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Abstract. Spatial Transcriptomics (ST) enables the measurement of
gene expression while preserving spatial information, offering critical in-
sights into tissue architecture and disease pathology. Recent develop-
ments have explored the use of hematoxylin and eosin (H&E)-stained
whole-slide images (WSIs) to predict transcriptome-wide gene expression
profiles through deep neural networks. This task is commonly framed as
a regression problem, where each input corresponds to a localized image
patch extracted from the WSI. However, predicting spatial gene expres-
sion from histological images remains a challenging problem due to the
significant modality gap between visual features and molecular signals.
Recent studies have attempted to incorporate both local and global in-
formation into predictive models. Nevertheless, existing methods still
suffer from two key limitations: (1) insufficient granularity in local fea-
ture extraction, and (2) inadequate coverage of global spatial context. In
this work, we propose a novel framework, MMAP (Multi-MAgnification
and Prototype-enhanced architecture), that addresses both challenges
simultaneously. To enhance local feature granularity, MMAP leverages
multi-magnification patch representations that capture fine-grained his-
tological details. To improve global contextual understanding, it learns
a set of latent prototype embeddings that serve as compact representa-
tions of slide-level information. Extensive experimental results demon-
strate that MMAP consistently outperforms all existing state-of-the-art
methods across multiple evaluation metrics, including Mean Absolute
Error (MAE), Mean Squared Error (MSE), and Pearson Correlation Co-
efficient (PCC).
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1 Introduction

Background. Spatial Transcriptomics (ST) quantifies mRNA expression for a
defined set of genes across a tissue sample by segmenting it into discrete "spots".
Unlike bulk RNA sequencing, which measures gene expression across an entire
tissue and misses intra-sample heterogeneity and spatial relationships, or single-
cell RNA sequencing (scRNA-seq), which captures cell-level heterogeneity but
loses spatial context due to cell isolation, ST methods preserve both molecu-
lar and spatial information. Advanced ST techniques [1, 3, 12, 13, 19, 30] enable
analysis at varying resolutions, from multi-cell tissue segments [13] to single
cells [19] or subcellular regions. Despite their scientific potential, ST methods
remain costly, requiring specialized expertise, equipment, and reagents. To this
end, deep neural networks have emerged as a promising solution to inferring gene
expression profiles directly from histological images.
Deep learning-based spatial transcriptomics prediction. Early efforts in
gene expression prediction commonly framed the task as a regression problem,
wherein models were trained to estimate gene expression levels from individual
image patches. These approaches typically employed convolutional neural net-
works (CNNs) or transformer-based architectures to learn visual representations
from histopathological inputs. In this context, each tissue spot was encoded us-
ing deep features extracted from intermediate layers of pretrained models, such
as ResNet18 or ResNet101 [6, 26], which effectively capture both fine-grained
morphological cues and higher-order structural patterns. Building upon this
foundation, subsequent methods have sought to enhance predictive performance
by leveraging these image-derived feature representations for spatial transcrip-
tomics (ST) data. For example, ST-Net [8] applies a transfer learning strategy,
fine-tuning a DenseNet121 model pretrained on ImageNet to predict gene ex-
pression from histology images. THItoGene [16] introduces a more sophisticated
architecture based on dynamic convolutional layers and capsule networks to infer
RNA-Seq profiles from whole-slide images (WSIs). Extending this line of work,
HisToGene [17] employs a Vision Transformer (ViT) to model patch-level cor-
relations across WSIs, enabling gene expression prediction informed by global
spatial context. Despite their promise, these models are fundamentally limited
by their narrow focus on isolated patches, ignoring the broader spatial dependen-
cies inherent in whole-slide images. Recent studies [9, 25, 29] integrate pathology
images and spatial information, employing graph neural networks (GNNs) to
model complex spot interactions and spatial relationships within tissues.
Limitations of existing approaches and our solution. However, existing
methods still fall short of modeling long-range dependencies and often overlook
the hierarchical nature of histopathological information. In practice, gene expres-
sion in a given region is influenced not only by its immediate surroundings but
also by distant tissue context, sometimes requiring analysis at the whole-slide
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level to detect disease-specific patterns. Meanwhile, current models typically ex-
tract local features only at the patch level, missing fine-grained morphological
signals that often become apparent only under higher magnifications (e.g. 20x,
40×). To tackle these challenges, we propose a novel framework that targets both
the granularity and spatial scope of information extraction. First, to enhance
fine-grained local representation, we introduce a multi-magnification strategy
using random cropping to generate sub-patches, allowing the model to access
high-resolution details. Second, to capture broader spatial context while main-
taining scalability, we learn a set of representative prototype embeddings that
summarize global tissue-level patterns. These prototypes act as contextual an-
chors, enabling the model to integrate both local and global information for more
accurate gene expression prediction. To realize these ideas, we introduce MMAP,
a novel deep neural network that integrates Multi-MAgnification features and
builds a Prototype bank to seamlessly combine local and global information for
gene expression prediction, while maintaining computational efficiency. MMAP
operates in two key stages. Firstly, it generates spot-level features by leveraging
multi-magnification views to capture detailed local context. Next, these features
are used to create a prototype bank - a compact set of representative embeddings
that encapsulate the entire WSI. This bank serves as a condensed representation
of the WSI, providing rich global context without the need to process thousands
of image patches. By employing a cross-attention mechanism, MMAP effectively
combines multi-magnification features and models interactions between spots
within the tissue. This approach enhances prediction accuracy by utilizing both
magnification-specific details and spatial relationships, all while minimizing com-
putational overhead.

Our contributions. The key contributions are summarized as follows:

– We present a novel framework for predicting spatial gene expression levels
directly from WSIs. Our approach is designed to capture local histologi-
cal features at multiple levels of granularity while simultaneously leverag-
ing global contextual information to improve spatial relationship modeling.
Crucially, the proposed method maintains computational efficiency and scal-
ability, making it well-suited for the analysis of high-resolution WSIs.

– To achieve this, we introduce a multi-magnification feature extraction strat-
egy, which allows the model to learn visual representations across different
spatial scales. This mechanism is further supported by auxiliary training ob-
jectives that guide the extraction of both fine-grained morphological patterns
and broader tissue-level structures.

– Furthermore, we incorporate a prototype-based spatial modeling component,
in which a set of prototype embeddings is learned to represent the most
salient and recurring patterns across the entire slide. This prototype bank
serves as a compact and informative summary of the global tissue context,
enabling the model to reason about long-range spatial dependencies without
the computational burden associated with dense pairwise patch interactions.
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– We conduct comprehensive experiments to evaluate the performance of MMAP
and compare it with existing approaches. Empirical results demonstrate the
superiority of our method against state-of-the-arts.

2 Related Work

This section delves into existing studies pertinent to our research. From now on,
we refer to the term "spot" as a predefined image patch within a WSI where
gene expression is quantified, and use them interchangeably.

Deep features for WSIs. Advancements in deep learning have popularized
feature extraction from pretrained networks like ResNet101 [22, 28], offering a
strong foundation for pathology image analysis. Leveraging these features, Shao
et al. [20] propose a graph embedding algorithm driven by tumor microenviron-
ment interactions to represent image patches. Similarly, Chan et al. [4] introduce
a heterogeneous graph learning approach to capture local structures in whole-
slide image (WSI) pathology data. Recent developments in pathology foundation
models are revolutionizing both general and medical AI, enabling the creation
of versatile, general-purpose models that can be either frozen or fine-tuned to
extract deep features from pathology images. For example, Lenz et al. [11] in-
tegrate features from multiple foundation models: UNI [5], CTransPath [24],
Virchow2 [32], and H-optimus-0 [18] to generate comprehensive slide-level rep-
resentations. Likewise, Song et al. [21] utilize UNI [5] to develop morphologi-
cal slide-level representation sets. In addition, recent solutions [14, 15] employ
parameter-efficient fine-tuning techniques, such as low-rank adaptation [10], to
tailor general-purpose models for specific pathology tasks.

Spatial gene expression prediction from WSIs. We review key contri-
butions in predicting spatial gene expression from whole-slide images (WSIs).
ST-Net [8] employs a transfer learning approach, fine-tuning a DenseNet121
model [31], pretrained on ImageNet, to predict gene expression from histology
images. Building on this, HisToGene [16] uses Vision Transformer to capture
patch correlations across WSIs, enabling gene expression prediction with global
context-aware features. Hist2ST [29] and TCGN [25] advance this further by in-
corporating neighborhood information through graph convolutional networks [7],
emphasizing inter-spot relationships. In contrast, EGN [27] adopts exemplar
learning to predict gene expression by selecting the most relevant exemplars
from a spot within a WSI. However, this approach neglects local context around
patches, compromising the balance between local and global feature integration.

3 Proposed Method

3.1 Problem Definition and Our Approach

Problem Definition. The goal of spatial gene expression (SGE) prediction
is to estimate spatially resolved gene expression profiles directly from Hema-
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Fig. 1: Overview of the proposed framework, comprising two main phases: (1)
Local feature extraction, and (2) global context-aware feature enrichment.

toxylin and Eosin (H&E)-stained WSIs, enabling in-silico molecular profiling
without requiring costly spatial transcriptomics assays. Formally, given a WSI
Xi ∈ [0, 255]

h×w, the tissue section is partitioned into Ni non-overlapping im-
age patches {Pij}Ni

j=1 of fixed size p × p, each centered at the coordinates Cij

corresponding to spatial transcriptomic spot Yij ∈ Rg, where g is the number of
target genes. The task is to learn a regression model Fθ that predicts

Ŷij = Fθ(Pij , Cij), (1)

such that Ŷij approximates Yij as closely as possible.

Our Solution. We introduce a unified framework that integrates multi-magnification
local features with global prototypes to enhance gene expression prediction. This
reformulates Eq. 1 as follows:

Fθ(Pij, Cij) = Fg
θ2

(
Fℓ

θ1(Pij, Cij)
)
,

where Fℓ
θ1

extracts multi-magnification local features from patch Pij , which are
then used by Fg

θ2
to construct a prototype bank for refining local features with

global context.
Specifically, our approach operates in two phases. First, the patch-level fea-

ture extractor Fℓ
θ1

learns discriminative morphological representations from im-
age patches, encoding them into latent embeddings that capture key histological
traits predictive of gene expression. In the second phase, a global context en-
hancement module Fg

θ2
constructs a prototype bank and employs cross-attention
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to model long-range dependencies across spatially distributed patches. This en-
riches local representations with global tissue context, enabling effective reason-
ing about both localized structures and broader WSI architecture. As shown in
Fig. 1, this two-phase design balances expressive power and computational effi-
ciency, fully leveraging the richness of whole-slide histopathology images while
maintaining scalability and predictive accuracy.

3.2 Multi-magnification Local Feature Extraction

In the first phase of MMAP, we aim to learn robust patch-level representa-
tions by extracting features from histology patches at multiple magnification
levels, inspired by pathologists’ diagnostic workflow where varied zooms reveal
complementary biological cues. For each patch, we generate sub-patches at 1/2
and 1/4 the original size (approximating ×10 and ×20 magnifications) via ran-
dom cropping, process them through specialized embedding modules to capture
magnification-specific features, and apply attention layers with auxiliary loss
functions to focus on informative regions and enhance representation learning,
as illustrated in Fig. 2.

Fig. 2: Patch-level feature extraction with Multi-magnification enhancement.

Multi-Magnification Cross-Attention Mechanism. In this work, we pro-
pose a cross-magnification attention mechanism to dynamically model interac-
tions between patches at different resolution levels. For each input patch Pij of
size p×p at the resolution ×5, we generate two additional sub-patches at higher
resolutions via random cropping:

P
(1)
ij ∈ R

p
2×

p
2 , P

(2)
ij ∈ R

p
4×

p
4 , (2)

corresponding to approximate magnifications of ×10 and ×20, respectively. All
patches are resized back to p × p for uniform processing, forming a multi-
magnification input set:

Pij =
{

resize(Pij), resize(P
(1)
ij ), resize(P (2)

ij )
}
. (3)
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These multi-magnification patches are independently processed by Fℓ
θ1

to obtain
magnification-specific embeddings:

Eij =
{
e
(0)
ij , e

(1)
ij , e

(2)
ij

}
, (4)

where esij = Fℓ
θ1
(P s

ij). Here, s denotes the magnification level of the input patch.
In this work, we fine-tune UNI [5], a foundation model pretrained on a large
amount of histological images using LoRA adaption [10].

Using UNI-based encoder Fℓ
θ1

on different magnification-specific inputs {P s
ij},

∀s = {1, 2, 3}, we generate sequences of τ vectors {zsk}τk=1, respectively, where
the first tokens ([CLS] tokens) zs0 represent the entire sequences. We construct
an intermediate sequence {z00 , z11 , . . . , z1τ , z21 , . . . , z2τ} and apply self-attention to
enable the cell [CLS] token z00 to interact with features from the higher magnifi-
cation levels, computing pairwise attention scores to focus on the most relevant
information. Intuitively, this multi-magnification attention process aims to en-
rich representations by looking closer at each sub-region of the original given
patch. The output of this process is a fused representation f0

0 , which combines
z00 with magnification-specific features weighted by their attention scores, cap-
turing complex interactions across patches and resolutions in histology images.
Henceforth, for simplicity, we drop the subscript 0 of the [CLS] token and de-
note fij as the [CLS] vector of the input Pij . fij is then fed into a linear layer
to predict gene expressions.

Training Objectives. Annotation inconsistencies and the dropout phenomenon
in gene expression typically introduce bias into the training data. To address this
and ensure stability during training, we propose a contrastive magnification loss
Lmag1

to regularize fij and reduce dataset bias:

Lmag1
= 1− cos

(
fij , e

(0)
ij

)
, (5)

where cos(·) denotes the cosine similarity function. This loss encourages the orig-
inal and magnification-enhanced representations of the same instance to align,
ensuring stable training. For gene expression prediction, we employ a simple
ℓ2 loss function Lge1 to train the regression model. Together, the final loss of
MMAP in the first stage is as follows:

L = Lge1 + γ1Lmag1
, (6)

where γ1 controls the impact of regularization losses.

3.3 Global-Context Feature Enrichment via Prototype Bank

After obtaining a robust patch-level feature extractor Fℓ
θ1

from Phase 1, we
freeze its parameters and use it as a feature inference backbone for global-context
modeling. Specifically, for each WSI Xi, we process all patches {Pij} through
phase 1’s pipeline to extract two types of intermediate features: (1) the fused
embeddings fij from the multi-magnification cross-attention module, and (2) the
corresponding MLP regression outputs Ŷ

(1)
ij from Phase 1.
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Global Prototype Bank Construction. This section introduces a novel pro-
totype bank, which serves as a condensed but rich representation set of the WSI.
Technically, to capture global tissue context while avoiding full self-attention
over all patches (which is computationally prohibitive), we perform K-means
clustering on the set of fused embeddings {efused

ij } for each WSI Xi individually:

{µi
k}

Ki

k=1 = KMeans
(
{fij}Ni

j=1

)
, (7)

where µi
k denotes the k-th cluster centroid for slide Xi, and Ki is adaptively

selected based on the total number of patches in Xi to balance between over-
sparsification and under-representation. For each patch Pij , we retrieve its top-Li

most similar cluster centroids according to cosine similarity:

Ωij = TopLLi

({
µi
k

}
, fij

)
, (8)

where Ωij =
{
µi
k1
, . . . , µi

kLi

}
denotes our proposed prototype bank for patch

Pij . We refer to each embedding in Ωij as a global prototype due to its repre-
sentativeness for the WSI.

We experiment with both fixed and adaptive retrieval strategies for Li. In
the adaptive setting, Li is dynamically adjusted for each WSI based on the total
number of clusters Ki to maintain a balance between capturing sufficient global
diversity and avoiding overfitting to noisy centroids. As shown in Sec. 4, we
empirically find that adaptive retrieval improves performance in case of highly
variable tissue sizes.

Local-Global Cross-Attention Fusion. Given global prototype bank Ωij , we
now aim to fuse information from local and global views to enrich the prediction
process. Specifically, we design a global-context aware cross-attention module
that integrates local patch features with retrieved global prototypes. Similar to
the cross-attention process described in Sec. 3.2, for each patch Pij , we produce
a rich representation hij . In this attention process, fij serves as the queries and
Ωij as keys and values. Since hij is now integrated with both local and global
information, we linearly project hij to get another prediction for gene expression.
The final prediction of MMAP can be formulated as:

Ŷij =
(
MLP1(e

(2)
ij ) + MLP2(fij) + MLP3(hij)

)
/3, (9)

where MLP denotes a linear projection layer.

Training Objectives. To ensure the prototype-enhanced features do not di-
verge, we similarly adopt the magnification loss Lmag in Sec. 3.2 as follows:

Lmag2
= 1− cos (fij , hij) . (10)
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A simple ℓ2 loss function Lge2 to train the regression model, leading the final
loss of MMAP in the second stage:

L = Lge2 + γ2Lmag2
, (11)

where γ2 controls the impact of regularization losses.

4 Evaluation

4.1 Experimental Settings

Dataset. We conduct experiments on the publicly available HER2-positive
breast cancer dataset [2], which includes 36 H&E-stained WSIs from 8 patients.
For each tissue section, histology images, gene expression profiles, and spatial
barcode coordinates are provided. We extract fixed-size image patches centered
at sequencing spots and retain the top 1,000 highly variable genes (HVGs), fur-
ther filtering genes expressed in fewer than 1,000 spots across the dataset. This
preprocessing results in a total of 9,612 spots and 785 genes. The dataset is split
at the slide level: 28 WSIs are used for training, and 8 WSIs with pathologist
annotations are reserved for testing.

Baseline Methods. We compare our proposed method with four state-of-the-
art baseline methods: ST-Net [8], DeepPT [9], HisToGene [16] and TCGN [25]. In
particular, ST-Net and DeepPT both propose a CNN-based model to learn local
features from the whole slide images; HisToGene utilizes a Transformer-based
architecture to learn global relationships between patches of a whole slide image;
TCGN attempts to combine local and global features while also using Graph
Neural Networks (GNNs) to learn inter-spot relationships. These baselines cover
different approaches in the field, ensuring the completeness of our experiments.

Evaluation Metrics. We evaluate our method’s performance using three com-
plementary metrics: Pearson Correlation Coefficient (PCC), Mean Squared Error
(MSE), and Mean Absolute Error (MAE), all of which are widely adopted in
performance testing [23]. MSE and MAE measure the degree of error between
predicted and observed gene expression values by different normalization crite-
ria. Both are used to provide a normalized measure of prediction accuracy. Lower
error values indicate better prediction performance. Meanwhile, PCC measures
the linear correlation between predicted and actual gene expression values across
spatial locations. A higher PCC value indicates a stronger linear relationship,
reflecting the accuracy of spatial gene expression prediction.

Implementation Details. All experiments are implemented using the PyTorch
framework and trained on a server equipped with a single NVIDIA A100 GPU.
We use the Adam optimizer with an initial learning rate of 1× 10−5, no weight
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decay, and a batch size of 16. The learning rate is scheduled using Cosine An-
nealing over 50 epochs. Input images are resized to 112 × 112 and normalized
using the ImageNet mean and standard deviation. Data augmentation includes
random horizontal flip, rotation, and color jitter. In our proposed method, the
number of clusters K in the K-means step is adaptively selected for each WSI
based on its number of extracted patches. Specifically, K is dynamically adjusted
within the range [32, 80] to ensure a balanced trade-off between computational
efficiency and fine-grained spatial representation. For gene expression values, we
apply a log(1+x) transformation for normalization prior to training, which helps
stabilize variance and reduce the effect of extreme values.

4.2 Experimental Results

Quantitative Evaluation. Table 1 presents a comprehensive comparison be-
tween our method (MMAP) and several state-of-the-art baselines on the gene ex-
pression prediction task. MMAP consistently outperforms all competitors across
key evaluation metrics, demonstrating its superior capability in modeling spa-
tial transcriptomic patterns from histopathology. In particular, MMAP achieves
the highest PCC of 0.2619, which is 3.5 times higher than the strongest base-
line in this regard, HisToGene (0.0753). For error-based metrics, MMAP ob-
tains the lowest MSE of 1.2439, representing a 3.8% reduction compared to the
second-best method, DeepPT (1.2822). Similarly, MMAP achieves a MAE of
0.8873, yielding a 5.2% improvement over TCGN (0.9396). These results high-
light the effectiveness of our proposed multi-magnification strategy in capturing
fine-grained morphological and contextual cues that are predictive of underlying
gene expression.

Table 1: Comparison of gene expression prediction performance on the test set.
↑/↓ means higher/lower values are better. The top and runner-up results are
highlighted using bold and underline, respectively.

Method ST-Net HisToGene DeepPT TCGN MMAP
(Ours)

PCC ↑ 0.0510 0.0753 0.0470 0.0515 0.2619

MAE ↓ 0.9580 0.9664 0.9536 0.9396 0.8873

MSE ↓ 1.4845 1.4562 1.2822 1.4858 1.2439

Qualitative Evaluation. In Figure 3, we present qualitative visualizations of
predicted gene expression maps on the HER2+ dataset, where K-means cluster-
ing is applied to the outputs of each method to support spatial interpretation.
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Fig. 3: Visualization of gene expression on the HER2+ dataset using prediction
results obtained by all methods. The ground truth represents labels from the
pathologist annotations. The illustrations for each figure are obtained by per-
forming K-means clustering.

Ground-truth annotations derived from pathologist labels are used as references
to assess spatial correspondence between predicted expression patterns and an-
notated tissue regions. MMAP predictions generally follow the structure of the
annotated regions and delineate spatial domains with greater visual clarity, par-
ticularly in areas characterized by subtle morphological transitions. The clus-
ters produced by MMAP tend to align with histological boundaries and exhibit
coherent regional separation. In contrast, clusters generated by several baseline
methods often appear spatially fragmented or less congruent with the underlying
tissue architecture, resulting in overlapping or dispersed patterns across morpho-
logically distinct regions. These observations highlight the ability of MMAP to
produce structured, morphology-consistent predictions that are well-suited for
downstream spatial analyses.

4.3 Ablation Study

Effect of Neighbor Selection Strategy. We conduct an ablation study to
evaluate the impact of neighbor selection strategies during the second phase,
where each patch of a WSI attends to its top-L most similar cluster centers. We
compare fixed values of L ∈ {4, 8, 16, 32} against an adaptive strategy, which
selects the top 50% of clusters (i.e. L = 0.5K, where K is the number of clus-
ters in the WSI) based on cosine similarity of the patch under consideration. As
shown in Fig. 4, the adaptive approach consistently achieves higher PCC and
lower MSE, MAE. We observe that increasing L generally leads to improved
performance across all metrics, as a larger number of neighbors provide richer
contextual information, helping the model better capture global structure and
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Fig. 4: Impact of the number of the
selected prototypes L for a WSI.
adaptive means L = 0.5K, where K
is the number of clusters correspond-
ing to the given WSI.

Fig. 5: Impact of four global context
aggregation strategies: mean (element-
wise mean), sum (element-wise sum),
cross-attn + pos-emb (cross-attention
with relative positional embeddings), and
cross-attn (default cross-attention with-
out positional encoding).

reduce noise in gene expression estimation. However, overly large or fixed values
of L may still include irrelevant or redundant context, especially in slides with
highly variable spatial distributions. In contrast, the adaptive strategy we pro-
pose offers a principled way to balance this trade-off by dynamically adjusting
the number of neighbors based on the number of clusters per WSI. This flexi-
bility enables MMAP to better adapt to local tissue complexity, yielding more
consistent improvements in PCC, MSE, and MAE.

Ablation Study on Global Context Aggregation. We further investigate
the role of the cross-attention module in aggregating information from neighbor-
ing cluster centers. Specifically, we replace the cross-attention block in phase two
with three alternatives: (i) element-wise mean, (ii) element-wise sum over neigh-
bor embeddings, and (iii) a variant that augments cross-attention with relative
positional embeddings, computed as the coordinate offset between the center of
the patch under consideration and the centers of its top-L neighbors. As shown
in Fig. 5, the original cross-attention design consistently outperforms all alterna-
tives across three evaluation metrics. This highlights its advantage in assigning
adaptive relevance weights to neighboring regions based on learned contextual
cues, rather than relying on fixed aggregation strategies. Notably, incorporating
relative positional embeddings led to a consistent drop in performance. We at-
tribute this to the possibility that explicit spatial encoding introduces inductive
biases that overly constrain the attention mechanism. Since the cluster centers
already encapsulate local structural information derived from spatially contigu-
ous regions, enforcing additional position-based priors may hinder the model’s
flexibility in capturing semantically relevant but spatially distant patterns, ulti-
mately impairing generalization in gene expression prediction.
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5 Conclusion

In this study, we propose MMAP, a powerful two-phase deep learning model
to predict gene expression profiles from histology images by combining both lo-
cal information and global context. MMAP demonstrates strong performance
in predicting spatial gene expression from H&E-stained histology images by ef-
fectively leveraging multi-magnification features and global context refinement.
Unlike prior approaches that either overemphasize local features or rely heavily
on computationally expensive global modeling, MMAP balances both through a
prototype-based aggregation mechanism and a cross-magnification attention de-
sign. Our results show that MMAP consistently outperforms existing methods
in prediction accuracy, confirming the utility of integrating hierarchical tissue
information. These advantages allow MMAP to be more applicable in many
real-world scenarios.
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