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Abstract. Continual learning (CL) for pathological whole slide image
(WSI) classification is challenging because gigapixel images, sparse diag-
nostic cues, and cross-organ domain shifts exacerbate catastrophic for-
getting. In addition, existing methods often rely on rehearsal buffers,
which are difficult to deploy in clinical practice under privacy and gover-
nance constraints. We propose knowledge memory pool multiple instance
learning (KMP-MIL), a rehearsal-free continual MIL framework that
couples a frozen pathology foundation model (FM) with parameterized
memory-based adaptation. KMP-MIL introduces: 1) a growing KMP
that incrementally stores compact task-specific memory units instead of
replayed samples, and 2) query-based memory retrieval with prototype-
conditioned feature calibration (PFC) and textual calibration (TC) in a
shared vision-language space to improve adaptation. The framework sup-
ports task-CL with task identity (ID) and class-CL with task-agnostic
inference through a universal memory pool that retrieves task-relevant
knowledge without task ID. Experiments on sequential cross-organ WSI
classification across breast, lung, kidney, and esophagus datasets show
strong and stable performance. KMP-MIL achieves 89.08% average accu-
racy in task-CL and competitive class-CL results with reduced forgetting.
It is also stable under reverse-order evaluation and storage-efficient, with
persistent memory growing from 0.80 MB to 3.21 MB over four tasks,
about 3.14% of a replay buffer storing 10 WSIs. Our code is available at
https://github.com/Lingling-Yuan/KMP-MIL.
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1 Introduction

Whole slide images (WSIs) provide cellular-resolution evidence that is critical for
tumor diagnosis and subtyping. However, a single slide can reach gigapixel-level
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resolution, while diagnostic cues are sparse and unevenly distributed across the
tissue [19]. These properties make dense annotation over WSIs impractical, due
to high cost and engineering burden [3, 25]. As a result, clinical-grade WSI clas-
sification commonly uses weakly supervised multiple instance learning (MIL). In
MIL, each WSI is split into patches and treated as a bag, and the model learns
from slide-level labels. Aggregation modules, such as attention mechanisms or
transformers, combine patch features to produce a slide-level prediction without
pixel-level annotations [16, 9, 22]. In real deployments, data collection rarely s-
tays fixed. Systems often grow incrementally, expanding from pilot sites to more
hospitals, and from a single organ to multiple organs [23, 7]. With changing clini-
cal needs and collaborations, the model must continuously incorporate data from
new sources, forming a sequential task stream as shown in Fig. 1A. Therefore,
models need continual learning (CL), rather than one-time offline training, to
keep performance on earlier tasks while learning new ones [6, 18].

When organ-specific tasks arrive sequentially, CL faces greater catastrophic
forgetting risk. Large differences in tissue structure, staining appearance, and
scanning protocols across organs and cancer types can cause the model to over-
write useful cues from earlier tasks when learning later tasks, worsening forget-
ting in cross-organ settings [24]. Existing pathology CL methods often rely on
rehearsal buffers that store representative slides or sample-level embeddings, and
combine replay with regularization or distillation to stabilize MIL aggregation
across tasks [8, 17, 13, 12, 11]. However, compliance and data governance can re-
strict centralized storage and replay of historical WSIs, limiting the applicability
of buffer-based methods. This motivates rehearsal-free CL methods that retain
knowledge without storing or replaying past slides or sample-level features.

Motivated by these constraints, we study rehearsal-free continual WSI classi-
fication with sequential organ-specific tasks, while considering that task identity
(ID) may be unavailable at inference. We propose knowledge memory pool multi-
ple instance learning (KMP-MIL), as shown in Fig. 1. KMP-MIL couples a frozen
pathology foundation model (FM) with parameterized memory-based adaptation
in a vision-language space. Instead of replaying historical WSIs, it maintains a
growing knowledge memory pool (KMP) of compact task-specific memory units.
For each slide, a WSI-level query retrieves Top-K units to provide knowledge-
conditioned context. The retrieved units are used for prototype-conditioned fea-
ture calibration (PFC) before MIL aggregation, while textual calibration (TC)
uses class text prototypes to calibrate bag representations and improve semantic
alignment. KMP-MIL supports both task-CL and class-CL. In task-CL, retrieval
is restricted to the task-specific KMP segment when task ID is available; in class-
CL, the model queries a universal pool built from all seen tasks for task-agnostic
prediction. Our main contributions are as follows:

– We propose KMP-MIL, which uses a growing KMP to store compact task-
specific memory units, thereby avoiding the replay of historical WSIs.

– We design a query-based mechanism for WSI-specific Top-K memory selec-
tion, and combine it with PFC and TC in a shared vision-language space to
improve adaptation and cross-organ semantic alignment.
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– We evaluate KMP-MIL on sequential cross-organ WSI classification across
breast, lung, kidney, and esophagus datasets under both task-CL and class-
CL settings, including reverse-order evaluation. KMP-MIL achieves strong
performance with reduced forgetting and good storage efficiency.

2 Proposed Method

We study rehearsal-free continual WSI classification with sequentially intro-
duced organ-specific tasks. The learning stream contains T tasks indexed by
t ∈ {1, . . . , T}, and each task provides training data from a new organ domain.
We propose KMP-MIL, which maintains a growing KMP for rehearsal-free CL
and applies PFC and TC to improve cross-domain robustness.

2.1 Training Stage

Knowledge Memory Pool (KMP). For each task t, we maintain a task-
specific KMPt = {(ktm, ptm)}Mm=1, as shown in Fig. 1B. Each memory unit con-
tains a learnable key ktm ∈ RC in the aligned visual-text space and prompt tokens
ptm ∈ RL×D for WSI aggregation, where C denotes the visual-text embedding
dimension, and L and D denote the prompt length and the hidden dimension of
the frozen text tower Etxt, respectively. As tasks arrive, the memory pool grows
as KMP1:t =

⋃t
t′=1 KMPt′ , enabling rehearsal-free CL by storing compact pa-

rameterized memory units instead of historical WSIs. For a WSI bag Xi, we
extract patch embeddings hij by the frozen pathology FM image encoder Eimg

and form Hi = [hi1, . . . , hiNi ]
> ∈ RNi×C . We obtain a WSI-level query qi ∈ RC

by max pooling over patch embeddings, using it only as a lightweight retrieval
router to preserve sparse diagnostic cues without adding trainable query mod-
ules. To inject task knowledge into retrieval, we use Etxt to encode a task-level
descriptor dt that captures organ-specific histological patterns and diagnostic
morphological cues. The resulting embedding initializes the newly added keys in
KMPt, providing semantic priors that improve early routing stability by reduc-
ing ambiguity between current-task keys and historical keys. In parallel, class
text embeddings are used as class prototypes for TC. We `2-normalize qi and all
keys, so cosine similarity is equivalent to an inner product. The retrieval score
for the m-th key in task t is:

sti,m = cos(qi, k
t
m) = q>i k

t
m, m ∈ {1, . . . ,M}, (1)

where higher sti,m indicates the query is more consistent with the memory unit.
We select Top-K indices Iti = TopK({sti,m}Mm=1) from current-task keys and use
Lmatch = 1 − 1

BK

∑B
i=1

∑
m∈Iti

sti,m to align queries with retrieved keys, where
K is the retrieval size and B is the batch size. For calibration and aggregation,
we convert the Top-K retrieval similarities into normalized weights wi,m using
softmax, so that more relevant memory units receive larger weights while non-
selected units are assigned zero weight. To stabilize retrieval, we encourage each



4 L. Yuan et al.

Prototype-conditioned feature calibration (PFC)



Patch 
features

𝐻𝐻𝑖𝑖 ∈ ℝ𝑁𝑁𝑖𝑖×𝐶𝐶

𝛼𝛼𝑖𝑖 ,𝛽𝛽𝑖𝑖 ∈ ℝ𝐶𝐶

𝐻𝐻𝑖𝑖′ ∈ ℝ𝑁𝑁𝑖𝑖×𝐶𝐶

Calibrated 
features

Calibration
parameters

Textual knowledge

Task2: Lung

LUAD        LUSC CCRCC      PRCC
ESAD       ESCC

Task1: Breast Task3: Kidney Task4: Esophagus

Knowledge
A.

 S
tre

am

𝑋𝑋𝑖𝑖 = 𝑥𝑥𝑖𝑖𝑗𝑗 𝑗𝑗=1

𝑁𝑁𝑖𝑖

𝑬𝑬img

𝑓𝑓 ⋅;𝜃𝜃

…

B.
 T

ra
in

in
g

Semantic 
vector

Query

𝑞𝑞𝑖𝑖 ∈ ℝ𝐶𝐶

Patch features

𝐻𝐻𝑖𝑖 ∈ ℝ𝑁𝑁𝑖𝑖×𝐶𝐶

Class-level prompts
A histopathological 

image of class name 
(esophageal squamous 

cell carcinoma)

Task-level descriptors
Barrett's esophagus with 
intestinal metaplasia……

Max 
pooling

Top-𝐾𝐾 memory units

𝑬𝑬txt
𝑔𝑔 ⋅;𝜙𝜙

Pathology 
FM

Task1      Task2      Task3     Task4   

… … … …

Top-𝐾𝐾 prototypes

…
Aggregation

Bag 
feature

Top-𝐾𝐾 by 
similarity 

score

 Task-CL

Cosine 
classifier

C.
 In

fe
re

nc
e

Top-𝐾𝐾 retrieval

Logits

 Class-CL

…Top-𝐾𝐾
retrieval

…

…

…

…

Task1 …

Task2 …

Task3 …

Task4 …

Known task ID  Unknown task ID  

ℒroute ℒmatch

ℒregCalibration 
vector

key 𝑘𝑘𝑚𝑚
prompt 𝑝𝑝𝑚𝑚

Un
iv

er
sa

l K
M

P

Knowledge memory pool (KMP)

…

Enhanced prototypes
…

Class text prototypes
…

Textual calibration (TC)

𝑤𝑤𝑐𝑐 𝑐𝑐=1
𝐶𝐶cls  ∈ ℝ𝐶𝐶cls×𝐶𝐶 𝑒𝑒𝑐𝑐 𝑐𝑐=1

𝐶𝐶cls ∈ ℝ𝐶𝐶cls×𝐶𝐶

Input WSI bag Query generation

𝑣𝑣𝑖𝑖 ∈ ℝ𝐶𝐶

𝛽𝛽𝑖𝑖 ∈ ℝ𝐶𝐶

𝑝𝑝𝑚𝑚 ,𝑘𝑘𝑚𝑚

No-replay
Frozen
Trainable

Forward
Retrieval

Fig. 1. Overview of KMP-MIL for rehearsal-free continual WSI classifica-
tion. A: Data stream. Sequential stream of four organ-specific WSI tasks. B: Train-
ing. Frozen Eimg extracts patch features; query q retrieves Top-K KMP units for PFC
and prototype-guided aggregation, and TC-enhanced prototypes from Etxt are used
for classification. C: Inference. Task-CL retrieves within the task-specific KMP using
task ID, while class-CL retrieves from a universal KMP without task ID.

query to prefer current-task keys over past-task keys using a routing loss:

Lroute =
1

B

B∑
i=1

softplus

(
mpast

i −mcur
i + µ

τ

)
, (2)

where mcur
i = maxm q>i k

t
m and mpast

i = maxt′<t, m q>i k
t′

m, and µ and τ are the
margin and temperature, respectively. For the first task, we set Lroute = 0. The
KMP loss is LKMP = Lmatch+λrouteLroute. The retrieved memory units provide
knowledge-conditioned context for downstream MIL aggregation, enabling the
model to focus on task-relevant patterns without accessing past training data.
During continual training, only the newly added memory units in KMPt are
updated, while memory units from previous tasks are frozen and reused.
Prototype-conditioned Feature Calibration (PFC). To mitigate domain
shift across sequential organ tasks, we calibrate patch features using the Top-K
memory units retrieved from KMP. Given a query qi, we reuse the KMP retrieval
outputs, including the Top-K index set Iti and the normalized retrieval weights
wi,m. Inspired by FiLM [20], we propose the PFC module, which attaches learn-
able calibration parameters to each KMP memory unit, as shown in Fig. 1B.
Specifically, for task t, we learn two channel-wise parameter pools {αt

m}Mm=1 and
{βt

m}Mm=1 with αt
m, β

t
m ∈ RC , where each pair (αt

m, β
t
m) serves as an affine mod-

ulator in the shared embedding space. Because these parameters are indexed by
retrieved KMP units, the modulation is compact and retrieval-aware, which is
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suitable for rehearsal-free CL. For each bag, we fuse the retrieved calibration pa-
rameters using the retrieval weights αi =

∑
m∈Iti

wi,mα
t
m, βi =

∑
m∈Iti

wi,mβ
t
m,

and calibrate the patch embedding matrix Hi ∈ RNi×C as:

H ′i = Hi � αi + 1Ni
β>i , (3)

where αi, βi ∈ RC are broadcast to all Ni patches, 1Ni
∈ RNi is an all-ones

vector, and � denotes channel-wise multiplication. To avoid overly aggressive
modulation, we regularize the fused scaling and bias by encouraging αi to stay
close to the identity transform and βi to stay close to zero:

Lreg =
1

BC

B∑
i=1

C∑
c=1

(αi,c − 1)
2
+

1

BC

B∑
i=1

C∑
c=1

(βi,c)
2
. (4)

The calibrated patch embeddings H ′i are then aggregated by a prototype-guided
MIL module using multi-prototype cosine-weighted pooling, where cosine sim-
ilarities between patch features and retrieved KMP prototypes are normalized
across patches to compute the bag feature vi.
Textual Calibration (TC). To align prediction with the shared vision-language
embedding space, we build class text prototypes using a textual template ensem-
ble. For each class c, we construct multiple textual descriptions by combining
template sentences with class-name variants, and encode them with Etxt to ob-
tain a base class text prototype wc. We then introduce a residual TC module
for CL. Specifically, as shown in Fig. 1B, a learnable calibration vector uc ∈ RC

is added to the base prototype to form the enhanced prototype ec = wc + γuc,
where γ is a residual scaling factor. This residual design preserves the semantic
prior of wc while allowing task-adaptive refinement under CL. Given the bag
representation vi, we `2-normalize vi and ec and compute class logits by cosine
similarity ŷi,c. We optimize the classification branch with Lcls and a class similar-
ity regularizer to reduce prototype collapse Lsim = 1

Ccls(Ccls−1)
∑

a6=b

(
e>a eb + 1

)
,

where Ccls is the number of classes, and a and b index different class prototypes.
Training Objective. We optimize only the new KMPt, PFC calibration pa-
rameters αt

m and βt
m, and TC prototype residual uc. The overall objective is

L = Lcls + LKMP + λregLreg + λsimLsim, where Lcls is the cross-entropy loss.

2.2 Inference Stage

As shown in Fig. 1C, KMP-MIL uses the same forward pipeline in both evalua-
tion settings, but differs in retrieval scope. For a test WSI, we compute a query
qi and retrieve Top-K memory units from KMP to guide feature calibration and
prototype-guided aggregation, producing the bag representation vi and scaled
cosine logits with TC-enhanced class prototypes. By reusing stored memory u-
nits from previous tasks, the model leverages knowledge at test time without
storing or replaying historical WSIs, alleviating forgetting. In task-CL, retrieval
is restricted to the task-specific pool KMPt to match the known organ domain.
In class-CL, task ID is unavailable, so we retrieve from a universal pool KMP1:t



6 L. Yuan et al.

75.79

76.46

76.64

74.21

86.94

89.32

89.08

87.03

70 75 80 85 90

0.1

0.3

0.5

1.0

𝜆𝜆route

A. Dataset statistics for CL B. ACC comparison under task-CL

76.64 

71.89 

76.48 

76.02 

75.95 

75.22 

89.08

86.31

88.85

88.14

87.34

87.80 

70 75 80 85 90

KMP ℒroute PFC ℒreg TC



 

  

   



    

Task-CL ACC
Class-CL ACC

C. Ablation study of KMP-MIL

D. Task-CL ACC vs. 𝑲𝑲 and 𝑴𝑴

86.65 87.08 86.98 84.54

87.52 88.32 86.73 85.57

86.90 88.54 89.08 87.11

85.41 86.16 87.34 87.075

10

15

20

1 3 5 10

KM
P 

ca
pa

ci
ty

 (𝑀𝑀
)

Retrieval size (𝐾𝐾) Task-CL ACC Class-CL ACC

76.05

76.64

76.43

75.32

88.22

89.08

88.54

86.97

70 75 80 85 90

0.01

0.10

0.20

0.30
𝜆𝜆reg

E. Class-CL ACC vs. 𝑲𝑲 and 𝑴𝑴 F. Effect of 𝝀𝝀𝐫𝐫𝐫𝐫𝐫𝐫𝐫𝐫𝐫𝐫 G. Effect of 𝝀𝝀𝐫𝐫𝐫𝐫𝐫𝐫

72.14 73.53 73.86 71.26

73.29 75.25 74.86 72.76

70.19 71.02 76.64 73.22

70.02 71.36 75.40 73.985

10

15

20

1 3 5 10

KM
P 

ca
pa

ci
ty

 (𝑀𝑀
)

Retrieval size (𝐾𝐾)

Task-CL
ACC

85

86

87

88

89

Class-CL
ACC

72

74

76

H. Storage efficiency

Fig. 2. Dataset statistics and related experimental results for continual WSI
learning. A: Dataset statistics of the four sequential organ-specific WSI tasks used
for CL. B: ACC comparison across different CL methods under task-CL. C: Ablation
study of KMP-MIL under task-CL and class-CL.D-E: Sensitivity analysis of K andM
under task-CL and class-CL. F-G: Sensitivity analysis of λroute and λreg under task-CL
and class-CL. H: Storage efficiency comparison between KMP-MIL and replay-based
methods across sequential tasks.

formed by all seen tasks, enabling task-agnostic inference while reusing learned
memory units and calibration parameters.

3 Experiments

3.1 Experimental Setup

Datasets. We used four organ-specific WSI datasets covering breast, lung, kid-
ney, and esophagus. Unless otherwise specified (i.e., reverse-order evaluation),
the sequential task order is breast → lung → kidney → esophagus. The breast
dataset is from BRACS [1] with three categories, and the other three datasets
are from TCGA1, including non-small cell lung carcinoma (NSCLC), renal cell
carcinoma (RCC), and esophageal carcinoma (ESCA), each with two categories.
Detailed statistics are shown in Fig. 2A. We cropped non-overlapping 256× 256
patches at 10× magnification using CLAM [16].
Implementation Details. All experiments were conducted on an NVIDIA
RTX 4090 GPU. We trained the model sequentially for 20 epochs per task and
reported the mean and standard deviation (std) over 10-fold cross-validation
with patient-level splits. Due to variable-sized MIL bags, we used batch size
1 with gradient accumulation over 16 iterations per optimizer step. For a fair
1 https://portal.gdc.cancer.gov
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Table 1. Performance comparison under class-CL (task ID unavailable). Results are
reported as mean ± std, with the best performance highlighted in bold.

Method Performance (↑) Forgetting (↓)

ACC AUC PR-AUC FACC FAUC FPR-AUC

Finetune 15.83±1.14 68.83±1.80 67.53±1.65 41.71±2.68 22.63±0.94 21.65±0.76
A-GEM/10 [4] 31.49±12.55 78.05±8.96 74.95±8.24 12.14±5.27 12.76±8.07 11.94±7.21
ER/10 [21] 73.88±3.86 91.20±2.19 88.29±2.26 14.91±2.50 5.47±2.10 5.61±2.08
DER++/10 [2] 75.79±3.13 93.74±1.56 90.48±1.97 12.81±2.26 3.00±1.32 3.50±1.63
EWC [10] 13.07±6.17 84.08±4.28 81.73±3.94 11.25±2.92 3.03±0.92 3.05±0.64
LwF [14] 51.10±4.17 93.61±0.96 90.15±1.17 21.10±3.39 3.80±0.49 2.48±0.72
MICIL [17] 20.74±7.25 90.77±1.68 87.74±1.31 15.53±5.70 4.06±0.88 4.54±1.05
QPMIL-VL [5] 75.55±3.38 92.49±1.22 90.05±1.37 8.18±1.74 2.91±0.60 2.75±0.50
Ours (KMP-MIL) 76.64±2.27 93.56±0.98 90.64±0.93 7.15±1.72 2.13±0.62 2.08±0.54

comparison, all methods were evaluated using the pre-trained CONCH encoder
Eimg [15] to extract patch features. Trainable parameters were optimized with
Adam (lr=5e−2, weight decay=5e−4). Unless otherwise stated, we set M = 10,
K = 5, µ = 0.05, τ = 0.07, λroute = 0.5, λreg = 0.1, λsim = 0.5, and γ = 0.5.
Evaluation Metrics. We evaluated KMP-MIL under task-CL and class-CL us-
ing classification metrics: accuracy (ACC), area under the ROC curve (AUC),
and area under the precision-recall curve (PR-AUC). To measure old-task degra-
dation, we used the corresponding forgetting rates, FACC, FAUC, and FPR-AUC,
when the base metrics were reported. These rates are especially informative in
class-CL, where unavailable task IDs make cross-task confusion central.

3.2 Results

Comparison with SOTA. We compared KMP-MIL with representative CL
baselines under both task-CL and class-CL settings, including rehearsal-based
methods (A-GEM [4], ER [21], and DER++ [2]), regularization methods (EWC
[10] and LwF [14]), and pathology-oriented CL methods (MICIL [17] and QPMIL-
VL [5]). Under task-CL, KMP-MIL achieves the best ACC on three of four organ-
s, namely breast, lung, and esophagus, while remaining competitive on kidney,
as shown in Fig. 2B. It reaches 73.91% on breast, 91.06% on lung, and 96.71%
on esophagus, and attains the highest average ACC across organs at 89.08%,
surpassing QPMIL-VL at 88.59%. Under class-CL, where task ID is unavailable
at inference, KMP-MIL achieves the best overall balance between performance
and forgetting, as shown in Table 1. It obtains the highest ACC and PR-AUC,
while maintaining a highly competitive AUC that is close to the best report-
ed result. In addition, KMP-MIL yields the lowest forgetting metrics, including
FACC, FAUC, and FPR-AUC.
Ablation Study. The ablation results in Fig. 2C show that KMP is the core con-
tributor in both task-CL and class-CL, as it preserves task-specific knowledge
through compact memory units. Starting from the KMP-only variant, adding
Lroute improves class-CL by 0.73% while slightly reducing task-CL by 0.46%, in-
dicating reduced routing ambiguity under task-agnostic inference. Adding PFC
further improves task-CL and class-CL by 0.80% and 0.07%, respectively, and
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Table 2. Performance comparison under reverse-order CL (sequence: esophagus →
kidney→ lung→ breast) for both task-CL and class-CL settings. Results are reported
as mean ± std, with the best performance highlighted in bold.

Method Task-CL setting Class-CL setting

ACC (↑) AUC (↑) ACC (↑) AUC (↑) FACC (↓) FAUC (↓)

Finetune 64.58±3.04 88.29±2.21 12.19±3.20 66.37±2.46 28.97±3.26 5.51±2.44
A-GEM/10 [4] 81.27±2.39 89.28±1.20 36.32±9.39 75.57±5.43 21.94±4.99 4.82±2.00
ER/10 [21] 84.83±2.07 92.78±1.33 70.32±3.36 93.88±2.04 19.38±3.47 2.15±1.17
DER++/10 [2] 85.18±1.94 93.13±1.02 70.14±3.56 93.60±1.63 18.90±3.42 2.36±0.51
EWC [10] 78.72±1.88 90.25±2.01 13.97±5.94 82.58±3.93 26.79±4.20 4.81±1.23
LwF [14] 88.35±2.87 95.90±1.14 49.03±4.74 93.90±1.22 25.37±4.83 5.32±1.43
MICIL [17] 87.73±1.03 93.20±1.29 23.44±8.32 92.54±1.28 22.66±4.03 3.21±1.84
QPMIL-VL [5] 86.27±2.93 92.92±0.82 69.48±2.33 92.21±1.82 19.62±3.20 2.15±0.91
Ours (KMP-MIL) 88.46±2.44 95.79±0.91 71.90±3.77 94.11±1.18 16.16±2.93 1.40±0.78

Lreg brings additional gains of 0.71% and 0.46%, suggesting that retrieval-aware
calibration mitigates cross-organ feature shift while avoiding over-modulation.
TC alone performs worse than KMP-only by 1.49% in task-CL and 3.33% in
class-CL, showing that textual prototypes alone cannot replace memory retrieval.
When combined with KMP-MIL, TC provides complementary semantic align-
ment, yielding the best overall results.
Hyperparameter Sensitivity Analysis. We analyzed the key hyperparame-
ters of KMP-MIL, including KMP capacity M , retrieval size K, and the weights
of Lroute and Lreg in Fig. 2D-G. M and K balance memory cost and retrieval
coverage, where too small values may miss task knowledge and overly large
values may introduce redundant memories. KMP-MIL remains stable across d-
ifferent settings, with strong balanced performance around M = 10, K = 5,
λroute = 0.5, and λreg = 0.1. λroute improves task-agnostic routing in class-CL,
while λreg stabilizes PFC by preventing overly aggressive feature modulation.
Reverse-order Evaluation. We further evaluated KMP-MIL under a reverse-
order CL setting, as shown in Table 2. KMP-MIL achieves the best ACC in both
task-CL and class-CL, reaching 88.46% and 71.90%, respectively. Under class-
CL, KMP-MIL also achieves the best AUC at 94.11% and the lowest forgetting
metrics, including FACC of 16.16% and FAUC of 1.40%. These results show that
KMP-MIL is less sensitive to this reversed task order and can effectively reduce
forgetting in this more challenging CL scenario.
Rehearsal-free Storage Efficiency. To evaluate the rehearsal-free advantage
of our method in continual WSI learning, we further compared the persistent
storage cost of KMP-MIL with replay-based methods. As shown in Fig. 2H, as
tasks are added sequentially, the cumulative storage of KMP-MIL increases only
from 0.80 MB to 3.21 MB. In contrast, a replay-based method requires about
102.40 MB when storing 10 WSIs in the buffer. This means that after four tasks,
KMP-MIL uses only about 3.14% of the replay storage budget, which greatly
reduces storage cost in CL. These results highlight the rehearsal-free nature of
KMP-MIL: even without replaying historical samples, it can still retain and
transfer knowledge effectively with very small persistent storage overhead.
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4 Conclusion

In this paper, we proposed KMP-MIL as a rehearsal-free continual MIL frame-
work for WSI classification. It couples a frozen pathology FM with a growing
KMP. By retrieving compact task-specific memory units and combining PFC
with TC, KMP-MIL reuses knowledge without storing or replaying historical
WSIs, thereby reducing catastrophic forgetting in cross-organ CL. KMP-MIL
supports both task-CL and class-CL settings, including task-agnostic inference
when task ID is unavailable. Experiments show stable performance, reduced
forgetting, robustness under reverse-order evaluation, and favorable storage effi-
ciency. One limitation is that the current KMP uses a fixed memory budget per
task and grows linearly with the number of tasks. Adaptive memory allocation,
memory merging, pruning, compression, Top-K task-origin tracing, and visual-
ization of retrieved memory units, feature shifts, and prototype shifts are future
directions for longer task streams and better interpretability.
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