [44], PathCLIP [85],
HIPT [23], KEP [99], MI-Zero [66], UNT [24], CONCH [64], QuiltNet [48], CPLIP
[51], MR-PLIP [4], OmniPath [82], CTransPath [90], REMEDIS [7], CHIEF [91],
DinoPath [53], Phikon [33], PathGenCLIP [84], Virchow [89], GigaPath [93],
TITAN [29], PRISM 78], and RudolfV [30]. Zero-shot prompts follow dataset-
specific templates from CONCH [64] and QuiltNet [48]. For VQA, captioning,
and report generation, we compare with general LMMs—GPT-4V [45], GPT-40
[45], LLaVA [60], Qwen-VL-Max [8], and Gemini Pro-V [86]—and CPath-specific
MLLMs—Quilt-LLaVA [48], HistGen [35], MIGen [20], SlideChat [25], WSI-
LLaVA [58], MedDr [40], LLaVA-Med [57], and PathGen-LLaVA [84]. We use of-
ficial implementations, matched test splits, and consistent inference prompts [24].
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Table 3: Performance comparison across different datasets with same training and
testing splits.

Method Camelyonl6 | Camelyonl? TCGA-NSCLC TCGA-RCC TCGA-BRCA
Train Test F; |Train Test Fi |WSIs Train Test Fy; |WSIs Train Test Fy; |WSIs Train Test Fi
Baseline HIPT 270 130 0.933| 500 500 0.782{1041 80% 20% 0.851|1203 80% 20% 0.861|1048 80% 20% 0.866
ABMIL 270 130 0.886| 500 500 0.766|1041 80% 20% 0.809|1203 80% 20% 0.831|1048 80% 20% 0.831
DSMIL 270 130 0.906| 500 500 0.773]1041 80% 20% 0.867|1203 80% 20% 0.903 |1048 80% 20% 0.871
TransMIL 270 130 0.924| 500 500 0.796|1041 80% 20% 0.812|1203 80% 20% 0.911|1048 80% 20% 0.881
CLAM-MB 270 130 0.922| 500 500 0.805|1041 80% 20% 0.844 1203 80% 20% 0.867 |1048 80% 20% 0.873
Focus 270 130 0.902| 500 500 0.802|1041 80% 20% 0.882|1203 80% 20% 0.882|1048 80% 20% 0.852
UNI x 130 0.934| x 500 0.857[1041 x 20% 0.908|1203 x 20% 0.920|1048 x 20% 0.911
GigaPath x 130 0.911] x 500 0.802]1041 x 20% 0.814|1203 x 20% 0.905|1048 x 20% 0.871
Vila-MIL 270 130 0.891| 500 500 0.812{1041 80% 20% 0.852|1203 80% 20% 0.863|1048 80% 20% 0.876
SI-MIL 270 130 0.921| 500 500 0.821|1041 80% 20% 0.820|1203 80% 20% 0.847|1048 80% 20% 0.837
MRPT (mViTp-C)| 270 130 0.955| 500 500 0.855|1041 80% 20% 0.908|1203 80% 20% 0.923|1048 80% 20% 0.966
MRPT (mViTgr-P)| 270 130 0.971| 500 500 0.834|1041 80% 20% 0.918 1203 80% 20% 0.936|1048 80% 20% 0.951
MRPT 270 130 0.962| 500 500 0.883|1041 80% 20% 0.946|1203 80% 20% 0.956|1048 80% 20% 0.964

Table 4: Component-wise ablation of MRPT model.

Variant A Vs. Previous Row Training Data PANDA BRAINS UBC-OCEAN
(a) HIPT (20x only, 2-Stage Hier. SSL) Baseline 36K WSIs 0.704 0.638 0.781
(b) + Multi-Resolution Inputs (Concat) + Multi-resolution data, MRPT, no CCRA 36K WSIs  0.762  0.701 0.834
(c) + CCRA (Consecutive Only) + CCRA Module 36K WSIs  0.823  0.776 0.882
(d) + ACT+|CLS] Concat + Token Fusion 36K WSIs  0.848  0.795 0.902
(e) + 3-Stage Hier. SSL (full) + Hierarchical SSL 36K WSIs  0.866 0.813 0.910

4.2 Ablation Studies

1. Hierarchical Variants of MRPT (Table 2). We analyze variants us-
ing mViTp-C alone and in combination with ViTgr-P and ViTp-R. (A) Freeze
mViTp-C and apply ABMIL [49] for WSI classification (no hierarchy). (B)
Freeze mViTp-C and ViTr-P; use ABMIL for WSI classification. (C) Freeze
mViTp-C and ViTr-P; fine-tune only ViTp-R. (D) Train a linear classifier on
pre-extracted MRPT WSI-level features. Results: All MRPT variants outper-
form HIPT [23], validating multi-resolution hierarchical representations. mViTp-C-B
yields the strongest results among tiny/small /backbone options; thus we report
MRPT with mViTp-C-B thereafter. Experiment D averages 86.30%, exceeding
B (84.0%) and C (81.30%), indicating richer WSI-level features from MRPT
than from patch/region-only ViTs.

2. Multi-Resolution Cross-Attention (Table 5). We compare six fusion
strategies: [CLS] Concat (concatenate all [CLS] tokens), ACT (average [CLS] to-
kens), All-Token Attention (self-attention over concatenated tokens across reso-
lutions; strong but quadratic), Pairwise Sum (spatially aligned token-wise fusion
with separate [CLS| fusion), CCRA (Consecutive Cross-Resolution Attention),
and our combined ACT+CCRA+[CLS] Concat. ACT+CCRA+[CLS] Concat
achieves the best accuracy, highlighting the complementary roles of averaging
(Eq. (2)) and [CLS] concatenation within CCRA. See more ablations in sup-
plementary material.

3. Disentangling Data Scale and MRPT Contributions (Table 3). To
isolate data scale effects, we conduct a matched-data experiment shown in Ta-
ble 3 where all WSI classification methods are trained and tested under iden-
tical splits. MRPT consistently outperforms baselines by a significant margin,
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Table 5: Ablation of MRPT (Model D in Table 2) across cross-resolution token fusion
methods.The combined ACT + CCRA + [CLS] Concat achieves the best accuracy.
Token Fusion Method PANDA BRAINS UBC-OCEAN

|CLS] Concat 0.823 0.745 0.846
Average [CLS| Token (ACT) 0.848  0.789 0.882
All-Token Attention 0.850 0.795 0.902
Pairwise Sum 0.843 0.765 0.861
Consecutive Cross-Resolution Attention (CCRA) 0.862  0.810 0.907
ACT+CCRA+[CLS] Concat 0.866 0.813 0.910

Table 6: Report generation performance comparison across SOTA methods on the
WSI-Bench and HistGen datasets.

Models BLEU-2 BLEU-4  ROUGE-L  METEOR

WSICaption | 0.111 | 0.137 0.136 | 0.540 0.402 | 0.251 0.366 | 0.322
HistGen 0.307 | 0.297 0.208 | 0.184 0.448 | 0.344 0.416 | 0.182
GPT-40 0.069 | 0.420 0.016 | 0.100 0.132 ] 0.128 0.167 | 0.144
MIGen 0.306 [0.466 0.209 | 0.234 0.446 | 0.322 0.407 | 0.412
Quilt-LLaVA | 0.351 | 0.331 0.236 | 0.488 0.475 | 0.491 0.460| 0.443
SlideChat 0.310 | 0.533 0.191 | 0.655 0.463 | 0.492 0.422 | 0.613
WSI-LLaVA | 0.358 | 0.527 0.240 | 0.644 0.490 | 0.544 0.465 | 0.655
MRPT-LLaVA|0.401 | 0.634 0.287 | 0.699 0.522 | 0.581 0.511 | 0.701

showing gains stem from hierarchical multi-resolution SSL and cross-resolution
alignment, not pre-training scale.

4. Component-wise Contribution Analysis (4). MRPT component-wise
ablation is presented in Table 4, showing consistent gains from multi-resolution
inputs, CCRA, token fusion, and 3-stage SSL, confirming improvements arise
from structural design, not a coupled pipeline.

4.3 Main Results and Comparisons

1. Patch-level Zero-Shot Classification (Fig. 3a). We evaluate mViTp-C-
LLaVA and mViTgr-P-LLaVA against 11 SOTA VLMs on 13 datasets. Across
most datasets, our models achieve notably higher accuracy. On average, mViTp-C-
LLaVA attains 83.66% and mViTgr-P-LLaVA 82.11%; the third-best, PathGen-
CLIP, reaches 73.60%. Thus, our patch-level model improves by ~10.0% over the
existing SOTA. 2. Patch-level Linear Probe Evaluations (Fig. 3b). With
linear classifiers atop features from mViTp-C and mViTRr-P, we compare against
10 SOTA VFMs. Averages: 92.75% for mViTp-C and 92.22% for mViTgr-P; the
next best, GigaPath, achieves 86.12%. This yields a 6.63% average gain for our
patch encoder. 3. Patch-level Zero-shot VQA (Fig. 3c). We compare our
mViTp-C-LLaVA and mViTgr-P-LLaVA with nine MLLMs. On five closed-ended
datasets: 73.12% (patch) and 71.52% (region) vs. 49.48% (PathGen-LLaVA)
and 48.60% (Quilt-LLaVA). On two open-ended datasets: 56.05% (patch) and
51.95% (region) vs. 35.80% (PathGen-LLaVA). Overall improvements average
23.64% (closed) and 20.25% (open), emphasizing our multi-resolution design.
4. Zero-Shot WSI Classification (Fig. 3d). We compare MRPT-LLaVA
with 12 CPath SOTA VLMs on 10 datasets. Average balanced accuracy: 0.806
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for MRPT-LLaVA vs. 0.751 for the next-best TITAN, showcasing the benefits
of multi-resolution WSI representations, whereas PRISM/TITAN rely on single-
resolution pre-training. 5. WSI Classification Using WSMIL (Fig. 3e). Fol-
lowing [24], we apply ABMIL [49] atop features from mViTp-C and mViTgr-P.
Compared to 10 SOTA patch-level methods, our encoders achieve mean balanced
accuracies of 0.863 and 0.851 across 10 datasets; MR-PLIP and UNI reach
0.812 and 0.798, respectively. 6. WSI Linear Probe (Fig. 3e). Using MRPT’s
WSI-level features with a linear classifier, we compare against PRISM, TITAN,
GigaPath, and CHIEF. MRPT averages 0.898 balanced accuracy vs. 0.845 for
TITAN, underscoring the advantage of multi-resolution cues. 7. WSI VQA
(Fig. 3f). Across four VQA datasets, we compare with seven CPath MLLMs.
MRPT-LLaVA averages 80.77% accuracy vs. 72.57% for WSI-LLa VA, indicating
substantial gains from aligning MRPT with the LLM. 8. WSI Report Gener-
ation (Table 6). For report generation (WSI-Bench, HistGen), MRPT-LLaVA
outperforms seven recent methods, including SlideChat and WSI-LLaVA (Ta-
bles 6), evidencing strong generalization of multi-resolution features with LLMs.

5 Conclusion

We introduced a multi-resolution hierarchical WSI foundation model (MRPT)
that integrates information across resolutions to enhance diverse CPath tasks,
including WSI classification, VQA, captioning, and report generation. At its
core, MRPT employs a Consecutive Cross-Resolution Attention (CCRA) mech-
anism to fuse information across adjacent resolutions. A multi-resolution ViT
captures cell-level features at varying granularities using CCRA, aggregates them
at the patch level, and progressively encodes region and WSI-level representa-
tions. Each hierarchy is pre-trained using multi-resolution SSL. MRPT jointly
models global tissue architecture and fine-grained cellular morphology, yielding
substantial improvements over SOTA. Its biologically inspired, multi-resolution
design reflects the diagnostic process of pathologists—integrating contextual and
microscopic cues. Building on MRPT, we further proposed MRPT-LLaVA, a
MLLM for patch and WSI-level reasoning. Extensive evaluations confirm that
our models surpass single-resolution and existing MLLM baselines, achieving su-
perior generalization. Future extensions incorporating multi-modal data, such as
genomics and radiology, promise to advance holistic patient-level understanding.
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