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Figure 1. Comparison of different methods. (a)-(c) Transformers, bidirectional Mamba (BiMamba), and grouping BiMamba suffer from
quadratic complexity, overlooking local or intra-group interactions, and forgetting information, respectively. (d) We propose a memory
bank with grouping BiMamba to summarize and incorporate past group features into the current group for better bag prediction.

Abstract

Multi-instance learning (MIL) has demonstrated impressive
performance in whole slide image (WSI) analysis. However,
existing approaches struggle with undesirable results and
unbearable computational overhead due to the quadratic
complexity of Transformers. Recently, Mamba has of-
fered a feasible solution for modeling long-range depen-
dencies with linear complexity. However, vanilla Mamba
inherently suffers from contextual forgetting issues, mak-
ing it ill-suited for capturing global dependencies across
instances in large-scale WSIs. To address this, we pro-
pose a memory-driven Mamba network, dubbed M3amba,
to fully explore the global latent relations among instances.
Specifically, M3amba retains and iteratively updates histor-
ical information with a dynamic memory bank (DMB), thus
overcoming the catastrophic forgetting defects of Mamba
for long-term context representation. For better feature
representation, M3amba involves an intra-group bidirec-
tional Mamba (BiMamba) block to refine local interactions
within groups. Meanwhile, we additionally perform cross-
attention fusion to incorporate relevant historical informa-

tion across groups, facilitating richer inter-group connec-
tions. The joint learning of inter- and intra-group rep-
resentations with memory merits enables M3amba with a
more powerful capability for achieving accurate and com-
prehensive WSI representation. Extensive experiments on
four datasets demonstrate that M3amba outperforms the
state-of-the-art by 6.2% and 7.0% in accuracy on the TCGA
BRCA and TCGA Lung datasets while maintaining low
computational costs.

1. Introduction

Histopathology slides with rich biological structures are
crucial for accurate cancer diagnosis [2]. The advance-
ment of digital technology opens new avenues for tradi-
tional slide pathology by scanning slides into whole slide
images (WSIs). With the remarkable development of deep
learning, pathologists can now recruit deep models to ex-
plore texture information from WSIs, outperforming tradi-
tional hand-crafted feature-based approaches [3, 22, 28, 51].
However, due to the gigapixel resolution and complex mi-
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crostructures of WSI, collecting pixel-level annotations is a
laborious task [37, 40, 50]. To address this, multi-instance
learning (MIL) has been proposed as a promising solution.
MIL crops patches (instances) from WSI and associates
them using bag-level labels, resulting in semi-supervised
learning for bag label prediction.

Despite these advantages, MIL does not perform as
well as expected when modeling long-distance dependency
among instances, as convolutional neural networks (CNNs)
inherently emphasize local connectivity. Although some
non-local attention [30, 47] and Transformer [36] methods
could enhance the capability for global in-context commu-
nications, they often face limited performance and suffer
from quadratic computational costs due to the self-attention
mechanism, as illustrated in Figure 1 (a). Recent efforts
have attempted to reduce the long-range sequence N by
marking random ratios of input instances [17, 48]. How-
ever, dropping instances inevitably lose information and
damage the intrinsic spatial patterns of the tumor regions,
which is crucial for global bag representation. Another ap-
proach, the MMIL-Transformer [48], decreases the original
complexity from O(N2) to O(N

2

g ) by dividing N into g
groups. However, it inevitably undermines the distinctive-
ness within each group, and the inherent quadratic complex-
ity in Transformers remains unresolved.

The recent-popular Mamba [13, 32] provides a promis-
ing solution to overcome this issue by modeling long se-
quences with linear complexity. However, the vanilla
Mamba lacks explicit consideration of the characteristics
in WSI analysis, including memory decay and suboptimal
local representation. More precisely, there exist sparse
tumors and longer instances within a large-scale WSI,
where the long-range correlation among instances is in-
evitably forgotten by sequence modeling. This long-context
deficiency issue of Mamba is inherently attributed to its
RNN-like architecture. As evidenced in previous works [42,
45], this architecture exhibits limitations in preserving cru-
cial information from earlier input sequences when the con-
text length increases, due to its fixed-size memory con-
straints [38]. In addition, WSIs exhibit obvious spatial
hierarchies and intricate local patterns, which are barely
explored by the Mamba elaborated for unidirectional 1-D
continuous data, leading to undesired suboptimal local rep-
resentation (Figure 1 (b)). While some group-based Mamba
approaches promote local modeling in vision tasks [29], re-
lying only on cross-channel communication results in lim-
ited information exchange among groups (Figure 1 (c)).
These aspects have been completely overlooked by previous
Mamba-based methods, which intuitively complicate the di-
rect application of Mamba to WSI classification tasks.

To this end, this study marries group sampling and a
memory bank with Mamba, developing an intra- and inter-
group memory-driven Mamba (M3amba) fusion and rep-

resentation learning framework for efficient and effective
WSI tasks. Instead of exploring global relations across all
instances with self-attention, the M3amba architecture de-
composes the bag-level classification into two sub-tasks:
(1) memory Mamba-driven group representation learning
and (2) inter-group bag representation learning. The for-
mer employs a memory Mamba block that utilizes a bidi-
rectional Mamba and attention block (BiMamba Block) to
fully capture instance correlations within the intra-group.
In particular, considering that information forgetting and
limited intra-group interactions lead to feature sparsity, we
present a dynamic memory bank (DMB) to store and re-
fine historical group representations. To incorporate more
informative cues into the current group representation, we
employ cross-attention among the DMB to facilitate mem-
ory updates. This helps retain critical information and pro-
motes information exchange during long-sequence model-
ing. Moreover, to achieve comprehensive inter-group rep-
resentation learning, the latter sub-task first consolidates all
group representations using the BiMamba Block, and ex-
tracts group-specific local information via a convolutional
block (ConvBlock). Different from previous work that em-
ploys static concatenation or summation for bag prediction,
we harmonize the merits of global and local group represen-
tations using dynamic weights from a Mixture of Experts,
leading to more accurate bag predictions. Experimental
results demonstrate that our M3amba significantly outper-
forms state-of-the-art methods by 6.2%, 7.0%, and 3.8% in
accuracy on the TCGA BRCA, TCGA Lung, and TCGA
ESCA datasets, respectively, and by 12.8% and 6.5% in
terms of AUC on the BRACS dataset.

Our main contributions can be summarized as follows:
• We propose the M3amba framework, which marries the

power of Mamba with a memory bank to address the
challenges of modeling long-range instance dependen-
cies. M3amba mitigates quadratic complexity and infor-
mation forgetting, achieving effective WSI classification.

• We develop the BiMamba Block to capture intra-group
correlations and introduce a Dynamic Memory Bank
(DMB) to store and refine long-range features, effectively
alleviating catastrophic forgetting defects.

• To grasp overlooked inter-group correlations, M3amba
employs cross-attention fusion to integrate relevant his-
torical cues across groups within the DMB. This approach
bridges local and global dependencies, ensuring a com-
prehensive feature representation for complex WSIs.

2. Related Work

2.1. Multi-instance Learning in WSI Classification

The multi-instance learning (MIL) [19] aims to predict WSI
labels by learning local morphological and global spatial
features. Early works employ CNNs to capture local tis-
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Figure 2. The architecture of our proposed memory-driven memory Mamba network (M3amba) for WSI classification. M3amba randomly
samples group instance features at time t. And then, the memory Mamba block introduces a bidirectional Mamba (BiMamba) and a linear
attention block (BiMamba Block) to explore relations among instances. To alleviate key information forgetting and enhance discriminative
features within the group, we employ cross-attention to refine and fuse historical information from a dynamic memory bank (DMB) into
the current group representation f t

cgr , and then predict the group class probability using a multi-layer perceptron (MLP). Meanwhile, f t
cgr

helps the DMB update for t+1 group information exchange. Subsequently, a BiMamba Block aggregates global inter-group relations, and a
convolutional block (ConvBlock) captures group-specific local information within each group. Finally, the Mixture of Experts harmonizes
the merits of global and local group representations for more robust and stable bag prediction Ŷ .

sue hierarchical information equipped with MaxPooling or
Expectation-Maximization strategies to identify tumor in-
stances [16, 19]. Subsequently, the RNNMIL [5] introduces
a Recurrent Neural Network (RNN) to model the correla-
tions between Top-K instances from the MaxPooling classi-
fier to improve performance. However, these approaches of-
ten struggle to produce reliable discriminative features due
to limited exploration of relations between instances. To ad-
dress these issues, some researchers have turned to attention
mechanisms, GNNs, and Transformers to capture complex
global and local tumor tissue features [3, 18, 31]. In par-
ticular, Transformer-based methods show excellent superi-
ority due to their global in-context correspondence [30, 41].
However, the self-attention mechanism demands quadratic
complexity, leading to a substantial computational burden
for high-resolution WSIs in practice [48]. Therefore, we
propose a memory-driven Mamba network to model long-
range dependencies among instances, facilitating better per-
formance with computational efficiency.

2.2. State Space Model

State Space Models (SSMs) [32] show significant effec-
tiveness in modeling continuous long-range dependencies,
but are impractical in information-intensive data due to ex-
cessive computational and memory demands. To address
these challenges, the Mamba [13] introduces selective scan-
ning mechanisms and hardware-aware algorithms, achiev-
ing better performance with linear complexity. Subse-
quently, Mamba-based variants, ranging from various scan-

ning strategies to combinations of CNNs, GNNs, and Trans-
formers with Mamba, have been developed in the visual do-
main [26, 39, 52] and WSI analysis tasks [11, 43]. Unlike
approaches that directly wrap all instances into one or mul-
tiple models, which incur extreme learning and computa-
tion burdens [11, 12], we propose memory-driven Mamba
to enhance intra-group instance fusion and inter-group rep-
resentation learning. Additionally, we design an informa-
tive bank and a cross-attention fusion scheme to facilitate
representation and global modeling

2.3. Mixture of Experts

The Mixture of Experts (MoE) [20] typically decomposes
tasks into multiple parts and uses a routing network to in-
tegrate the outputs from part-specific experts into a final
result. Due to powerful adaptive capability and efficient
dynamic structure, MoE techniques have been widely ap-
plied to multi-task vision [9] and multi-modal fusion [6]. In
particular, recent research is growing interest in employing
MoE approaches to facilitate diverse WSI representations
learning and fusion [14]. For example, CNN-based mul-
tiple experts exploit spatial structure features between dif-
ferent magnification instances for better cancer sub-type re-
gion segmentation [34]. In addition, existing efforts devise
class-specific experts leading to more accurate multi-class
lymphoma WSI classification [14]. Recognizing the merits
of MoE, we pioneer the coupling of MoE with Mamba for
robust WSI label inference.

*Corresponding authors
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3. Method
This section starts with the formulation of MIL and SSMs
and an overview of our proposed M3amba network. It
then details the memory-driven Mamba group representa-
tion learning and inter-group bag representation learning
modules and their essential components.

3.1. Preliminaries

MIL Formulation. Given a single WSI X , the cor-
responding label Y , we partition the non-background tis-
sue regions of the “bag” X into B instances {(xb ∈
RW×H×3, yb)|1 ≤ b ≤ B}, where H , W and yb denote
the height, width and class label of the instance xb, respec-
tively.

The classic MIL-based approach embeds an instance xb

into a 1 × D-dimensional feature vector vb by pre-trained
encoders [25, 47, 51]. By exploring the global and local
correlations among instance features {fb}Bb=1 to form bag
representation f , a multi-layer perceptron (MLP) classifier
is employed to predict the bag label. Taking binary classi-
fication as an intuitive example in Eq.(1), if an instance xb

is labeled 1, the bag prediction is “positive”. Otherwise, it
will be labeled 0 (negative).

Y =

{
1, if∃xb ∈ X : yb = 1,

0, if∀xb ∈ X : yb = 0.
(1)

State Space Models. The State Space Models (SSMs) map
input sequences x(t) at time t into output sequences y(t)
through latent states h(t) from a deep sequence model. This
process typically uses linear ordinary differential equations
or their discrete difference equations to describe the contin-
uous or discrete dynamics.

h′(t) = Ah(t) +Bx(t), (2)
h(t) = Āh(t− 1) + B̄x(t), (3)
y(t) = Ch(t) +Dx(t), (4)

where A, B, and C are continuous parameters learned by
gradient descent, and D can be viewed as a skip connec-
tion. Ā and B̄ are the A and B to discrete parameters.
The discrete-based Mamba introduces a selectively propa-
gating and forgetting algorithm, which facilitates long-term
dependency and global modeling with linear complexity. To
enhance comprehensive instance communication and com-
putational efficiency while addressing key information for-
getting, we couple the characteristics of the MIL-based WSI
tasks with the merits of Mamba and memory bank to pro-
pose a memory Mamba network.

3.2. Overview for M3amba

Figure 2 outlines our proposed M3amba network. Our core
goal is to effectively and efficiently explore massive in-
stance relationships by introducing intra- and inter-group

BiMamba with a memory bank for better bag label infer-
ence.

To promote the exploration of spatial and structural rela-
tions between instances, we introduce a learnable positional
encoding fp for all instance features {fb}Bb=1. Unlike exist-
ing approaches [43, 48], which aggregate all instances via
the Mamba or self-attention mechanism, leading to unde-
sirable local correspondence and computational complexity,
M3amba randomly samples the larger bag {fb}Bb=1 into T
smaller groups {f t

ins = {f t
m}Mm=1|t ∈ [1 ≤ T = B

M ]},
where M is the number of instances in a group. We de-
sign a memory Mamba block to introduce a bidirectional
Mamba and a linear attention block (BiMamba Block) to
capture semantics and spatial features into the group repre-
sentation f t

gr. To alleviate key information forgetting while
enhancing discriminative information within a group, we
equip with a dynamic memory bank (DMB) and employ
cross-attention to extract label-dependent information from
the DMB into f t

cgr and predict the group category probabil-
ity ŷtcgr. To further extract label-related components, we in-
troduce the bag label Y to supervise the group prediction. In
particular, ŷtcgr and f t

cgr assist in updating and refining the
DMB to alleviate discriminative information memory de-
cay while promoting group information exchange. To facil-
itate bag representation, a BiMamba block distills a global
bag representation across groups, while the convolutional
block (ConvBlock) preserves the group-specific local fea-
ture within each group to form a bag representation. Subse-
quently, the Mixture of Experts harmonizes global and local
bag representations, resulting in more accurate bag predic-
tions Ŷ .

3.3. Memory-driven Mamba Group Representation
Learning

For effective and efficient modeling of instance relations,
we propose the memory Mamba block (MMB) that cou-
ples Mamba with a dynamically updated and refined mem-
ory bank. MMB addresses information forgetting and lim-
ited group interactions. Taking the f t

ins operation as an
example, the BiMamba Block fully explores complex re-
lations within group instances into group representation
f t
gr. To alleviate the sparsity of disease features in the

current group and information forgetting, f t
gr is equipped

with a cross-attention to integrate crucial past knowledge
M from a DMB and augmented representations {f̄a

k}Kk=2

(More details in following section) into f t
cgr. The f t

cgr is
passed to the MLP to infer current group category probabil-
ity ŷtcgr ∈ [0, 1]. The procedures are expressed as

f t
gr = BiMamba Block

(
f t
ins

)
, (5)

f t
cgr = Cross-Attention

(
f t
gr,Cat

(
M, {f̄a

k}Kk=2

))
, (6)

ŷtcgr = MLP
(
f t
cgr

)
. (7)
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Dynamic Memory Bank. The DMB aims to tackle
information forgetting associated with longer in-
stances and enhance group representations by ex-
tracting and updating the K discriminative features
M = {

(
{fk

cgr}Kk=1, {ŷkcgr}Kk=1

)
}, where {fk

cgr}Kk=1 fea-
tures are ranked from highest to lowest according to the
label confidence {ŷkcgr}Kk=1. To preserve the most salient
features promptly, at time t − 1, the DMB takes ŷt−1

cgr

and f t−1
cgr as inputs to rearrange M by comparing ŷt−1

cgr

with the stored {ŷkcgr}Kk=1. Since the information that
facilitates label prediction may be dispersed across groups,
we design feature filtering, quantization, and aggregation
to extract class-related information from {fk

cgr}Kk=2 into
fk=1
cgr . Specifically, we introduce ŷkcgr as the category-aware

score to distill the category-aware representation in fk
cgr

using the dot product while producing a category-aware at-
tention map Ak

cgr via Softmax. Subsequently, we generate
weights by quantifying the category-aware attention maps
to aggregate dispersed discriminative information among
{fk

cgr}Kk=2. The operations can be expressed as

f̄k
cgr = ŷkcgr × fk

cgr, k = [1, 2, . . . ,K], (8)

Ak = Softmax
(
f̄k
cgr

)
, k = [1, 2, . . . ,K], (9)

f̄ka = fk=1
cgr +

Ak

Ak=1
× fk

cgr, k = [2, 3, . . . ,K]. (10)

We concatenate {f̄a
k}Kk=2 and {fk

cgr}Kk=1 to provides more
label-related features for the current group f t

cgr by Eq.(6).

3.4. Inter-group Bag Representation Learing

To fully integrate rich group representations, we design two
parallel sub-branches: BiMamba Block and ConvBlock.
The former grasp the global relations across groups. To
avoid homogenization across group representations, the lat-
ter employs a ConvBlock to retain and integrate the salience
feature within each group. The procedures are encapsulated
as

fgbr = BiMamba Block
(
{f t

cgr}Tt=1

)
, (11)

fcbr = ConvBlock
(
{f t

cgr}Tt=1

)
. (12)

To promote comprehensive and accurate bag representation,
instead of directly summing or concatenating fgbr and fcbr,
we generate the attention scores using a linear layer fol-
lowed by a Softmax function, and then refine and concate-
nate fgbr and fcbr. The procedures are expressed as:

Sgbr, Scbr = Softmax (Linear (fgbr, fcbr)) , (13)
fgcbr = Cat (Sgbr × fgbr, Scbr × fcbr) . (14)

Bag label Prediction. To improve label prediction robust-
ness and applicability, we are inspired by a Mixture of Ex-
perts, introducing two different convolutional modules and

using attention scores to integrate their outputs into an MLP
for the final bag prediction. The procedures are depicted as

fexpert1 = MaxPooling(Conv1×1 (fgcbr)), (15)
fexpert2 = MaxPooling(Conv3×3 (fgcbr)), (16)
w1, w2 = Softmax (Linear (fgcbr)) , (17)

Ŷ = MLP(w1 × fexpert1 + w2 × fexpert2). (18)

3.5. Model Optimization

To achieve efficient intra- and inter-group instances model-
ing and high-quality feature representation for better bag la-
bel inference, we explore practical composite cross-entropy
losses, involving group-label probability ŷtcgr, bag-label
probabilities (Sgbr, Scbr, and Ŷ ). These loss functions are
formulated as follows

L(J ) = − [Y logJ + (1− Y ) log(1− J )] ,

J ∈ {Sgbr, Scbr, Ŷ },
(19)

L(ŷcgr)=− 1

T

T∑
t=1

[
Y log ŷtcgr + (1− Y ) log(1− ŷtcgr)

]
.

(20)
The aforementioned loss function is given by

L = L(Sgbr) + L(Scbr) + L(Ŷ ) + λL(ŷcgr), (21)

where λ is adjusted from 0 to 0.2 via integrating epoch and
cosine curve to guide the model from coarse to label-related
information exploration [24].

4. Experiments
4.1. Datasets

To comprehensively evaluate our M3amba, we conduct ex-
tensive experiments on four public WSI datasets: TCGA
Breast Cancer (BRCA) [35], TCGA Lung Cancer [35],
TCGA Esophageal Cancer (ESCA) [35], and Breast Ade-
nocarcinoma Subtypes (BRACS) [4].
TCGA Breast Cancer Dataset. We collect 952 breast
slides from the TCGA BRCA project, including 749 for In-
vasive Ductal Carcinoma (IDC) and 203 for Invasive Lob-
ular Carcinoma (ILC). Following [23], the TCGA BRCA
dataset is randomly split into training, validation, and test-
ing sets with ratios of 65:10:25, and CLAM [25] is used to
crop each WSI into 256×256 non-overlapping instances at
10× magnification, resulting in approximately 3.1 million
instances.
TCGA Lung Cancer Dataset. The TCGA Lung
dataset [35] includes two cancer subtypes: Lung Adeno-
carcinoma (LUAD) and Lung Squamous Cell Carcinoma
(LUSC). It comprises 541 LUAD slides from 478 cases and
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Table 1. Quantitative comparison of our results and MIL methods on TCGA BRCA and TCGA Lung datasets using Resnet18-ImageNet
feature extractor. The numbers in black and underline indicate the best and second performance. Following the DTFD method, the FLOPs
are measured with the 120 instances in a bag and an instance feature dimension D = 1024. We set K = 1 and M = 120, respectively.

Methods
TCGA BRCA TCGA Lung

FLOPs Parameters
Accuracy AUC Precision Recall Accuracy AUC Precision Recall

ABMIL [18] 0.862±0.025 0.882±0.038 0.888±0.019 0.945±0.020 0.844±0.023 0.919±0.026 0.845±0.028 0.853±0.016 78.1M 655.3K
DSMIL [3] 0.823±0.021 0.820±0.033 0.861±0.029 0.928±0.041 0.783±0.041 0.856±0.040 0.797±0.067 0.783±0.022 117.6M 855.7K
CLAM-MB [25] 0.865±0.020 0.890±0.029 0.890±0.016 0.947±0.031 0.844±0.023 0.919±0.026 0.845±0.028 0.853±0.016 94.8M 791.1K
CLAM-SB [25] 0.858±0.011 0.877±0.029 0.877±0.018 0.955±0.014 0.834±0.030 0.912±0.034 0.840±0.054 0.840±0.047 94.8M 790.7K
TransMIL [30] 0.847±0.021 0.846±0.036 0.883±0.019 0.929±0.024 0.819±0.038 0.885±0.030 0.830±0.053 0.819±0.033 64.4M 2670.6K
DTFD-MaxMin [47] 0.816±0.023 0.810±0.033 0.874±0.028 0.897±0.014 0.832±0.031 0.907±0.031 0.850±0.047 0.821±0.057 80.1M 986.7K
DTFD-AFS [47] 0.823±0.028 0.824±0.034 0.863±0.027 0.924±0.025 0.852±0.020 0.917±0.022 0.861±0.042 0.854±0.058 79.4M 986.7K
DTFD-MaxS [47] 0.828±0.038 0.826±0.049 0.885±0.018 0.897±0.048 0.764±0.010 0.837±0.017 0.790±0.029 0.738±0.044 79.4M 986.7K
MHIM-ABMIL [33] 0.858±0.004 0.883±0.020 0.891±0.021 0.935±0.020 0.867±0.031 0.931±0.026 0.868±0.044 0.878±0.024 141.4M 1182.0K
MHIM-TransMIL [33] 0.848±0.022 0.872±0.013 0.889±0.032 0.924±0.014 0.832±0.035 0.911±0.026 0.852±0.035 0.817±0.081 1228.6M 5342.2K
IBMIL-ABMIL [21] 0.859±0.018 0.897±0.028 0.890±0.017 0.937±0.025 0.816±0.027 0.901±0.024 0.822±0.051 0.825±0.052 157.1M 1444.4K
SSMMIL [12] 0.863±0.006 0.896±0.032 0.886±0.014 0.949±0.023 0.843±0.033 0.919±0.022 0.845±0.028 0.850±0.047 126.1M 1052.16K
MambaMIL [43] 0.868±0.017 0.878±0.032 0.903±0.031 0.933±0.019 0.856±0.027 0.910±0.024 0.843±0.046 0.889±0.033 71.5M 594.69K
ACMIL [49] 0.869±0.017 0.900±0.019 0.889±0.030 0.955±0.023 0.844±0.023 0.919±0.026 0.845±0.028 0.853±0.016 78.7M 662.4K
M3amba (Ours) 0.931±0.024 0.971±0.005 0.956±0.035 0.957±0.022 0.937±0.027 0.975±0.003 0.938±0.028 0.947±0.016 72.4M 1242.1K

512 LUSC slides from 478 distinct cases. Following the set-
tings in previous work [21, 33, 47], the TCGA Lung dataset
is randomly split into training, validation, and testing sets
with ratios of 65:10:25, and CLAM [25] is used to crop each
WSI into 256×256 non-overlapping instances at 20× mag-
nification, resulting in approximately 4.1 million instances.

TCGA Esophageal Cancer Dataset. The TCGA ESCA
dataset consists of 156 diagnostic WSIs, including 90 squa-
mous cell carcinoma and 66 adenocarcinoma cases [35].
As in MuRCL [53], the TCGA ESCA dataset is randomly
split into training, validation, and testing sets with ratios of
3:1:1, and CLAM [25] is employed to crop non-overlapping
256×256 instances at 20× magnification, resulting in ap-
proximately 0.5 million instances.

Breast Carcinoma Subtyping Dataset. The BRACS
dataset involves three categories: 265 benign, 89 atypical,
and 193 malignant breast tumors [4]. Similar to [49], we
also adhere to the official dataset split [4, 49], with 537
WSIs available: 395 for training, 65 for validation, and 87
for testing. CLAM [25] is used to extract non-overlapping
256×256 instances at 10× magnification, resulting in ap-
proximately 1.4 million instances.

4.2. Implementation Details

Similar to [21, 23, 53], for the TCGA BRCA, Lung and
ESCA datasets, We use a ResNet18 [15] encoder pre-
trained on ImageNet [10] (Resnet18-ImageNet) to obtain
512-dimensional feature vectors from each instance. For
the BRACS dataset, we directly used the public features
from [49], pre-trained with a 512-dimensional on Resnet18-
ImageNet and a 384-dimensional ViT-S/16 model using
self-supervised learning through DINO [7] (ViT-S/16-SSL).
The AdaMax optimizer [1] with a weight decay of 1e − 5
and an initial learning rate of 1e − 4 was used. With the
above settings, we trained M3amba for 100 epochs with a
batch size of 1 on a single NVIDIA RTX 3090Ti GPU.

4.3. Baseline and Evaluation Metrics

Baseline. We compare our proposed M3amba with
representative MIL methods, including attention-based
approaches (ABMIL [18], CLAM [25], DSMIL [3],
MHIM-ABMIL [33], IBMIL-ABMIL [21], ACMIL [49]),
transform-based approaches (TransMIL [30], DTFD [47],
MHIM-TransMIL [33]), and Mamba-based approaches
(SSMMIL [12] and MambaMIL [43]). The results for all
other methods are reproduced using the official code pro-
vided under the same settings.
Evaluation Metrics. The widely used performance met-
rics in the literature [3, 21, 51], such as area under the re-
ceiver operating characteristic curve (AUC), accuracy, F1
score (F1), precision, and recall, are employed for evalua-
tion, with a threshold set at 0.5. Due to the imbalance be-
tween normal and positive samples, we follow established
work [33, 43, 44] that uses 5-fold cross-validation in each
main experiment to evaluate model performance more ac-
curately and reliably. For each training, the training and
validation data are split at the patient level according to the
ratios for model selection. The mean classification perfor-
mance and standard deviation across the five test sets are
reported.

4.4. Comparison with State-of-the-arts

Quantitative Comparison. We compare our M3amba
with representative methods on four widely used WSI clas-
sification datasets. Quantitative results are presented in
Tables 1, 2, and 3. As expected, our M3amba achieves
competitive performance across all metrics, outperform-
ing the attention-based methods ACMIL [49] and MHIM-
ABMIL [49] by 6.2%, 7.0%, and 3.8% in accuracy, respec-
tively. Notably, compared to the transformer-based methods
MHIM-TransMIL and TransMIL [30], our M3amba signif-
icantly reduces computational complexity and model pa-
rameters while maintaining remarkable classification per-
formance. Benefiting the efficient long-range modeling,

15606



Table 2. Quantitative comparison of our results and MIL results
on the ESCA dataset using Resnet18-ImageNet feature extractor.
Methods Accuracy AUC Precision Recall
ABMIL [18] 0.827±0.092 0.914±0.066 0.817±0.088 0.911±0.097
DSMIL [3] 0.808±0.065 0.882±0.084 0.845±0.090 0.844±0.124
CLAM-MB [25] 0.821±0.078 0.902±0.088 0.845±0.064 0.844±0.102
CLAM-SB [25] 0.834±0.061 0.927±0.064 0.848±0.091 0.889±0.086
TransMIL [30] 0.796±0.101 0.895±0.083 0.807±0.109 0.867±0.097
DTFD-MaxMin [47] 0.834±0.110 0.881±0.145 0.806±0.113 0.967±0.027
DTFD-AFS [47] 0.872±0.054 0.911±0.046 0.872±0.028 0.911±0.083
DTFD-MaxS [47] 0.777±0.116 0.820±0.092 0.779±0.128 0.900±0.082
MHIM-ABMIL [33] 0.859±0.082 0.940±0.046 0.848±0.109 0.944±0.035
MHIM-TransMIL [33] 0.853±0.054 0.911±0.040 0.842±0.057 0.922±0.057
IBMIL-ABMIL [21] 0.859±0.115 0.915±0.086 0.861±0.095 0.900±0.124
SSMMIL [12] 0.809±0.092 0.910±0.069 0.826±0.098 0.856±0.083
MambaMIL [43] 0.821±0.098 0.908±0.074 0.869±0.092 0.822±0.129
ACMIL [49] 0.885±0.078 0.948±0.042 0.883±0.063 0.922±0.083
M3amba (Ours) 0.923±0.026 0.989±0.009 0.918±0.049 0.956±0.022

Table 3. Quantitative comparison of our results and MIL results
from ACMIL [49] on the BRACS dataset.

Methods
Resnet18-ImageNet ViT-S/16-SSL

F1 AUC F1 AUC
MeanPooling 0.484±0.029 0.685±0.011 0.522±0.038 0.739±0.007
MaxPooling 0.489±0.047 0.738±0.014 0.596±0.029 0.823±0.033
ABMIL [18] 0.523±0.028 0.723±0.035 0.680±0.051 0.866±0.029
DSMIL [3] 0.511±0.052 0.751±0.028 0.577±0.028 0.816±0.028
CLAM [25] 0.521±0.046 0.750±0.039 0.631±0.034 0.863±0.005
TransMIL 0.444±0.040 0.732±0.043 0.631±0.003 0.841±0.006
DTFD [47] 0.469±0.016 0.717±0.032 0.612±0.080 0.870±0.022
MHIM [33] 0.511±0.022 0.774±0.021 0.625±0.060 0.865±0.017
IBMIL [21] 0.510±0.043 0.726±0.034 0.645±0.041 0.871±0.014
SSMMIL [12] 0.549±0.052 0.759±0.018 0.658±0.031 0.853±0.015
MambaMIL [43] 0.596±0.041 0.811±0.017 0.705±0.025 0.882±0.019
ACMIL [49] 0.552±0.048 0.754±0.008 0.722±0.030 0.888±0.010
M3amba (Ours) 0.800±0.046 0.939±0.015 0.834±0.044 0.953±0.012

the SSMMIL [12] and MambaMIL [43] methods show im-
provements on the TCGA Lung dataset, where more than
80% of the area belongs to tumor. However, they still lag
behind our method by 9.7% and 5.6% in Recall, respec-
tively. Moreover, for the BRACS dataset, our M3amba out-
performs MambaMIL [43] by 20.4%, 11.2%, 12.8%, and
6.5% in terms of F1 and AUC, respectively. The main rea-
son for these improvements is that most comparative meth-
ods simultaneously pack all instances into the model, which
lacks explicit exploration of the critical relationships among
global and local instances. Besides, they suffer from the
limitation of long-context information forgetting, leading to
ambiguous feature representations and suboptimal perfor-
mance. In contrast, our M3amba employs BiMamba Block
for inter-group instance fusion and intra-group representa-
tion learning and develops a novel dynamic memory bank
(DMB) to retain long-range information, thus achieving ef-
ficient yet effective performance.

Stability Comparison. Figure 3 highlights the high ac-
curacy and robustness of our proposed M3amba. Notably,
the CLAM and MambaMIL methods excel on BRCA by
leveraging relationships among instances via attention and
Mamba. However, they underperform on the more chal-
lenging ESCA WSIs. By contrast, our approach demon-
strates greater stability by introducing intra- and inter-group
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Figure 3. Comparative results regarding accuracy box plots on the
TCGA BRCA and TCGA ESCA datasets.

Mamba, supported by a dynamically refined memory bank.
This facilitates a comprehensive exploration of correlations
among instances and global bag representations, leading to
improved performance.

4.5. Ablation Studies

Validation on Basic Components. We conduct abla-
tion studies to validate the contributions of individual com-
ponents, including the bidirectional Mamba (BiMamba)
block, convolutional block (ConvBlock), dynamic memory
bank (DMB), bag label for group cross-entropy (GCE) loss,
and Mixture of Experts (MoE) to the final classification per-
formance. For simplicity, we denote our model as M3amba
and create a baseline model (w Mamba) by removing all
components except the bag cross-entropy loss L(Sgbr). We
then design three models (w Mamba, w BiMamba, and w
ConvBlock) to investigate the effectiveness of intra- and
inter-group fusion and representation learning. To verify
that the DMB improves group representation, we create w
GCE and w DMB models. Finally, we evaluate the robust-
ness and adaptability of the MoE by comparing w DMB
with M3amba.

Quantitative results are presented in Table 4 (a) and
(b), revealing that the complete model M3amba signifi-
cantly outperforms its incomplete versions. Specifically, the
grouping strategy marries the power of BiMamba to facili-
tate intra-group instance fusion and inter-group representa-
tion learning, resulting in a 4.6% accuracy gain (comparing
w Mamba and w BiMamba). In addition, the ConvBlock ex-
tracts group-specific local information within groups, lead-
ing to a 2.3% accuracy gain (comparing w BiMamba and
w ConvBlock). Due to the information forgetting and the
features sparsity in a group, the DMB enhances discrimi-
native representation, achieving improvements of 11.5% in
accuracy and 10.8% in recall (comparing w DMB and w
ConvBlock). In particular, w DMB alleviates group rep-
resentation and bag label bias, improving F1 and accuracy
by 9.5% and 8.0%, respectively (comparing w GCE and w
DMB). Finally, harmonizing the global and local bag repre-
sentations results in a more comprehensive representation,
increasing accuracy by 8.1%.
Ablations of DMB. To further validate our proposed
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Table 4. Ablation studies are conducted on the BRACS dataset
with ResNet18-ImageNet features. Apart from M3amba, the other
results from Ŷ =

Scbr+Sgbr

2
.

(a) Validation on basic components. K and M are set to 3 and
512, respectively.
Model ConvBlock GCE DMB MoE Precision Recall F1 Accuracy
w Mamba ✗ ✗ ✗ ✗ 0.576 0.526 0.537 0.540
w BiMamba ✗ ✗ ✗ ✗ 0.579 0.568 0.572 0.586
w ConvBlock ✓ ✗ ✗ ✗ 0.608 0.581 0.582 0.609
w GCE ✓ ✓ ✗ ✗ 0.606 0.604 0.586 0.644
w DMB ✓ ✓ ✓ ✗ 0.725 0.689 0.681 0.724
M3amba ✓ ✓ ✓ ✓ 0.809 0.804 0.800 0.805

(b) Ablations of DMB. ♯ denote the use of random mixup [46]
scheme to fuse features in Eq.(10). § denotes no augmented feature
{f̄a

k}Kk=2 in Eq.(6).
Model Precision Recall F1 Accuracy
w DMB§ 0.686 0.612 0.559 0.667
w Mixup♯ 0.700 0.654 0.644 0.690
w DMB 0.725 0.689 0.681 0.724

(c) Effects of DMB size and group size are evaluated using w DMB
and w ConvBlock models, respectively.

DMB Size (K) Group Size (M )

K Precision Recall AUC Accuracy M Precision Recall F1 Accuracy
0 0.608 0.581 0.788 0.609 256 0.543 0.543 0.525 0.586
3 0.686 0.612 0.888 0.667 512 0.608 0.581 0.582 0.609
10 0.554 0.560 0.772 0.609 1024 0.566 0.562 0.550 0.598
20 0.616 0.566 0.740 0.598 2048 0.540 0.539 0.516 0.586

DMB, we construct the w DMB§ and w Mixup♯ models.
As shown in Table 4 (b), removing the feature filtering,
quantization, and aggregation processes results in a 5.7%
accuracy decline due to redundant and insufficient discrim-
inative features. While using random ratios to fuse stored
features enhances current group representation, it disrupts
discriminative features, causing w Mixup♯ to lag behind w
DMB by 2.5% and 3.5% in Precision and Recall.
Effect of Dynamic Memory Bank and Group Size. We
conduct experiments to analyze the effect of DMB size K
and group size M . The numerical comparisons are dis-
played in Table 4 (c). A suitable DMB size K can store the
most informative features, thereby facilitating the current
group representation to alleviate salience features memory
decay, yielding a significant 9.2% gain in AUC. However,
a large K can lead to feature redundancy and interference,
which impairs the identification of tumor WSI, with declin-
ing 4.6% and 6.9% in recall and accuracy. While BiMamba
excels at modeling long-range dependencies, excessively
long sequences can lead to insufficient exploration of in-
stance dependencies, resulting in a 6.6% decrease in F1.

4.6. Analysis on Other Feature Extractors

To further validate robustness, we focus on experimen-
tal setups using the TCGA Lung dataset with two other
commonly used encoders [3, 25, 30]: the ResNet50 pre-
trained on ImageNet and the SimCLR [27] ResNet18. The
quantitative results presented in Table 5 demonstrate that
our M3amba achieves the highest scores across all met-

Table 5. Quantitative comparison of our results and MIL results
on the TCGA Lung with pre-trained Resnet50 on ImageNet and
SimCLR ResNet18.

Methods
SimCLR ResNet18 ResNet50-ImageNet

Accuracy F1 Accuracy F1
ABMIL [18] 0.886±0.005 0.892±0.004 0.842±0.007 0.824±0.013
DSMIL [3] 0.940±0.007 0.935±0.008 0.809±0.004 0.787±0.007
CLAM-MB [25] 0.938±0.005 0.932±0.006 0.858±0.004 0.842±0.008
CLAM-SB [25] 0.941±0.003 0.935±0.004 0.855±0.011 0.840±0.007
TransMIL [30] 0.937±0.007 0.930±0.008 0.856±0.002 0.849±0.002
DTFD-MaxMin [47] 0.915±0.007 0.907±0.006 0.883±0.006 0.874±0.008
DTFD-AFS [47] 0.945±0.005 0.939±0.006 0.875±0.009 0.865±0.011
DTFD-MaxS [47] 0.882±0.013 0.877±0.011 0.823±0.009 0.814±0.009
MHIM-ABMIL [33] 0.943±0.007 0.940±0.007 0.891±0.007 0.883±0.007
MHIM-TransMIL [33] 0.938±0.006 0.933±0.006 0.878±0.008 0.871±0.007
IBMIL-ABMIL [21] 0.941±0.005 0.936±0.005 0.871±0.004 0.856±0.006
SSMMIL [12] 0.933±0.014 0.924±0.019 0.876±0.014 0.875±0.014
MambaMIL [43] 0.933±0.009 0.927±0.009 0.873±0.016 0.872±0.017
ACMIL [49] 0.925±0.010 0.920±0.009 0.884±0.017 0.876±0.015
M3amba (Ours) 0.979±0.015 0.977±0.016 0.934±0.024 0.928±0.027

rics and datasets. Specifically, M3amba significantly out-
performs the transformer-based DTFD [8] and attention-
based MHIM [21] approaches, with accuracy improvements
of 3.4% and 4.3%, respectively. When comparing the
SimCLR-ResNet18 and ResNet50 results, other methods
exhibit a notable performance decline, while our M3amba
maintains an accuracy of 93.4%. Our approach excels by
effectively integrating memory-driven Mamba intra-group
instance fusion and inter-group representation learning for
better bag prediction.

5. Conclusion
This paper presents M3amba, a novel intra- and inter-
group memory-driven Mamba framework that effectively
addresses the challenges of whole slide image (WSI) clas-
sification tasks. By combining group sampling, mem-
ory Mamba blocks, and a dynamic memory bank (DMB),
M3amba enhances both local and global feature represen-
tation while maintaining computational efficiency. Exten-
sive experiments on multiple benchmark datasets demon-
strate that M3amba outperforms state-of-the-art methods,
achieving significant accuracy improvements while reduc-
ing computational overhead. This work provides a promis-
ing approach for efficient and accurate WSI analysis, with
potential applications in medical image classification and
other domains requiring large-scale, high-resolution image
processing.
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Daniel Riccio, Giosuè Scognamiglio, Guillaume Jaume,
Giuseppe De Pietro, Maurizio Di Bonito, Antonio Foncu-
bierta, Gerardo Botti, et al. Bracs: A dataset for breast
carcinoma subtyping in h&e histology images. Database,
2022:baac093, 2022. 5, 6

[5] Gabriele Campanella, Matthew G. Hanna, Luke Genes-
law, Allen Miraflor, Vitor Werneck Krauss Silva, Klaus J.
Busam, Edi Brogi, Victor E. Reuter, David S. Klimstra, and
Thomas J. Fuchs. Clinical-grade computational pathology
using weakly supervised deep learning on whole slide im-
ages. Nature medicine, 25(8):1301–1309, 2019. 3

[6] Bing Cao, Yiming Sun, Pengfei Zhu, and Qinghua Hu.
Multi-modal gated mixture of local-to-global experts for dy-
namic image fusion. In CVPR, pages 23555–23564, 2023.
3

[7] Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou,
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