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Abstract. Whole Slide Image (WSI) analysis in digital pathology re-
quires continual learning (CL) to adapt to growing data streams without
catastrophic forgetting. Current CL methods for WSIs face challenges
from large sample sizes and strict patient privacy constraints, risking ei-
ther data leakage or limited performance on visually similar categories.
Existing methods suffer from inter-task class confusion due to insuffi-
cient discriminative supervision, and an inability to update prior class
representations. To address these, we propose AlignMIL-NS with two
innovations: (1) Prototype-Class Feature Alignment (PCFA), which en-
forces within-task alignment between class and visual features while pro-
moting inter-task discrimination; and (2) Null Space Class Feature Up-
date (NS-CFU), which refines previous task representations within their
task-specific null spaces to mitigate interference from new tasks. On a
challenging five-dataset WSI benchmark, AlignMIL-NS achieves 89.1%
AACC on both task orders, outperforming all rehearsal-free methods and
matching rehearsal-based approaches without storing any patient data.

Keywords: Continual Learning · Multiple Instance Learning · Whole
Slide Image

1 Introduction

Whole Slide Image (WSI) analysis is fundamental to digital pathology, enabling
automated disease diagnosis, prognosis, and treatment response prediction. Due
to the gigapixel nature of WSIs and the absence of instance-level annotations,
Multiple Instance Learning (MIL) [8, 14, 19, 25, 5] has become the predominant
paradigm, treating each slide as a bag of patches supervised only by slide labels.
Recent integration of vision-language models (VLMs) into MIL frameworks [17,
24, 13] further enhances semantic alignment in pathology classification.

Despite their strong performance, existing MIL methods are designed for
fixed data distributions and struggle when new disease subtypes or data modali-
ties emerge over time. This motivates continual learning (CL) [26], which aims to
sequentially acquire new knowledge without forgetting previously learned tasks.
WSI-based CL faces particularly acute challenges: the number of available slides
per task is small yet each slide is extremely large, and stringent patient privacy
regulations make it infeasible to retain raw data across tasks [7, 10].
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Existing CL strategies include regularization-based [9, 11], architecture-based [18],
rehearsal-based [2, 12], and prompt/prototype-based methods [22, 21, 23]. Recent
WSI-specific works (ConSlide [7], AKD-PMP [10], MICIL [15], and QPMIL-
VL [6]) achieve competitive performance while respecting privacy constraints.
However, applying general CL to WSI-based MIL remains challenging: instance-
level labels are absent, bag sizes are large, and privacy constraints preclude most
rehearsal techniques. Our analysis of prototype-based methods (e.g., QPMIL-
VL) reveals two limitations: (i) insufficient discriminative supervision causes
confusion when new classes are visually similar to prior ones; (ii) frozen old-task
prototypes cannot adapt to interference from new tasks, degrading performance
on challenging benchmarks.

To address these issues, we propose AlignMIL-NS, a prototype-based con-
tinual MIL framework incorporating two targeted improvements. First, Prototype-
Class Feature Alignment (PCFA) enforces within-task alignment between
learned prototypes and class-level features while simultaneously promoting cross-
task discriminability, reducing confusion among visually similar categories across
incremental steps. Second, Null Space Class Feature Update enables contin-
uous refinement of previous-task class representations by constraining updates
to the null space of each task’s original feature subspace, effectively suppressing
interference from new tasks without corrupting previously acquired knowledge,
representing a fundamentally different philosophy from conventional methods
that freeze old representations to avoid forgetting. The primary contributions of
this paper are summarized as follows:
– PCFA improves within-task alignment and cross-task separability for con-

fusable classes.
– NS-CFU updates previous-task representations in null spaces to reduce in-

terference.
– A five-dataset class-incremental benchmark with cross-task visual similarity.

2 Preliminaries

2.1 Class-incremental MIL Formulation

In the class-incremental MIL, the model sequentially learns a series of task ses-
sions with MIL datasets D = {D1,D2, ...,DT }, where the t-th task’s dataset is
Dt = {(Bt

i , y
t
i , t)}

nt
i=1. B

t
i is a bag, and yti ∈ Ct is the corresponding label from

the set Ct.

2.2 Prototype-based MIL

Normally, a WSI bag is segmented into n patches, and the features of these
patches are extracted by a vision encoder Z = {hi} = Ev(xi) ∈ Rn×D, where
xi represents the i-th patch. TOP [17] introduces a prototype-based pooling
strategy to aggregate the instance features Z into a bag-level representation
fb ∈ RD.

fb = mean(Softmax(Z · f⊤
p )⊤ · Z), (1)
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where fp = El(P ) ∈ RN×D is the prototype features, encoded by a fixed language
encoder from a set of learnable prompt templates P ∈ RN×L. For conventional
classification task, prototype-based MIL can be optimized via loss function

LC = − log
exp[τ ·⟨fb,[fc]y⟩]∑C

k=1 exp[τ ·⟨fb,[fc]k⟩]
, (2)

where C is the total number of classes, [fc]k is the learnable k-th class feature,
τ is a temperature parameter, and y is the true class.

However, existing prototype-based CL methods are incompatible with MIL:
OnPro [23] requires instance-level labels, while L2P-type methods [22] cannot
scale to tens of thousands of instances. QPMIL-VL [6] addresses this gap with
a prototype pool {(ki, fpi

)}Mi=1 and prototype querying fq = Pooling(Z) ∈ RD

to filter out prototypes suitable for each task, while also leveraging VLMs to
enhance semantic expression in terms of labels fc ∈ RD:

fc = mean(El(Tc)) + βvc, (3)

where Tc ∈ Rm×L represents the text tokens corresponding to class descriptions,
β is a multiplier and vc ∈ RD is a learnable vector. Besides using the standard
LC , optimization of the prototype-based MIL network in the class-incremental
learning setting uses a prototype matching loss LM , which enhances relevance
between query vectors and selected prototypes:

LM = − 1
N

N∑
i=1

⟨fq, kti⟩, (4)

where kti is the selected keys at task t.

3 Proposed Method

3.1 Analysis of Prototype-based MIL

Existing prototype-based MIL methods such as QPMIL-VL [6] suffer perfor-
mance degradation when distinguishing visually similar classes across sequential
tasks. Fig. 1(left) visualizes the average class-bag feature similarity over three
tasks, revealing two critical issues: (1) current-task class features become exces-
sively similar to bag features of previously learned tasks, sometimes surpassing
the similarity to their own class (red circle, T3); and (2) frozen class features
from previous tasks grow similar to bag features from subsequent tasks, caus-
ing symmetric confusion. Both issues stem from the lack of explicit cross-task
discriminability constraints and the inability to update previous class represen-
tations, causing certain categories of catastrophic forgetting.

3.2 Prototype-Class Feature Alignment (PCFA)

QPMIL-VL lacks explicit constraints enforcing the alignment between current
class features and visual features while discriminating them from previously
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Class 0 1 2 3 4 5

Recall 0.57 0.00 0.81 0.79 0.90 0.93

Class 0 1 2 3 4 5

Recall 1.00 0.75 0.86 0.89 0.87 0.89

Class 0 1

Recall 1.00 0.75

Class 0 1 2 3

Recall 1.00 0.75 0.85 0.84

Fig. 1: Average feature similarity heatmaps of QPMIL-VL (left, T1-T3) and
AlignMIL-NS (right, T3) across sequential task sessions (separated by black
dashed lines). The x-axis and y-axis correspond to bag feature labels and class
feature labels, respectively. Green/gray outlines indicate current/previous task
sub-matrices; red outlines (upper off-diagonal) show new-task features misclas-
sified as previous classes; blue outlines (lower off-diagonal) show previous-task
features misclassified as new classes. Per-class recall is shown at the bottom.

learned visual features. Since historical visual features are inaccessible in the
CL setting, we approximate them using prototype features fp. Our proposed
PCFA enforces alignment between current-task class features f t

c and their cor-
responding prototype features f t

p, while simultaneously discriminating against
prototypes from previous tasks.

Formally, given a class feature f t
c from task t, matched prototype features

{f t
pi
}Ni=1, and negative prototype features from previous tasks {f j

p}j<t, the pro-
posed PCFA loss is:

s+i = ⟨f t
c , f

t
pi
⟩/τ, i ∈ {1, . . . , N},

s−k = ⟨f t
c , f

j
pk
⟩/τ, j < t,

LPCFA(t) = − log
∑N

i=1 exp(s+i )∑N
i=1 exp(s+i )+

∑
j<t

∑
k exp(s−k )

. (5)

This loss maximizes intra-task feature alignment and enhances inter-task dis-
crimination, effectively addressing catastrophic forgetting among visually similar
classes, as shown in Fig. 2 (b). Compared with the InfoNCE formulation [16],
our PCFA loss can handle multiple positive samples.

3.3 Null Space Class Feature Update

In existing frameworks, class features from previous tasks typically remain static
during the training of subsequent tasks to prevent interference. However, this
approach may yield suboptimal class representations due to early convergence,
i.e, they cannot take into account the changes of the optimal discriminative class
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boundaries due to the introduction of new classes. To refine these previous-task
class representations to be dissimilar to new-task class features without impairing
the previous task, we propose updating class features exclusively within their
task-specific null spaces after training each task.

The null space ϕj for class j is defined as the directions orthogonal to the
visual features for class j, i.e., the null space of the query feature matrix F j

q

aggregated from all WSIs in class j. Any change of the class feature f j
c in direc-

tions of ϕj will minimally change its response to visual features from the j-th
class, thus preserving the j-th task’s knowledge. Fig. 2 (c) illustrates this update
process. Specifically, for each previously learned task j, we enforce updating the
class feature f j

c along its null space ϕj to satisfy:

⟨f i
q, f

j
c + ϕjα

⊤
j ⟩ < ⟨f i

q, f
j
c ⟩ − γ, ∀j < t, i ̸= j, (6)

where αj is an optimizable update step, and γ is a margin hyperparameter.
Note that the similarity within the j-th task is unchanged, as the null-space
constraint implies: ⟨f j

q , f
j
c + ϕjα

⊤
j ⟩ = ⟨f j

q , f
j
c ⟩. The corresponding optimization

loss for calculating αj is:

Lαj
=

∑
i̸=j

ReLU(⟨f i
q, ϕjα

⊤
j ⟩+ γ). (7)

After computing αj , the class feature is then updated,

f j
c ← f j

c + ϕjα
⊤
j . (8)

Practically, an exact null space may not exist. We compute the task query
matrix Fq by concatenating all query vectors from Dt, then perform SVD:
(U,Λ, V ⊤) = SVD(Fq). If rank(Fq) < min(rows(Fq), cols(Fq)), the null space
ϕt is spanned by the columns of V corresponding to zero singular values; other-
wise, we approximate it using the subspace of the ten smallest singular values
following [20]. We store ϕt for subsequent sessions. The learnable parameter α
is then optimized via the loss in Eq. 7.

3.4 Overall Framework

As depicted in Fig. 2(a), the final loss is defined as:

L = LC + λMLM + λPCFALPCFA. (9)

During training on task t, each WSI is processed through prototype querying,
aggregation (Eq. 1), and classification (Eq. 2), with PCFA applied per batch;
previous class features are simultaneously refined in their respective null spaces
via Eq. 8. After each task session concludes, the null space for the current task
is computed via SVD for use in subsequent sessions.
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Fig. 2: Overview of AlignMIL-NS. (a) Pipeline: patch feature extraction (Ev),
prototype querying and aggregation, and class feature generation (El, tunable
vc). (b) Prototype-class feature alignment. (c) Null space class feature update.

4 Experiments

4.1 Experiment Setup

New Class-Incremental Learning Benchmark. We introduce a challenging
benchmark of five WSI datasets: Camelyon16 [1], TCGA-LUNG, TCGA-BRCA,
TCGA-ESCA, and TCGA-RCC [3]. Camelyon and BRCA share breast cancer
origin but differ in tissue type, posing inter-task similarity challenges; RCC spans
three subtypes, adding intra-task complexity. Performance is assessed under two
orderings: Forward (Camelyon → LUNG → BRCA → ESCA → RCC) and
Reverse (same sequence inverted). Patches (256×256 at 20× magnification) are
extracted via CLAM [14] and encoded into 512-d features by the visual encoder of
CONCH [13], whose language encoder is used to generate class features (Eq. 3).
Evaluation is conducted using patient-level 5-fold cross-validation (4 folds: 80%
train / 20% val; 1 fold for testing); statistics are in Tab. 2.

Implementation Details. All models are trained with Adam (lr=1e-3) for
12 epochs per session, with N = 5 prototypes assigned per session (25 total). For
AlignMIL-NS, we set memory pool size M = 25, null space threshold γ = 0.4,
and loss weights λM = 0.5, λPCFA = 1.0. Tab. 4 shows that AlignMIL-NS reduces
parameters by 15× over QPMIL-VL by replacing the language-encoded proto-
types fp = El(P ) with directly learnable vectors fp ∈ RN×D, while maintaining
identical FLOPs (11-class inference, 10k patches/slide).

Evaluation Metrics. We report three metrics after all T tasks. Average
accuracy AACC = 1

T

∑T
j=1 aT,j measures final accuracy. Backwards transfer

BWT = 1
T−1

∑T−1
j=1 (aT,j − aj,j) quantifies forgetting. Intransience measure IM
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Table 1: Continual learning results (%). AACC: mean ± std over 5 folds; BWT
and IM: mean only. Methods marked @N use a replay buffer of N slides.

Forward-order Reverse-order
Method AACC ↑ BWT ↑ IM ↓ AACC ↑ BWT ↑ IM ↓
Joint Train (upper bound) 90.3 ± 1.6 — — 90.3 ± 1.6 — —
Fine-tune (lower bound) 19.6 ± 1.1 -89.4 -0.8 20.0 ± 0.7 -88.7 -0.7
EWC 19.8 ± 1.2 -88.9 -0.7 20.1 ± 0.8 -88.5 -0.7
LwF 20.1 ± 1.4 -88.0 -0.5 21.3 ± 1.4 -87.4 -0.3
MICIL 23.1 ± 2.4 -88.3 -0.1 19.0 ± 0.5 -92.9 0.3
ER@30 71.6 ± 5.1 -28.4 -0.8 71.9 ± 4.7 -28.6 -1.2
DER++@30 73.1 ± 3.6 -27.1 -1.2 73.4 ± 6.6 -27.5 -1.8
ConSlide@30 76.4 ± 1.0 -21.9 5.1 86.0 ± 1.3 -8.4 -1.8
PMP-AKD@30 90.0 ± 1.4 -5.5 -4.1 89.1 ± 2.4 -7.1 -4.3
QPMIL-VL 79.1 ± 5.3 -15.1 -0.7 72.7 ± 2.2 -22.8 -0.7
AlignMIL-NS (ours) 89.1 ± 1.4 -4.0 -1.8 89.1 ± 1.4 -3.6 -0.9

= 1
T

∑T
j=1(a

∗
j − aj,j) measures plasticity relative to joint training, where aT,j is

accuracy on task j after training all tasks, aj,j is accuracy right after learning
task j, and a∗j is joint-training accuracy.

Baseline Methods. Fine-tuning (AlignMIL-NS w/o LM ) and joint train-
ing serve as lower/upper bounds (Baseline). Regularization methods include
EWC [9], LwF [11], and MICIL [15]. Rehearsal-based methods include ER [4],
DER++ [2], ConSlide [7], and AKD-PMP [10]. QPMIL-VL [6] is the Prototype-
based baseline most related to our work.

4.2 Results

Rehearsal-Free Superiority. AlignMIL-NS achieves AACC of 89.1% on both
task orders, substantially outperforming rehearsal-free baselines (EWC: 19.8%/20.1%,
LwF: 20.1%/21.3%, MICIL: 23.1%/19.0%) and QPMIL-VL (79.1%/72.7%), with
BWT of -4.0/-3.6 (Fwd/Rev), far closer to zero than QPMIL-VL (-15.1/-22.8),
confirming both strong plasticity and reduced forgetting.

Robustness and Rehearsal Parity. Unlike QPMIL-VL (79.1%→72.7%
under order reversal), AlignMIL-NS maintains 89.1% on both orderings. It also
matches PMP-AKD (90.0%/89.1%, buffer=30 slides) without storing any patient
data, eliminating privacy and storage concerns.

4.3 Ablation Studies

Tab. 3 ablates each component on the forward-order benchmark.
Baseline Performance. Without both components (AACC 77.3%), the

language encoder from QPMIL-VL can be safely removed without degradation.
Impact of Null Space Class Feature Update. Adding NS-CFU alone

(“w/o PCFA”) raises AACC to 83.6%, confirming that null-space updates refine
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Fig. 3: Prototype and class feature visualization of QPMIL-VL (left) and our
AlignMIL-NS (right). In the same task, prototype and class features are repre-
sented by the same color. The class features are represented as ×’s.

classifier boundaries. This gain is robust to the margin hyperparameter γ: NS-
CFU consistently improves over the baseline for γ ∈ [0, 0.6].

Impact of PCFA. PCFA alone (“w/o Null Space") yields AACC 87.9%
(+10.6%), highlighting the critical role of cross-task feature alignment.

Table 2: Dataset statistics.
Dataset Label Slides

Camelyon16 Normal 239
Tumor 160

LUNG LUAD 493
LUSC 484

BRCA IDC 761
ILC 191

ESCA ESAD 84
ESCC 66

RCC
CCRCC 519
PRCC 297
CHRCC 121

Table 3: Ablation Study (AACC, %).
Configuration AACC
w/o PCFA & Null Space 77.3 ± 5.1
w/o PCFA 83.6 ± 5.2
w/o Null Space 87.9 ± 1.7
AlignMIL-NS (full model) 89.1 ± 1.4

Table 4: Model parameters and FLOPs
comparison.

Model Params (M) FLOPs (M)
QPMIL-VL 0.479 57.62
AlignMIL-NS 0.031 57.62

4.4 Feature Visualization

Fig. 3 shows t-SNE visualizations (reverse-order, 5-fold). AlignMIL-NS forms
tighter prototype clusters and class features closely align with their prototypes.
In contrast, QPMIL-VL’s class features in Tasks 3 and 4 deviate from their
prototypes, reflecting weaker alignment and reduced discriminative power.
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5 Conclusion

We presented AlignMIL-NS, a privacy-preserving continual MIL framework that
combines PCFA and NS-CFU to mitigate catastrophic forgetting in WSI anal-
ysis, demonstrating strong knowledge retention and adaptability on a challeng-
ing benchmark. A current limitation is that the joint-training upper bound of
AlignMIL-NS still trails static MIL models such as CLAM [14] and HIT [7];
closing this gap is our primary direction for future work.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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