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Abstract

Accurate interpretation of histopathological images demands integration of informa-
tion across spatial and semantic scales, from nuclear morphology and cellular textures
to global tissue organization and disease-specific patterns. Although recent foundation
models in pathology have shown strong capabilities in capturing global tissue context,
their omission of cell-level feature modeling remains a key limitation for fine-grained
tasks such as cancer subtype classification. To address this, we propose a dual-stream
architecture that models the interplay between macroscale tissue features and aggregated
cellular representations. To efficiently aggregate information from large cell sets, we pro-
pose a receptance-weighted key-value aggregation model, a recurrent transformer that
captures inter-cell dependencies with linear complexity. Furthermore, we introduce a
bidirectional tissue-cell interaction module to enable mutual attention between localized
cellular cues and their surrounding tissue environment. Experiments on four histopatho-
logical subtype classification benchmarks show that the proposed method outperforms
existing models, demonstrating the critical role of cell-level aggregation and tissue-cell
interaction in fine-grained computational pathology.

1 Introduction
Histopathological examination of biopsy specimens remains a cornerstone of cancer diag-
nosis, providing detailed insights into tissue architecture and cellular abnormalities [36].
Early tumor detection and accurate subtyping are pivotal for optimizing treatment decisions
and improving patient survival [1]. However, traditional workflows that rely on expert mi-
croscopic review of stained tissue sections are time-consuming and prone to inter-observer
variability and diagnostic error. The growing adoption of digital pathology, along with ad-
vances in computer vision, has enabled the development of computational frameworks for
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automated histological analysis [6, 8, 23, 28, 29]. Deep learning based models have shown
strong potentials in accelerating the diagnostic workflows and offering more consistent and
scalable assessments across diverse clinical contexts.

However, unlocking the full diagnostic potential of digital pathology presents several
key challenges. First, pathological diagnosis by experts often hinges on fine-grained nuclear
morphology, including variations in size, shape, and chromatin distribution. While accurate
nuclear segmentation and individual cell feature encoding can significantly boost diagnostic
performance [15, 19], most existing multiple instance learning (MIL) or Transformer-based
methods process entire image patches as the minimal unit, inevitably diluting crucial cellular
signals through global averaging or max pooling operations [34]. In contrast, cell graph net-
works explicitly model inter-nuclear relationships but introduce substantial computational
overhead. In dense regions, they may generate thousands of nodes, raising scalability issues
[7, 31]. This leads to a second major challenge: how to efficiently aggregate features from
potentially hundreds or even thousands of cells within a patch region while preserving their
individual characteristics. Traditional self-attention scales quadratically with the number of
tokens (O(n2)) and hence are prohibitively expensive for cell-rich fields of view. Although
approximate variants like Set Transformer [26] and LINformer [26] offer dimensionality re-
duction, they still encounter memory bottlenecks on long sequences due to global attention
requirements. Finally, precise diagnosis of complex cases such as ductal carcinoma in situ
(DCIS) versus invasive carcinoma (IC) depends on identifying subtle cell–tissue interface
events, like basement membrane breach. Similarly, assessing tumor-infiltrating lymphocytes
for prognosis or immunotherapy requires modeling both cellular identity and spatial distri-
bution within the microenvironment. These tasks demand models that can embed nuclear
features in tissue context and support bidirectional communication between cell-level and
tissue-level representations to enhance diagnostic accuracy and interpretability.

To address these challenges, we propose a novel Interactive Tissue–Cell Network with
RWKV aggregation (ITC-RWKV), a dual-stream framework that synergistically integrates
cellular and tissue-level information for fine-grain histopathology classification. The method
features a dedicated cell pathway that performs instance segmentation of nuclei, extracts in-
dividual nuclear embeddings, and aggregates them using a linear-complexity mechanism
based on the Receptance Weighted Key-Value architecture, which we term Aggr-RWKV.
This design overcomes the limitations of traditional pooling and quadratic attention, en-
abling efficient modeling of large cell populations. In parallel, a tissue pathway leverages
a powerful foundation model pre-trained on diverse pathology data to encode global tissue
architectural patterns. Critically, we introduce a novel tissue–cell interaction module that
supports bidirectional information flow between local and global representations. It employs
contextual ROI pooling to align tissue features with individual cell locations and utilizes
dual cross-attention to mutually refine cellular and tissue representations, capturing crucial
interplay between cells and their microenvironment.

The main contributions are threefold: (i) a dual-stream architecture is proposed to jointly
encode cellular and tissue-level cues, faithfully mirroring the workflow of pathologists; (ii)
we introduce Aggr-RWKV, a linear-complexity nuclear aggregation mechanism that scales
to hundreds of cells while retaining rich morphology; and (iii) a bidirectional tissue–cell
interaction module is designed to capture micro-environmental context, boosting accuracy
on challenging subtypes and yielding interpretable feature attributions.

Citation
Citation
{Campanella, Hanna, Geneslaw, Miraflor, Werneck Krauss~Silva, Busam, Brogi, Reuter, Klimstra, and Fuchs} 2019

Citation
Citation
{Chen, Ding, Lu, Williamson, Jaume, Song, Chen, Zhang, Shao, Shaban, Williams, Oldenburg, Weishaupt, Wang, Vaidya, Le, Gerber, Sahai, Williams, and Mahmood} 2024

Citation
Citation
{Kather, Pearson, Halama, JÃ¤ger, Krause, Loosen, Marx, Boor, Tacke, Neumann, Grabsch, Yoshikawa, Brenner, Chang-Claude, Hoffmeister, Trautwein, and Luedde} 2019

Citation
Citation
{Lu, Williamson, Chen, Chen, Barbieri, and Mahmood} 2021

Citation
Citation
{Lu, Chen, Williamson, Chen, Liang, Ding, Jaume, Odintsov, Le, Gerber, Parwani, Zhang, and Mahmood} 2024

Citation
Citation
{Graham, Vu, Raza, Azam, Tsang, Kwak, and Rajpoot} 2019

Citation
Citation
{H{ö}rst, Rempe, Heine, Seibold, Keyl, Baldini, Ugurel, Siveke, Gr{ü}nwald, Egger, et~al.} 2024

Citation
Citation
{Shao, Bian, Chen, Wang, Zhang, Ji, et~al.} 2021

Citation
Citation
{Chen, Lu, Shaban, Chen, Chen, Williamson, and Mahmood} 2021

Citation
Citation
{Pati, Jaume, Fernandes, Foncubierta-Rodr{í}guez, Feroce, Anniciello, Scognamiglio, Brancati, Riccio, Di~Bonito, et~al.} 2020

Citation
Citation
{Lee, Lee, Kim, Kosiorek, Choi, and Teh} 2019

Citation
Citation
{Lee, Lee, Kim, Kosiorek, Choi, and Teh} 2019



HUANG ET AL.: ITC-RWKV FOR TISSUE–CELL MODELING AND SUBTYPING 3

2 Related Work

Pathological Image Classification: Deep learning methods have become widely adopted in
pathological image classification, frequently utilizing a MIL framework to handle large im-
ages by processing and aggregating features from numerous components. Early approaches
relied on simple aggregation techniques, such as max or mean pooling. Later, attention
mechanisms, like those in AB-MIL [21, 34, 40], were introduced to better signify compo-
nents based on relevance. Graph-based methods, such as Patch-GCN and graph transformer
networks [4, 32, 44], further advanced this approach by capturing structural relationships
between image components. To effectively utilize vast unlabeled pathological data and
reduce annotation burden, self-supervised learning (SSL) trains models via pretext tasks,
yielding powerful, generalizable representations that serve as a strong foundation for down-
stream MIL or graph-based analysis [10, 25, 27]. This capability for large-scale, efficient
pre-training using unlabeled data is precisely what enables the development of the latest
generation of foundation models in pathology (e.g. CTransPath [39]). Models such as
GPFM [30], Virchow [38], and UNI [8] benefit from being pre-trained on massive datasets,
thereby offering enhanced representation capabilities for downstream tasks. Despite these
advancements, challenges remain in preserving fine cellular details, efficiently aggregating
numerous features, and integrating cellular structural insights with broader tissue context for
more accurate and interpretable diagnoses.
Receptance Weighted Key Value (RWKV): RWKV [33] was initially developed for natural
language processing (NLP) tasks. It offers an efficient architecture that blends the efficient
parallel training capabilities akin to Transformers [37] with the linear-time inference char-
acteristic of RNNs. It addresses the quadratic complexity of standard self-attention through
a WKV mechanism for processing long-range dependencies and employs a token shift for
capturing local context. Initially successful in NLP, this architecture was subsequently ex-
tended to computer vision with Vision-RWKV [12], demonstrating efficiency advantages in
handling high-resolution data. Subsequent work has further explored RWKV variants for di-
verse visual tasks, including Diffusion-RWKV [13] for image generation, RWKV-SAM [41]
for segmentation, Point-RWKV [18] for 3D point clouds, and RWKV-CLIP [16] for vision-
language representation learning. Given RWKV’s strengths in processing long sequences
and maintaining efficiency, we explore its adaptation to medical imagery, specifically for
modeling fine-grained cellular structures in histopathology. Its sequential nature and linear
scalability make it well-suited for aggregating large numbers of instances while preserving
spatial and morphological context.

3 Methodology

3.1 Overall Pipeline

Digital pathology diagnosis requires analysis across two complementary scales: individual
cellular morphology and global tissue architecture. Our framework addresses this challenge
through a dual-stream design that mimics the diagnostic process of pathologists. As illus-
trated in Figure 1, it consists of three key components: (i) a cell pathway (Figure 1a) that
processes individual nuclei and aggregates their features using the proposed Aggr-RWKV
module (Figure 1d), (ii) a tissue pathway (Figure 1b) leveraging the pathological foundation
model for contextual understanding, and (iii) a tissue-cell interaction module (Figure 1c)
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Figure 1: Overview of the proposed ITC-RWKV model.

enabling cross-scale information exchange.
To start with, we employ the UNI [8] foundation model to extract tissue-level features

that capture architectural context. In parallel, the cell pathway processes fine-grained nu-
clear morphology features and aggregates them via the proposed Aggr-RWKV, a scalable
recurrent transformer. These two morphology are then unified through our novel interaction
mechanism that models tissue-cell interactions, creating a comprehensive representation that
leverages both cellular and tissue scales. Formally, given a tissue-level pathology image I,
our goal is to predict labels by combining these complementary views:

p(y|I) = softmax( fcls(φ(c, t[CLS]))) (1)

where c represents aggregated cellular features, t[CLS] encodes tissue-level information, and
φ(·, ·) is our tissue-cell interaction function that fuses information from both branches. The
following sections provide detailed descriptions of the cell aggregation module (Aggr-RWKV)
and the tissue–cell interaction mechanism.

3.2 Cell Pathway with Aggr-RWKV
The cell pathway (Figure 1a) extracts and aggregates nuclear features to capture morpholog-
ical characteristics critical for diagnosis. We first utilize HoverNet[15] for nuclear instance
segmentation, which processes the input image through three specialized branches: (i) a
Nuclear Pixel branch that separates nuclear pixels from background, (ii) a HoVer branch
that computes horizontal and vertical distances to nucleus centers, facilitating separation
of touching nuclei, and (iii) a Nuclear Classification branch that determines nucleus types.
These three branches work together to produce high-quality cell masks {Rk}. For each seg-
mented nucleus, we extract embeddings using a lightweight CNN: hk = fcell(I[Rk]). This
results in a set of unordered cell descriptors H = {hk} that encode nuclear properties like
size, shape, and chromatin distribution.

A key challenge in this process is efficiently aggregating these features from potentially
hundreds of nuclei while preserving their morphological characteristics. Existing approaches
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either lose critical cell-specific information through simple pooling or suffer from quadratic
computational complexity with self-attention. To address this, we introduce Aggr-RWKV
(Figure 1d), which adapts the receptance weighted key-value architecture to create an effi-
cient aggregation mechanism.

Given the cell embedding matrix H = [h1, ...,hn]
⊤, Aggr-RWKV consists of two core

components: spatial mixing via bidirectional WKV attention and channel mixing through
gated modulation.
Spatial Mixing: Inspired by [12], this module computes bidirectional attention using the
Bi-WKV mechanism. The input features H are first processed by Q-Shift (a quad-directional
token shift that interpolates each token with its spatial neighbors to enlarge the receptive
field) to obtain shifted features Hshifted. As shown in Figure 1c, three independent linear
projections are then applied to generate the receptance vector Rs = HshiftedWr, key vector
Ks = HshiftedWk, and value vector Vs = HshiftedWv. With linear complexity, the Bi-WKV
mechanism recurrently aggregates Ks and Vs in both forward and backward directions, func-
tioning like a recurrent model to capture bidirectional context and produce the output wkv:

wkv = Bi-WKV(Ks,Vs) (2)

Finally, the module’s output Os is obtained by gating (element-wise multiplication) the wkv
output with the sigmoid-activated receptance vector Rs. This result is then passed through
layer normalization and a residual connection to produce the block’s final output, Hs.

Os = σ(Rs)⊙wkv, Hs = H+LayerNorm(Os) (3)

Channel Mixing: This module models intra-feature interactions from the previous output
Hs. The input is first processed by Q-Shift to obtain Hs_shifted, which is linearly projected
into a receptance vector Rc = Hs_shiftedWr and Key vector Kc = Hs_shiftedWk. The output
Oc is then computed by applying a SquaredReLU activation to Kc and gating it with σ(Rc)
through element-wise multiplication:

Oc = σ(Rc)⊙SquaredReLU(Kc) (4)

This combination allows the model to capture complex relationships among the internal
features of each cell representation.

The final output of the entire Aggr-RWKV block is obtained from the output of the
channel mixing stage after layer normalization and a residual connection:

Hcell = Hspatial +LayerNorm(Oc) (5)

This updated feature matrix contains enhanced cell representations that incorporate inter-cell
relationship information and feature-level interactions. By stacking multiple Aggr-RWKV
blocks, cell representations are progressively refined and ultimately aggregated into a global
cell feature vector for downstream tasks.

3.3 Tissue-Cell Interaction Modeling
Many diagnostic cues in pathology emerge from the spatial relationships between cells and
their surrounding tissue microenvironment. To model these interactions, we design a bidi-
rectional fusion module (Figure 1c) that enables reciprocal refinement between cellular and
tissue-level representations.
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We begin by aligning spatially corresponding features from the two branches. For each
nucleus with mask Rk, we extract its contextual tissue representation rk by applying ROI
pooling over the token features from the tissue branch (Figure 1b). This pooling aggregates
token embeddings from the UNI model that overlap with the cell’s position and its local
microenvironment. As a result, we obtain paired sequences: {hk} from the cell pathway,
and corresponding tissue contexts {r j}. To enable information exchange between the two
modalities, we perform dual cross-attention:

h̃k = Attn
(
hk,{r j},{r j}

)
, r̃k = Attn

(
rk,{h j},{h j}

)
(6)

where Attn(q,k,v) represents the standard attention mechanism. This mechanism allows
cell representations to be enhanced by tissue context, while simultaneously enriching tissue
features with cellular details. After cross-attention, we aggregate the context-enriched cell
features {h̃k} into a global cellular representation c. Similarly, the cell-aware tissue features
{r̃k} are combined with the [CLS] token embedding t[CLS] to form a comprehensive tissue
representation. The attended outputs are then combined through our tissue-cell interaction
function φ , which implements a gated fusion mechanism:

z = σ
(
Wg[c; t[CLS]]

)
⊙ c+

(
1−σ(Wg[c; t[CLS]])

)
⊙ t[CLS] (7)

where Wg is a learnable weight matrix, [·; ·] denotes concatenation, and σ is the sigmoid
activation function. This learned gating mechanism adaptively balances cellular and tissue
information based on diagnostic relevance. The final fused representation z serves as input
to our classification head fcls, which consists of a multi-layer perceptron with one hidden
layer and dropout for regularization.

By explicitly modeling cell-tissue interactions and integrating information across scales,
our approach captures complex spatial relationships considered in human diagnosis, enabling
more nuanced feature representations that reflect the hierarchical organization of patholog-
ical tissues. This architecture’s adaptive fusion achieves a balance between fine-grained
cellular details and broader tissue patterns necessary for accurate pathological diagnosis.

4 Experiments

4.1 Datasets
We evaluated our method on four public histopathology benchmarks covering two cancer
types and multiple domain shifts.

For breast cancer, BRACS [5] contains 4,391 H&E-stained regions of interest (RoIs)
from 325 whole slide images (0.25 µm/pixel), annotated into seven diagnostic categories:
Normal, Benign, Usual Ductal Hyperplasia (UDH), Atypical Ductal Hyperplasia (ADH),
Flat Epithelial Atypia (FEA), Ductal Carcinoma In Situ (DCIS), and Invasive Carcinoma.
We follow the official train/validation/test splits. BACH [2] includes 500 high-resolution
images (1536×2048 pixels, 0.42 µm/pixel) labeled into four categories: Normal, Benign, In
Situ Carcinoma, and Invasive Carcinoma, providing a complementary evaluation scenario
with fewer but balanced classes.

For prostate cancer, UHU [3] comprises 22,022 image patches (750×750 pixels, 40×
magnification) across benign (2,076 train / 127 test) and three Gleason grades—grade 3
(6,303 / 1,602), grade 4 (4,541 / 2,121), and grade 5 (2,383 / 387)—with the test set repre-
senting in-domain evaluation. UBC [22], from the Gleason2019 challenge, contains 7,260

Citation
Citation
{Brancati, Anniciello, Pati, Riccio, Scognamiglio, Jaume, De~Pietro, Di~Bonito, Foncubierta, Botti, et~al.} 2022

Citation
Citation
{Aresta, Ara{ú}jo, Kwok, Chennamsetty, Safwan, Alex, Marami, Prastawa, Chan, Donovan, et~al.} 2019

Citation
Citation
{Arvaniti, Fricker, Moret, Rupp, Hermanns, Fankhauser, Wey, Wild, Rueschoff, and Claassen} 2018

Citation
Citation
{Karimi, Nir, Fazli, Black, Goldenberg, and Salcudean} 2019



HUANG ET AL.: ITC-RWKV FOR TISSUE–CELL MODELING AND SUBTYPING 7

Model Normal Benign UDH ADH FEA DCIS IC Total
CGC-Net[44] 30.8 ± 5.3 31.6 ± 4.7 17.3 ± 3.4 24.5 ± 5.2 59.0 ± 3.6 49.4 ± 3.4 75.3 ± 3.2 43.6 ± 0.5
Patch-GNN[4] 52.5 ± 3.3 47.6 ± 2.2 23.7 ± 4.6 30.7 ± 1.8 60.7 ± 5.3 58.8 ± 1.1 81.6 ± 2.2 52.1 ± 0.6
CG-GNN[31] 63.6 ± 4.9 47.7 ± 3.1 34.7 ± 4.9 28.5 ± 4.3 72.1 ± 3.6 54.6 ± 3.2 82.2 ± 4.0 56.6 ± 1.3
HACT-Net[31] 61.6 ± 2.1 47.5 ± 2.9 43.6 ± 1.9 40.4 ± 2.5 74.2 ± 4.6 66.4 ± 3.6 88.4 ± 0.2 61.5 ± 0.9
CLAM[28] 59.4 ± 2.0 47.7 ± 1.2 31.7 ± 0.7 20.1 ± 3.4 68.3 ± 4.0 59.9 ± 1.7 86.8 ± 3.6 54.8 ± 1.0
TransMIL[34] 47.6 ± 9.8 42.9 ± 3.6 31.5 ± 5.3 38.4 ± 5.9 72.7 ± 3.6 62.7 ± 2.9 87.1 ± 3.9 57.5 ± 0.7
ScoreNet[35] 64.3 ± 1.5 54.0 ± 2.2 45.3 ± 3.4 46.7 ± 1.0 78.1 ± 2.8 62.9 ± 2.0 91.0 ± 1.4 64.4 ± 0.9
Ours 76.3 ± 3.7 51.6 ± 1.5 47.5 ± 2.8 45.0 ± 2.6 80.3 ± 3.5 67.1 ± 2.3 94.6 ± 1.2 66.5 ± 0.8

Table 1: Comparison with the prior art for breast cancer subtyping on the BRACS dataset,
including the F1 score for each category and the weighted F1 score for seven-category clas-
sification. The results are presented in percentages(%). The best results are highlighted in
bold, and the second-best results are underlined.

patches (690×690 pixels, 40× magnification) with the same four categories. Differences in
scanners, staining, and patient cohorts introduce substantial domain shifts, making UBC a
challenging cross-domain test set.

This combination of datasets spans variations in cancer type, diagnostic granularity, res-
olution, and acquisition protocols, enabling rigorous evaluation of both in-domain accuracy
and cross-domain generalization.

4.2 Implementation Details
Our framework was implemented in PyTorch and trained on NVIDIA A100 GPUs (40GB).
The tissue pathway used the UNI vision transformer initialized with weights pretrained on
a diverse collection of pathology images. For the cell pathway, we used HoverNet for cell
instance segmentation, which was pretrained on PanNuke dataset [14] and kept frozen during
training. Each detected nucleus was processed through a lightweight CNN encoder to extract
256-dimensional cell features. We employed the Adam [24] optimizer with a learning rate
of 1e-4 for the cell encoder, with cosine learning rate decay. All models were trained with a
batch size of 16 for 100 epochs, applying early stopping based on validation performance.

4.3 Performance Comparisons
Main results: We evaluated our model against state-of-the-art approaches on both BRACS
and BACH datasets. Table 1 reports F1 scores on BRACS across diagnostic category and the
weighted average. The proposed approach achieved the highest overall F1 score of 66.5%,
significantly outperforming the previous best methods. The improvements are particularly
notable for the challenging categories: normal tissues (76.3%, + 12% on ScoreNet) and inva-
sive cancer (94.6%). Our model showed strong performance in clinically critical categories
such as FEA (80.3%) and DCIS (67.1%), which are often difficult to differentiate due to sub-
tle architectural differences. Compared to cell-graph-based methods (CGC-Net, Patch-GNN,
CG-GNN, and HACT-Net), our approach showed consistent improvements, particularly for
UDH and ADH categories that depend on subtle cytological features. Against MIL-based ap-
proaches (CLAM and TransMIL), it better captures spatial relationships between cells and
tissue microenvironments. Outperforming the ScoreNet suggests that explicitly modeling
tissue-cell interactions provides more discriminative features.
Efficiency analysis: Table 2 compares different cell aggregation methods in terms of com-
putational efficiency and diagnostic accuracy. Quadratic complexity methods (Self-Attention
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Aggregator Complexity GPU Mem Latency Throughput GFLOPs Speed-up Weighted F1
(GB) (ms) (patch/s) (G) (↑) (%)

Self-Attention[37] O(n2) 5.2 42.8 23 10.52 1.0× 64.2
Set Transformer[26] O(n2) 4.8 38.4 26 9.47 1.1× 65.7
DeepSets[42] (mean) O(n) 2.1 15.6 64 3.82 2.8× 62.3
Aggr-RWKV (ours) O(n) 2.4 16.8 71 4.09 3.1× 66.5

Table 2: Comparison of cell aggregation methods, including computational efficiency on
BRACS validation set (n=512 nuclei per patch) and Total Weighted F1 score achieved by
complete dual-stream model on BRACS test set when using each aggregator (ablation study).
Computational metrics are averaged over 1,000 forward passes on a single NVIDIA A100.

（a）w/o cell branch （b）w/o tissue-cell interaction （c）Our method

Figure 2: UMAP visualization of feature embeddings from the ablation study: (a) without
cell branch, (b) without tissue–cell interaction (simple concatenation), and (c) full model.

and Set Transformer) achieve good accuracy but with high computational costs. DeepSets
offers linear complexity and better efficiency but lower accuracy (62.3% F1). Our Aggr-
RWKV achieves both linear complexity and the highest accuracy (66.5% F1) while main-
taining excellent computational efficiency (3.1× speed-up over Self-Attention), making it
ideal for high-throughput clinical applications.
Generalization capabilities: To evaluate generalization capability, we assessed cross-dataset
performance by transferring models trained on BRACS to the BACH dataset. Our method
achieved 70.2±4.7% F1 score on BACH without fine-tuning, significantly outperforming
other methods including HMAE [9] (67.3±3.2%), CLAM [28] (57.5±3.6%), Trans-MIL [34]
(46.5±10.2%), and HACT-Net [31] (40.2±2.8%). This strong cross-dataset performance in-
dicates that the proposed method captures fundamental histopathological patterns that trans-
fer well across datasets, despite variations in image acquisition and annotation protocols. To
further assess domain generalization, we train the model on the UHU training set and evalu-
ate it in-domain on UHU test set and cross-domain on UBC dataset without fine-tuning. As
shown in Table 3, ITC-RWKV achieves strong in-domain results and markedly outperforms
all baselines on the more challenging cross-domain test, demonstrating robust and trans-
ferable representations. These compelling results, across both breast and prostate cancer,
underscore the model’s ability to learn robust, transferable features, confirming its strong
generalization capability for broader clinical applications.
Ablation study: To visualize feature space organization, we project embeddings to 2D with
UMAP (Fig. 2). Without the cell branch (Fig. 2a), categories dependent on nuclear mor-
phology (ADH, DCIS) collapse into overlapping regions, as the model fails to distinguish
entities with similar architecture but different cytology. With simple concatenation instead
of interaction (Fig. 2b), separation improves but boundaries remain blurred, particularly for
non-invasive lesions where spatial context determines grade. Our complete model (Fig. 2c)
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Experiments In-domain Cross-domain
Acc (%) F1 Acc (%) F1

ResNet-50 [17] 78.3 0.656 70.9 0.651
ViT-B32 [11] 77.4 0.665 72.4 0.637
CTransPath [39] 64.5 0.643 61.1 0.614
DCAH-Net [43] 54.1 0.420 61.9 0.526
HiFuse [20] 62.7 0.457 61.2 0.501
ITC-RWKV (ours) 79.5 0.673 72.1 0.662

Table 3: Generalization performance on two prostate cancer test sets. We report Accuracy
(Acc) and F1-score (F1). Best results are highlighted in bold.

Figure 3: Ablation studies on key model components on the BRACS dataset. Left: Compar-
ison of different fusion strategies for combining tissue and cell-level features. Right: Impact
of varying the layer depth of the Aggr-RWKV module.

creates clear delineation: normal/benign samples form a tight cluster (blue), non-atypical
proliferative lesions occupy an intermediate region (yellow), and pre-malignant/malignant
classes show distinct separation (red). This progression mirrors biological continuum, con-
firming that our dual-stream architecture with interaction captures both architectural and
cytological features essential for accurate classification.

In addition to this qualitative analysis, we conducted quantitative ablation studies to rig-
orously validate our key architectural choices (in Fig. 3). We compared our gated fusion
against simpler strategies (e.g., averaging, addition) and FiLM, a method that uses one fea-
ture stream to apply a learned affine transformation to the other. Our proposed gated fusion
achieved the highest F1 score, demonstrating its superior capability for adaptive feature inte-
gration. Concurrently, we analyzed the depth of the Aggr-RWKV module and observed that
model performance peaked at 4 layers, indicating an optimal balance between representa-
tion power and generalization. Together, these qualitative and quantitative results affirm the
robustness and efficacy of our model’s core designs.

4.4 Interpretability

To provide interpretability for our model’s decisions, we generate tissue region importance
maps highlighting areas most critical for classification. The computation process involves:
(1) calculating cell influence maps based on attention weights from our model, (2) apply-
ing Gaussian smoothing (σ = 15) to create continuous importance regions, (3) normalizing
values to 0-1 range, (4) converting to a color map using the viridis color scheme, and (5)
overlaying on the original image with 0.6 alpha transparency. This process creates intuitive
visualizations of regions that most influenced the model’s diagnostic decisions.

The resulting heatmaps reveal diagnostically relevant patterns across different breast
pathologies (Fig. 4). In benign proliferative lesions (PB), strong signals are concentrated
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Figure 4: Tissue region importance heatmaps across different breast pathologies. For each
pair, the left shows original H&E images and the right shows corresponding importance
maps where yellow-green highlights indicate regions most influential for classification.

in the hyperplastic areas of the ductal epithelium and its interface with the stroma; In Usual
Ductal Hyperplasia (UDH), attention is focused on typical areas with irregular cell arrange-
ment, thickened epithelial layers, and papillary projections extending into the lumen; ADH
heatmaps accurately cover areas exhibiting cellular atypia, with the highest intensity cor-
responding to the most prominent cytological abnormalities; Flat Epithelial Atypia (FEA)
appears as a ring-shaped high intensity surrounding dilated ducts, precisely indicating the
flattened epithelial cells lining the ducts. For malignant lesions, the model’s interpretabil-
ity is particularly prominent: In Ductal Carcinoma In Situ (DCIS), heatmaps prominently
mark the most significant cellular atypia and the interface between comedo-type necrosis
and viable cells; Whereas in invasive carcinoma (IC), the heatmaps simultaneously present
four clinically relevant features: the invasive front (tumor-fat interface), differences between
the center and periphery of tumor nests, strong signals at the tumor-stroma interface, and
scattered small tumor clusters within adipose tissue, which highly align with known tumor
heterogeneity and invasion patterns, suggesting that the model captures crucial prognostic
information beyond the classification task.

5 Conclusion
The proposed dual-stream framework, together with an Aggr-RWKV module and the tissue-
cell interaction mechanism, offers an effective strategy for bridging micro- and macro-level
reasoning in histopathological image analysis. The scalability of Aggr-RWKV and the flex-
ibility of the interaction module make the framework well-suited for dense cellular environ-
ments and diverse diagnostic scenarios. These findings suggest that incorporating structured,
multilevel representations can meaningfully advance fine-grained classification performance
and pave the way for more interpretable and generalizable computational pathology systems.
Future work will focus on extending the framework to whole-slide inference and integrating
spatial priors or multimodal clinical context.
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