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Abstract

Advances in medical imaging and deep learning have pro-
pelled progress in whole slide image (WSI) analysis, with
multiple instance learning (MIL) showing promise for ef-
ficient and accurate diagnostics. However, conventional
MIL models often lack adaptability to evolving datasets, as
they rely on static training that cannot incorporate new in-
formation without extensive retraining. Applying continual
learning (CL) to MIL models is a possible solution, but of-
ten sees limited improvements. In this paper, we analyze
CL in the context of attention MIL models and find that
the model forgetting is mainly concentrated in the attention
layers of the MIL model. Using the results of this analy-
sis we propose two components for improving CL on MIL:
Attention Knowledge Distillation (AKD) and the Pseudo-
Bag Memory Pool (PMP). AKD mitigates catastrophic for-
getting by focusing on retaining attention layer knowledge
between learning sessions, while PMP reduces the mem-
ory footprint by selectively storing only the most informa-
tive patches, or “pseudo-bags” from WSIs. Experimental
evaluations demonstrate that our method significantly im-
proves both accuracy and memory efficiency on diverse WSI
datasets, outperforming current state-of-the-art CL meth-
ods. This work provides a foundation for CL in large-scale,
weakly annotated clinical datasets, paving the way for more
adaptable and resilient diagnostic models.

1. Introduction

The advancement of AI technology has significantly trans-
formed medical imaging, with notable progress in whole
slide image (WSI) analysis [28]. In particular, develop-

ments in multiple instance learning (MIL) have enhanced
the diagnostic accuracy and efficiency of deep learning
models applied to WSIs [15, 29], substantially reducing
diagnostic time and minimizing misdiagnosis rates. De-
spite these advancements, most MIL methodologies cur-
rently rely on a static framework [5, 8], wherein models
are optimized using a fixed dataset. This static approach
creates a critical limitation in terms of knowledge updating.
As medical technology evolves rapidly, new data is contin-
ually generated [3, 4, 13], often with variations in imag-
ing equipment, acquisition methods, and standardized set-
tings. These factors alter the labels and distribution patterns
of new datasets, making it essential for models to adapt to
these changes [21]. Full retraining of models using both
new and historical data, however, is resource-intensive and
time-consuming. Consequently, continual learning (CL)
[7, 24] emerges as an efficient solution to this challenge,
enabling models to incrementally integrate new informa-
tion and thereby maintain their diagnostic relevance with-
out the prohibitive costs of full retraining. However, CL
faces catastrophic forgetting [11], where models lose previ-
ously acquired knowledge when learning new information,
addressed by regularization-based, architectural-based, and
replay-based methods [22].

Our research focuses on class-incremental learning
(CIL), a specialized area within CL that holds particular
promise for applications in medical imaging. As medical
knowledge advances, disease annotations are becoming in-
creasingly detailed, leading to a proliferation of diagnostic
categories. This development creates a pressing need for
models capable of continually incorporating new classes of
medical information [5] while retaining previously acquired
knowledge, i.e., class-incremental learning. Moreover, re-
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search suggests that models trained across multiple medical
domains often achieve superior performance compared to
those restricted to single domains [6], underscoring the po-
tential of multi-domain learning to enhance diagnostic ac-
curacy and generalizability.

Applying CL to WSI presents unique challenges due
to the substantial data complexity and annotation demands
associated with WSIs. Each WSI contains gigabytes of
pixel data, making detailed annotations costly and time-
consuming due to required expert input. Most WSIs only
have slide-level labels without detailed annotations. To ad-
dress this limitation, MIL has become a widely adopted
strategy in WSI analysis. In the MIL paradigm, each WSI
is conceptualized as a “bag” of smaller “patches” allowing
models to be trained using high-level, whole-slide labels
rather than exhaustive pixel- or patch-level annotations. In
particular, attention MIL [9, 15, 20, 30] first uses an atten-
tion network to obtain an attention weight on each patch,
with which a slide-level feature vector is calculated via the
weight and the patch-level features. Finally, the slide-level
feature serves as the input to a slide-level classifier.

Recent advancements have begun to explore the integra-
tion CIL within the MIL framework, with encouraging re-
sults [5, 8]. Some studies have proposed new frameworks
specifically designed for CIL in WSI, yet these often re-
quire substantially more parameters and show only mod-
erate performance improvements in conventional settings.
Other approaches attempt to adapt existing CIL techniques
for use with MIL models, also yielding only limited en-
hancements. Through our investigation of MIL under CIL,
we have identified a critical insight: the patterns of forget-
ting in attention MIL classification models under CIL differ
significantly from those observed in traditional image clas-
sification models. Specifically, our theoretical analysis and
model visualizations indicate that model forgetting in MIL
is concentrated primarily in the attention network, rather
than in other layers like the classifier (logit) layer.

Based on our findings, we propose two effective and
adaptable methods that improve the performance of tradi-
tional MIL models in CIL scenarios. The first method, at-
tention knowledge distillation (AKD), addresses forgetting
by imposing constraints on the attention layers during CL
training. By using distillation techniques to transfer knowl-
edge from previous models to the current one, AKD bal-
ances the retention of prior knowledge with the assimilation
of new information. The second method, the pseudo-bag
memory pool (PMP), mitigates the high memory demands
of replaying WSI data by using a patch importance scor-
ing technique to selectively sample critical patches, thereby
substantially reducing memory requirements. Together,
AKD and PMP provide a robust framework for enhancing
MIL in CL settings, addressing both knowledge retention
and memory efficiency while accommodating the specific

challenges posed by WSIs.
In summary, our work presents three major contributions

to MIL and continual learning research:
• To the best of our knowledge, this is the first attempt to

theoretically and experimentally explore the fundamental
reasons for the catastrophic forgetting of attention MIL in
CIL. Compared to classical classification models where
forgetting occurs mainly in the classification layer, we
show that attention MIL experiences forgetting primarily
in the attention layer.

• We have developed a specialized knowledge distillation
strategy tailored for attention networks in MIL, which sig-
nificantly enhances model performance during CL, em-
pirically approaching the upper limit achievable through
joint training.

• We introduce a novel pseudo-bag memory pool method,
which effectively facilitates the implementation of replay-
based approaches in MIL, offering a new direction for
memory management in this context.

2. Related Work
2.1. Multiple Instance Learning (MIL)
Many MIL models leverage bag representations to predict
the slide label. For instance, ABMIL [9] generates a bag
representation by calculating weighted patch features, en-
abling it to focus on the most informative patches within a
slide. Building on this approach, CLAM [15] refines this
with instance clustering for multi-category tasks. Trans-
MIL [20] proposes a correlated MIL framework that inte-
grates multi-head self-attention and spatial information to
capture global correlations across the an image. Similarly,
DTFD [29] employs a two-tier framework with ABMIL as
the foundational module in each tier, aiming to capture hi-
erarchical features across different levels of granularity.

While these models demonstrate strong performance on
static datasets, they generally do not account for scenarios
involving non-stationary data. In dynamic environments
where data distributions may shift over time, traditional
MIL approaches such as CLAM [15] and TransMIL [20]
are vulnerable to issues like catastrophic forgetting.

2.2. Continual Learning (CL)
CL methodologies in computer vision are generally catego-
rized into three main approaches. The first, regularization-
based methods, seek to address catastrophic forgetting
by constraining the gradients of model parameters like
EWC [11] and MAS [1]. However, these methods of-
ten produce suboptimal results in complex environments
like realistic pathology data. The second category, model
architecture-based methods, involves modifying network
structures through strategies like compression and expan-
sion to incorporate new knowledge without overwriting ex-
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isting information. Approaches such as PNN [19] and Pack-
Net [16] exemplify this technique, which, while theoreti-
cally robust for retaining prior knowledge, tends to suffer
from scalability issues as an extension of the MIL model
is not as simple as the classical classification model. Fi-
nally, replay-based methods utilize selective reintroduction
of past data samples to reinforce memory, helping models to
maintain prior knowledge during the training of new tasks,
like DER [2] and GEM [14]. Nevertheless, these methods
face challenges related to memory pool configuration and
sample selection, which are critical since WSI datasets only
contain hundreds of samples, and a WSI may be too large
to store in the memory.

2.3. Class-incremental learning in MIL
Recent studies have increasingly explored the application
of class-incremental learning (CIL) within MIL. ConSlide
[8] combines fast and slow learning, substituting the WSI
buffer with a region buffer. This adaptation effectively re-
duces memory pool requirements and enables efficient data
replay. Alternatively, MICIL [5] adopts a regularization-
based strategy that builds on the LwF [12] paradigm.

In contrast to these approaches, through theoretical anal-
ysis and model visualizations, we identify that model for-
getting is primarily concentrated in the attention layers.
Based on our findings, we then propose two new methods
that focus on preserving knowledge learned by the attention
network, which provide a significant boost to MIL perfor-
mance in CIL scenarios.

3. Motivation
3.1. Problem Statement
MIL. In the WSI MIL classification problem, the WSI X
comprises a bag of patches, P = {pn}Nn=1, and is associ-
ated with the bag-label y, where N is the number of patches,
which varies with different bags. The objective of MIL is to
predict the bag-level y label with the patches in the bag.

We follow the standard formulation of ABMIL [9]. AB-
MIL classifies a WSI in three steps following the MIL
paradigm. First, a WSI is divided into N patches, and a
bag of patch features is obtained via a fixed feature extrac-
tor g(·), H = {hn}Nn=1, where the n-th patch feature is
hn = g(pn) ∈ Rd, and d is the dimension of the feature
vector. Second, the patch features are aggregated to com-
pute a bag-level (slide-level) feature z:

z = Ha =
∑N

n=1
anhn, (1)

where an is the normalized attention score of the nth patch,

an =
exp

{
w⊤(tanh(V1hn) ◦ σ(V2hn))

}∑N
m=1 exp {w⊤(tanh(V1hm) ◦ σ(V2hm))}

, (2)

Table 1. Test Accuracy of CLAM and TransMIL on Task 1 using
different combinations of its attention/classifier from CL task ses-
sions (t). The diagonal cells (blue) correspond to the accuracy of
fine-tuned model (θt, ϕt) after each task session.

Attention θtCLAM
t=1 t=2 t=3

t=1 0.8621 0.1552 0.0517
t=2 0.8793 0.0000 0.0000

Classifier
ϕt

t=3 0.8448 0.0000 0.0000

Attention θtTransMIL
t=1 t=2 t=3

t=1 0.8966 0.0345 0.0345
t=2 0.8966 0.0345 0.0000

Classifier
ϕt

t=3 0.8276 0.0345 0.0000

and θ = (w,V1,V2) are learnable weight matrices, tanh
and σ refer to the hyperbolic tangent and sigmoid activation
functions, and ◦ denotes the element-wise product. We de-
note a = [an]n = fθ(H) as the attention vector, where fθ
is the attention network. Third, the bag label is predicted by
a classifier ŷ = fϕ(z), where fϕ is an MLP.
CIL. CIL is a CL scenario consisting of training a model
on tasks with disjoint label spaces. We define a sequence
of datasets D = {D1,D2, · · · ,DT }, where the t-th dataset
Dt = {X , y, t}k contains tuples of the WSI sample X , its
corresponding label y ∈ Yt (where Yi ∩ Yj = ∅ for i ̸= j),
and the task identifier t (available only during training). The
subscript k means there are k samples for dataset Dt. In
CIL, the model needs to predict the classification label y
with WSI X as the input.

3.2. Decoupling Experiments
In this section, we investigate the cause of the performance
degradation of CIL for MIL. Here we consider CLAM [15]
and TransMIL [20] as a representative attention MIL. We
define the attention network θ as the sub-network that com-
putes the attention scores from the patch features Eq. (2) for
CLAM and Xiong et al. [26] for TransMIL), and we define
the classifier ϕ as the sub-network that takes the bag-level
features z and predicts the class label y.

In our CL experiment after the T -th task session, we ob-
tain a set of T fine-tuned model {(θt, ϕt)}Tt=1, which rep-
resents the evolution of the model when sequentially fine-
tuning with new task data. To investigate the effect of CL,
we then recombined the trained attention network θt and
classifier ϕt′ from different CL task sessions, and tested
these “hybrid” models on Task 1 test data.

We use Camelyon-TCGA for the benchmark, as de-
scribed in the Sec. 5.1. The results for all pairs of atten-
tion/classifier are presented in Tab. 1. The significant de-
cline of Task 1 accuracy after training on subsequent tasks is
evident in the diagonal cells of the tables. However, exam-
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Figure 1. Example of the attention shift during CL for a Task 1 test
image. (1) Input image with tumor area outlined in green. (2) The
attention heat map for t=1 session. (3) and (4): the attention drift,
relative to (2), after CL sessions t ∈ {2, 3} for fine-tuning CL.
The tumor areas are outlined in black. (5) and (6): the attention
drift for our proposed method. Our method better preserves the
attention much better than fine-tuning.

ining the 1st columns of the tables, we find that the perfor-
mance does not decline much if the original attention layer
θ1 is used to replace the attention layers learned after sub-
sequent tasks (i.e., used with classifier ϕt). Furthermore,
if the classifier after each task is replaced with the original
ϕ1, there is still a significant decline in Task 1 accuracy (in
the 1st row of the tables). These two observations suggest
that the drift of the fine-tuned attention network is the main
cause of the performance decline of attention MIL in CL.
Fig. 1 (2-4) illustrate the drift of CLAM’s attention during
subsequent CL sessions, where the attention on the tumor
region (outlined region) is reduced after each CL session.

3.3. Analysis of Parameter Update in MIL
To explore the underlying mathematical mechanisms of
catastrophic forgetting, we examine the gradient shifts in
the attention network and classifier in the MIL model during
training updates. As a foundational example, we employed
the ABMIL [9] model, where the forward propagation is:

fϕ = ϕ⊤Ha, (3)

where ϕ = [ϕ1, · · · , ϕd]
⊤ represents the logit layer of the

binary classifier, a = [a1, · · · , an]⊤ are the attention scores
from Eq. (2), and H = [h1, · · · ,hn] are the feature vectors
corresponding to patches in the WSI. In the binary classifi-
cation setting, the model’s loss function is

L = log(1 + e−yfϕ). (4)

From this, the gradients w.r.t. each parameter in the
model can be derived (see supplemental). The squared norm
of the gradient w.r.t. each classifier weight ϕj is:(

∂L
∂ϕj

)2
= y2σ2(−yfϕ)z

2
j (5)

Figure 2. Evolution of the distribution of gradient values of CLAM
during CL for: (top) the attention network, (bottom) the classifier
network. The data points are aggregated where each dot represents
the mean of 50 consecutive training steps. The five colored dots
at each aggregated step represent the minimum, maximum, and
three quartiles (first, second, and third) of the gradient values. The
vertical black dotted lines mark the transitions between tasks.

where zj =
∑n

i=1 aiHij represents the j-th element of the
aggregated feature vector z and Hij is the ij-th element of
H. Similarly, the squared norm of the gradient w.r.t. each
attention score ai is:(

∂L
∂ai

)2
= y2σ2(−yfϕ)(ϕ

⊤hi)
2. (6)

Through Eq. (5) and (6), we analyze the magnitude of the
gradients with respect to different parameters in the atten-
tion network and the classifier. The main difference be-
tween the two equations are the terms z2j and ϕ⊤hi. For
the gradient of the classifier in Eq. (5), since the normal-
ized attention a sums to 1 and H is fixed for an image, then
zj is upper-bounded, max zj = maxi Hij . Thus each up-
date step of ϕj is always constrained within a specific range,
which leads to the the classifier’s parameters only gradually
updating during training. In the context of CL, when there
is a significant shift in the data stream, like tasks switch,
the classifier only undergoes slow updates, thereby retain-
ing more of the previous knowledge.

In contrast, the attention gradient in (Eq. (6)) directly re-
flects the importance the patch hi to the classifier ϕ, and
this gradient is unbounded – as the classifier becomes more
confident (∥ϕ∥2 increases), then the attention gradients in-
crease. Therefore, when there is a significant change in the
data stream during CL, i.e., hi undergoes drastic changes,
the gradient of the attention layer will also fluctuate sig-
nificantly, especially on newly-seen patches with high logit
scores (ϕ⊤hi), leading to catastrophic forgetting due to
rapid model updates. Furthermore, if the newly seen patch
with a high logit score is not informative or noisy, then the
resulting large attention gradient makes the attention net-
work overfit to this patch, causing generalization problems.

In summary, the gradients of the classifier are bounded,
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while those in the attention layer (and the preceding at-
tention network) are not. Thus, the attention network will
be updated faster than the classifier, i.e., the loss decreases
more when updating the attention network. Fig. 2 shows the
distribution of gradient values of the attention network and
the classifier of CLAM as it evolves over successive training
steps in CL. During training on the second and third tasks,
the maximum and minimum values of the gradient of the
classifier gradually shrink and stabilize, but the gradient of
the attention network keeps oscillating in a higher range.
In the traditional image classification, Kessler et al. [10]
found that the performance of CL largely depends on dif-
ferent classification heads across tasks. However, for MIL,
we find that switching classification heads will no longer be
effective, and our decoupling experiments in Sec. 3.2 fur-
ther validate this theoretical finding.

4. Methodology
In this section, using our analysis in the previous section,
we propose two methods for CL of attention-based MIL.

4.1. Attention Knowledge Distillation
Inspired by Sec. 3.3, we propose a plug-and-play method
called attention knowledge distillation (AKD). Compared
to the commonly used logits distillation in current CL ap-
proaches [2, 12], we focus on distillation of the attention
layers since they drift faster in the MIL setting. Moreover,
AKD can be combined with logits distillation to further en-
hance model performance. Previous CL works used the
output logit of the classifier fϕ(P ) from previous tasks to
mimic the original response for old samples. Therefore,
their objective function for distillation is:

Llogits = Ez∼Dt−1

[
DKL(fϕt−1(z) ∥ fϕt(z))

]
, (7)

where ϕt−1 are the optimal parameters at the end of task
t − 1, ϕt are the current parameters being optimized, and
DKL is the KL divergence.

AKD directly optimizes the attention network using at-
tention scores instead of the output logits of the model, re-
ducing the interference caused to the classification layer.
Specifically, consider bag feature z =

∑
n anhn, AKD

aims to ensure that after the model learns a new task, it
retains the relative order of patch attention scores when in-
ferring on previous tasks. In other words, after completing
training on a new task, patches from previous tasks with
previously high attention scores should continue to have
high attention scores, and those with low scores should
maintain relatively low scores. Therefore, we use KL di-
vergence to enforce this relationship of the attention scores:

Lattn = EH∼M
[
DKL(fθt−1(H) ∥ fθt(H))

]
, (8)

where θt−1 is the optimal attention network at the CL ses-
sion t−1, and H are patch features sampled from the mem-

ory pool M. Note that A = fθt(H) represents the out-
put produced by the attention network, which may encom-
pass more than just the raw attention scores. Depending
on the specific architecture of the network, the output can
include various feature vectors derived from the attention
process. For instance, A = {QK,QKV } in the case of
self-attention in TransMIL.

4.2. Pseudo-Bag Memory Pool
Traditional replay-based methods typically store thousands
of samples in the memory pool – each sample occupies very
little space, usually sized at 224x224 pixels, and having a
large number of samples ensures that during replay training
the model does not overfit. However, in WSI tasks, the en-
tire dataset contains only a few hundred images due to the
high costs of data collection and patient privacy concerns.
Moreover, each WSI encompasses tens of billions of pixels,
making it impractical to store too many raw WSIs directly
in the memory pool.

Recent research indicates that attention MIL models pri-
marily utilize a small subset of patches from a WSI when
calculating the bag feature z [27, 30]. This suggests that the
original slide can be distilled by removing low-contribution
patches: P = {pn}Nn=1 → P̂ = {pn}Kn=1, where K ≪ N .
Yan et al. [27] demonstrated that the top few dozen patches
with the highest attention scores account for over 90% of
the model’s attention. Therefore, one possible approach is
to use patches with high attention scores (top-K) to approx-
imate the original bag feature:

ẑ =
∑K

n=1
anhn ≈ z =

∑N

n=1
anhn. (9)

Thus, instead of storing the entire slide, we store the
distilled slide (pseudo-bag) in the memory pool M =
{(P̂i, yi)} to approximate the data distribution of the WSI
memory pool M = {(Pi, yi)}. While using only the top-K
patches is a tempting approach, it has been shown that other
patches can also contribute valuable information [29].

Therefore, we propose the MaxMinRand strategy to dis-
till the essential information from the WSI:
• MaxMinRand: selects K/2 patches randomly and se-

lects K/4 patches with the highest and the lowest atten-
tion scores, respectively.
We also consider other methods and will present them

in Sec. 5.4. We adopt the reservoir sampling method [23]
to update the slide-level memory pool. The reservoir sam-
pling method can guarantee each slide-level sample shares
the same probability of being stored and removed in the
memory pool for the current task.

4.3. Framework Overview
The model’s overall architecture, as depicted in Figure 3,
follows a structured, task-oriented data flow. Input data is
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Figure 3. Overview of our framework architecture. The black arrows denote the forward pass for current data, including patch-wise slide
processing, feature encoding, and memory pool updates. Orange rectangles represent patch-level features, while deep orange rectangles
indicate bag-level feature representations. The green paths indicate the knowledge distillation process between teacher and student net-
works, incorporating both attention-based and logit-based distillation losses alongside cross-entropy supervision.

sequentially fed into the model in alignment with the pro-
gression of tasks. At the conclusion of each task, a sub-
set of distilled samples is retained in a buffer through the
PMP (Pseudo-Bag Memory Pool) method. When training
transitions to the next task, the model is provided with data
from both the current task and the buffered samples. For
data from the current task, the model engages in regular
parameter updates, as our experiments suggest that inter-
ference from prior tasks can impede effective adaptation to
new data. During the replay of buffered samples from previ-
ous tasks, the model applies AKD to mitigate forgetting of
prior knowledge. The final loss function, integrating these
components, is formulated as follows:

L = LCE + αLattn + βLlogits, (10)

where (α, β) are hyperparameters that apply only to the data
in the buffer. The complete process is outlined in Alg. 1.

5. Experiments
In this section we present experiments demonstrating the
efficacy of our MIL methods on CL for WSIs.

5.1. Setup
Datasets. For class incremental learning (CIL), we utilized
a skin cancer dataset [5], as well as three publicly available
datasets for WSI analysis: Camelyon16 [4, 13], TCGA-
LUNG [17], and TCGA-RCC [25]. These datasets repre-
sent diverse challenges in histopathology and support the
evaluation of our method’s ability to generalize across dif-
ferent cancer types and data distributions. Details about the
datasets and preprocessing steps are in the Supplemental.

We utilized two primary groups of datasets for class-
incremental learning tasks. First, we followed [5], which
divides the skin cancer dataset into three class-incremental

Algorithm 1 Overview
1: Input: Attention network fθ , classifier fϕ, number of tasks T , training setD =

{{(Ht
i, y

t
i)}

nt
i=1}

T
t=1, yt

i ∈ Y , memory poolM.
2: Initialize: fθ , fϕ,M = ∅
3: for t = 1 to T do
4: Obtain current task dataDt = {(Ht

i, y
t
i)}

nt
i=1.

5: Combine current task and memory pool D̄ = Dt ∪M.
6: for sample in D̄ do
7: Obtain (H, y) from sample
8: Calculate attention outputs: A, z = fθ(H).
9: LCE = LCE(fϕ(z), Y ).

10: if (H, y) ∈ M then
11: Obtain previous output (Ã, f̃ϕ(z)) from sample.
12: Lattn = LKL(A, Ã) (Eq. 8).
13: Llogits = LKL(fϕ(z), f̃ϕ(z))
14: else
15: Lattn = 0,Llogits = 0.
16: end if
17: L = LCE + αLattn + βLlogits.
18: (θ, ϕ) = (θ, ϕ) + η∇θ,ϕ(L)
19: (H̃, y, Ã, f̃ϕ(z)) = Distill(H, y,A, fϕ(z))

20: M← reservoir(M, (H̃, y, Ã, f̃ϕ(z))).
21: end for
22: end for

tasks. Each task within this group comprises two distinct
class labels. The second group (denoted as Camelyon-
TCGA) consists of the Camelyon16, TCGA-LUNG, and
TCGA-RCC datasets, organized sequentially into three
tasks based on dataset source: Camelyon16 → TCGA-
LUNG → TCGA-RCC. We employed cross-validation
for Camelyon-TCGA. This structured progression enables
the model to incrementally learn from different domains,
demonstrating its ability to generalize across varied types
of cancer and histopathological data.

Models and CL methods. We employed CLAM [15]
and TransMIL [20] as baseline MIL models. CLAM builds
upon ABMIL by incorporating a multiclass categorization
framework, making it particularly suitable for our experi-
mental setup involving multiple cancer types. In contrast,
TransMIL uses self-attention mechanisms instead of the
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gated-attention modules that our theoretical framework as-
sumes. Despite this architectural difference, we apply our
AKD to TransMIL to study the generality of our AKD.

We compare performance with state-of-the-art CL meth-
ods for image classification, including experience replay
(ER) [18], DER++ [2] and LwF [12], and a MIL-specific
method, MICIL [5]. We also conduct joint training (JT)
of the model using a single dataset of merged tasks, which
is considered as the upper-bound performance of CL, and
fine-tuning (FT) on each task dataset sequentially, which is
the baseline performance.

In the Skin Cancer dataset, each slide contains only a
few hundred to a few thousand patches. Thus during CL on
this dataset, we do not use our PMP to distill slides, and thus
only apply our AKD or other CL methods. For replay-based
methods, we set the memory pool size to 42 and use the
parameters recommended in their papers for other methods.

On the Camelyon-TCGA, to ensure training stability, we
use a balanced memory pool, which maintains an equal
number of samples for each class in the memory pool, ap-
plying reservoir sampling within each class. Each WSI
comprises over 10k patches, presenting a significant mem-
ory challenge for CL methods. To manage this, we evaluate
replay-based methods with different memory settings of 5,
10, and 30 WSIs for comprehensive comparison.

Evaluation. To evaluate the performance of models
across CL tasks, we primarily used balanced average ac-
curacy (AACC) to measure the overall performance across
all tasks. We also report backward transfer (BWT) and the
intransigence measure (IM) to quantify the ability to retain
and adapt. See the Supplemental for more details.

5.2. Comparison with CL methods
First, we conduct experiments on the Skin Cancer dataset,
and the results are presented in Tab. 2. MICIL w/ ER is MI-
CIL with experience replay. All CL methods significantly
outperform the fine-tuning approaches. Among these meth-
ods, our approach achieves AACC performance that most
closely reaches the theoretical upper bound of joint training.
Furthermore, the results for BWT and IM indicate that our
method keeps the effectiveness in mitigating catastrophic
forgetting while facilitating continual adaptation to new in-
formation.

The results on Camelyon-TCGA are presented in Tab. 3.
Traditional CL methods face considerable challenges on
this dataset, which includes over 2,000 large-scale WSIs.
These methods struggle to perform effectively, particu-
larly when applied to the TransMIL model, with some CL
approaches even underperforming compared to the base-
line fine-tuning method. This discrepancy arises because,
despite their improved memory retention, traditional CL
methods often fall short in adapting to new tasks, as re-
flected in their BWT and IM scores. In contrast, our method

successfully addresses these limitations by integrating our
AKD and PMP. This approach mitigates forgetting while
also enhancing the model’s ability to learn new tasks, result-
ing in performance gains of up to 37% over other methods
when applied to the CLAM model.

Finally, we note that despite the architectural differences
in attention between CLAM and TransMIL, our experimen-
tal results indicate that TransMIL also works effectively
with our proposed AKD, achieving strong outcomes across
all evaluated metrics. This demonstrates the robustness
and adaptability of the AKD method, even when applied
to models with varying attention mechanisms.

5.3. Visualizations

Fig. 1 visualizes the heatmap of CLAM attention during dif-
ferent CL sessions. The model’s attention shifts when an
MIL model is trained sequentially from different tasks. We
visualized a sample in the Task 1 test set. The model should
ideally focus on the tumor region. However, during fine-
tuning, the model tends to reduce its attention to the tumor
region and pay much more attention to the normal region.
In contrast, for our method, the tumor region is nearly white
in the difference heatmap, maintaining the original atten-
tion on the important tumor areas. Moreover, the attention
changes brought by our method are much lower than those
of the fine-tuning method.

5.4. Ablation Study

As introduced in Sec. 4.2, we explored several strategies for
constructing the pseudo-bag representation. Here, we com-
pare the performance of MaxMinRand with the following
alternatives:

• Random: randomly selects K patches.
• Max: selects K patches with the highest attention scores.
• MaxMin: selects K/2 patches with the highest attnetion

scores, and K/2 with the lowest attention scores.
• MaxRand: selects K/2 patches each from the Random

strategy and Max strategy.

Tab. 4 summarizes the results of these different strate-
gies. Surprisingly, both Random-based and MaxMin-based
strategies achieve comparable performance, suggesting that
AKD does not heavily rely on patches with the highest at-
tention scores. Instead, AKD appears to emphasize the
global attention distribution.

We also investigated the contribution of each component
in our method to the overall results. As shown in Tab. 5, our
proposed PMP method achieves a 37% and 5% improve-
ment over the basic ER approach using entire WSI, without
requiring additional storage. While the AKD method con-
tributes a 40% and 8% improvement. The study clearly un-
derscores the effectiveness of our method, as it enhances
performance efficiently without imposing further storage
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Table 2. CL performance of CLAM and TransMIL on Skin Cancer dataset. The best performances are highlighted as bold.

CLAM TransMIL
Methods AACC ↑ BWT↑ IM↓ AACC ↑ BWT↑ IM↓

Joint training 0.7311 - - 0.7647 - -
Fine-tuning 0.3167 -0.8701 -0.1942 0.3000 -0.9239 -0.1771
LwF 0.3333 -0.8823 -0.2339 0.3000 -0.9239 -0.1923
MICIL 0.3000 -0.9239 -0.1923 0.3000 -0.8944 -0.2087
ER 0.5388 -0.3869 -0.0942 0.6050 -0.4041 -0.1356
DER++ 0.5343 -0.4931 -0.1604 0.5329 -0.5124 -0.1356
MICIL w/ ER 0.5285 -0.4523 -0.1275 0.6275 -0.3705 -0.1356
Ours 0.5926 -0.4056 -0.1604 0.6418 -0.3741 -0.1523

Table 3. CL performance of CLAM and TransMIL on Camelyon-TCGA dataset. The best performances are highlighted as bold. The
standard deviations of BWT and IM metrics can be found in the supplementary material.

CLAM TransMIL
CL Type Method Memory Size AACC ↑ BWT ↑ IM ↓ AACC ↑ BWT ↑ IM ↓

Baselines Joint training
-

0.858±0.016 - - 0.818±0.027 - -
Fine-tuning 0.296±0.014 -0.865 -0.014 0.290±0.002 -0.751 0.024

Regularization LwF
-

0.295±0.013 -0.865 -0.013 0.296±0.010 -0.747 0.021
MICIL 0.295±0.008 -0.866 -0.013 0.294±0.011 -0.760 0.014

Rehearsal

ER

5 WSIs

0.294±0.010 -0.864 -0.012 0.296±0.008 -0.748 0.020
DER++ 0.301±0.010 -0.857 -0.013 0.288±0.021 -0.752 0.025
MICIL w/ ER 0.289±0.013 -0.869 -0.010 0.290±0.009 -0.759 0.018
Ours 0.657±0.032 -0.329 -0.017 0.374±0.060 -0.635 0.018
ER

10 WSIs

0.352±0.063 -0.785 -0.017 0.297±0.012 -0.746 0.021
DER++ 0.372±0.070 -0.760 -0.020 0.299±0.015 -0.738 0.024
MICIL w/ ER 0.298±0.006 -0.863 -0.015 0.302±0.016 -0.746 0.016
Ours 0.729±0.041 -0.217 -0.059 0.394±0.085 -0.595 0.024
ER

30 WSIs

0.494±0.058 -0.565 -0.011 0.308±0.011 -0.728 0.021
DER++ 0.449±0.048 -0.645 -0.020 0.315±0.028 -0.739 0.006
MICIL w/ ER 0.308±0.021 -0.835 -0.006 0.298±0.019 -0.739 0.024
Ours 0.754±0.029 -0.177 -0.058 0.489±0.059 -0.460 0.018

Table 4. Ablation study of different distillation methods for AKD
on CLAM and TransMIL in Camelyon-TCGA dataset.

Method CLAM AACC TransMIL AACC
Random 0.695±0.010 0.391±0.065
MaxMin 0.679±0.025 0.391±0.054
Max 0.595±0.121 0.340±0.008
MaxRand 0.705±0.021 0.395±0.036
MaxMinRand 0.729±0.041 0.394±0.085

Table 5. Ablation study on our components using CLAM on
Camelyon-TCGA dataset.

Method CLAM AACC TransMIL AACC
ER 0.296±0.014 0.290±0.002
AKD 0.692±0.037 0.373±0.045
PMP 0.672±0.025 0.348±0.052
PMP+AKD 0.729±0.041 0.394±0.085

demands, demonstrating a significant advancement in op-
timizing resource-constrained learning environments.

6. Conclusion

In this paper, our analysis reveals that the main cause of
catastrophic forgetting in attention MIL models is the degra-
dation of bag-level feature representations due to changes in
the attention module. To address this, we propose a pseudo-
bag memory pool (PMP) method to enable replay-based
CL for MIL and an attention knowledge distillation (AKD)
technique to preserve the attention relationships and main-
tain representation quality. Experiments on WSI datasets
demonstrate the effectiveness of PMP and AKD in signif-
icantly improving CL performance for traditional MIL ar-
chitectures. This work establishes an important foundation
for further research on CL for gigapixel images and weakly-
supervised learning in real-world clinical applications.

Limitations. The current limitation is that our methods still
need to store past patch features. While storing features
largely reduces privacy risks compared to raw images, it
may still pose privacy concerns. In the future, we will ex-
plore more privacy-friendly data replay methods.
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