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Abstract

Whole Slide Image (WSI) classification has very significant
applications in clinical pathology, e.g., tumor identification
and cancer diagnosis. Currently, most research attention is fo-
cused on Multiple Instance Learning (MIL) using static WSI
datasets. One of the most obvious weaknesses of these meth-
ods is that they cannot efficiently preserve and utilize previ-
ously learned knowledge. With any new data arriving, clas-
sification models are required to be re-trained on both previ-
ous and current new data. To overcome this shortcoming and
break through traditional vision modality, this paper proposes
the first Vision-Language-based framework with Queryable
Prototype Multiple Instance Learning (QPMIL-VL) specially
designed for incremental WSI classification. This framework
mainly consists of two information processing branches: one
is for generating bag-level features by prototype-guided ag-
gregation of instance features, while the other is for enhanc-
ing class features through a combination of class ensem-
ble, tunable vector and class similarity loss. The experiments
on four public WSI datasets demonstrate that our QPMIL-
VL framework is effective for incremental WSI classification
and often significantly outperforms other compared methods,
achieving state-of-the-art (SOTA) performance.

Code — https://github.com/can-can-ya/QPMIL-VL

Introduction

Histopathology Whole Slide Image (WSI) is crucial for
the diagnosis and treatment of tumor diseases (Song et al.
2023). To model gigapixel WSIs (e.g., 90,000 x 90,000
pixels) for training clinical-grade models, many methods
based on Multiple Instance Learning (MIL) have been ex-
tensively studied in the field of computational pathology
(CPATH) (Campanella et al. 2019; Lu et al. 2021; Lin et al.
2023; Liu et al. 2024c). A shared characteristic of these
methods is that they are specially designed for capturing a
static data distribution (e.g., a given WSI dataset with two
lung cancer subtypes), still following conventional machine
learning paradigm. However, in the real-world, the distribu-
tion of WSI data could be dynamic due to the arrival of new
datasets or the discovery of emerging cancer types (Van der

*Corresponding Author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

3158

/_Store Vision

5| —— :

21! 1

alt ——— |

ol Replay :

i |
1 e
i 1

= Image Instance features ! .
1

‘é’\:\% Encoder Aggregator T Classify
Y\\‘ ’/I

® | ST Vision

\:5, Image
i Encoder

Text Class features
Encoder

Classify

WSI Data Stream

v

Figure 1: (a) Existing visual modality framework for in-
cremental WSI classification with buffer dependency; (b)
our proposed Vision-Language-based framework with a
queryable prototype pool and class feature enhancement.

Laak, Litjens, and Ciompi 2021; Derakhshani et al. 2022).
As a result, a well-trained WSI classification model that is
suitable for previous data often cannot adapt to new data.
Therefore, it must be re-trained on the entire dataset (includ-
ing both previous and new data), leading to a significant in-
crease in training costs. This presents the necessities of new
methods well-tailored to dynamic data distributions.

Incremental Learning (IL) (Li and Hoiem 2017), also re-
ferred to as continual learning or lifelong learning, is exactly
such approach to filling the aforementioned gap. As a new
learning paradigm, it can encourage models to maintain the
memory stability on old data distributions while adapting to
a new one (Wang et al. 2024), thus mitigating the notori-
ous catastrophic forgetting problem (McCloskey and Cohen
1989). Owing to such practical benefit, this new paradigm
has attracted great attention and has shown strong poten-
tial for application in the real-world (Li et al. 2019; Cac-
cia et al. 2021; Wang, Huang, and Hong 2022). Similarly,
in CPATH, IL strategies are also noticed recently and show
promising performance in learning from dynamic WSI data.
Concretely, ConSlide (Huang et al. 2023a) is proposed for
the first time to study incremental WSI classification, as il-



lustrated in Fig. 1 (a). (1) Like most existing methods, Con-
Slide captures image-level features for WSI classification,
relying solely on a traditional vision modality. (2) Moreover,
to retain certain past data, an additional buffer is utilized
to enable the model to review previous knowledge while
learning new information. This may result in privacy con-
cerns (Shokri and Shmatikov 2015) and higher computa-
tional costs, leaving a gap to the resource efficiency goal
pursued in IL (Wang et al. 2024).

Recent works, e.g., PLIP (Huang et al. 2023b), Prov-
GigaPath (Xu et al. 2024) and CONCH (Lu et al. 2024),
have deeply demonstrated the significant potential of Vision-
Language Models (VLMs) in CPATH. Breaking through tra-
ditional vision modality, this kind of new models could ef-
fectively exploit pathology features from both vision and
language modalities. All of these motivate us to leverage
foundational pathology VLMs to study incremental learning
for WSI classification.

To extend the pure vision frameworks, we propose a new
Vision-Language-based framework with Queryable Pro-
totype Multiple Instance Learning (QPMIL-VL) for in-
cremental WSI classification, as shown in Fig. 1 (b). Specif-
ically, (1) in the vision branch, inspired by L2P (Wang
etal. 2022), we design a Queryable Prototype MIL (QPMIL)
module comprising a prototype pool and prototype-guided
aggregation. This module encourages the model to incre-
mentally learn a set of prototypes corresponding to each
dataset through a prototype-query mechanism, effectively
mitigating catastrophic forgetting without relying on extra
buffer. (2) In the language branch, we propose a Class Fea-
ture Enhancement (CFE) module. We employ CFE to in-
crease the diversity of text descriptions via a class ensem-
ble approach and further refine it with tunable vector and a
class similarity loss. Our experiments show that QPMIL-VL
could often surpass other state-of-the-art (SOTA) methods
by a large margin in incremental WSI classification tasks.
The contributions of this work are as follows:

I) To our knowledge, beyond traditional pure vision
frameworks, we propose the first Vision-Language-based
framework for incremental WSI classification.

II) We devise a new Queryable Prototype Multiple In-
stance Learning (QPMIL) strategy to alleviate catastrophic
forgetting. In this strategy, instance features are matched
with a set of prototypes through querying to guide the gen-
eration of WSI bag-level feature.

IIT) Extensive experiments are performed on four public
WSI datasets. The results demonstrate the superiority of our
QPMIL-VL over the existing methods.

Related Work
Multiple Instance Learning for WSI Classification

Multiple Instance Learning (MIL) focuses on learning from
weakly-annotated data, where only an unknown subset of
instances within each input bag is relevant to the label. Due
to the unique data characteristics of WSI, the MIL paradigm
is widely applied in WSI classification (Campanella et al.
2019; Li, Li, and Eliceiri 2021; Shao et al. 2021; Zhang
et al. 2022; Zheng et al. 2023; Liu et al. 2024b). Among
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these methods, ABMIL (Ilse, Tomczak, and Welling 2018)
proposes an attention-based instance feature aggregation.
By leveraging ResNet for instance-level feature extraction,
CLAM (Lu et al. 2021) introduces an interpretable weakly-
supervised learning method, focused on data-efficient WSI
processing. However, most of these studies focus on static
MIL classification tasks and rarely consider the incremental
WSI classifcation with MIL.

Incremental Learning

Recently, Incremental Learning (IL) has gained signifi-
cant attention, aiming to enable deep models to continu-
ally acquire knowledge like humans. IL algorithms can be
classified into three main categories. Regularization-based
methods (Kirkpatrick et al. 2017; Li and Hoiem 2017)
aim to reduce catastrophic forgetting by limiting changes
to key parameters but often fall short of optimal results.
Architecture-based methods (Rusu et al. 2016; Mallya and
Lazebnik 2018; Li et al. 2019; Ke, Liu, and Huang 2020)
train an independent module for each task but typically
apply only to task-incremental learning scenario requiring
task identity during inference. Additionally, although preva-
lent Rehearsal-based methods (Chaudhry et al. 2018, 2019;
Prabhu, Torr, and Dokania 2020; Buzzega et al. 2020; Cac-
ciaet al. 2021) could achieve SOTA performance on various
benchmarks (Parisi et al. 2019; Mai et al. 2022), these meth-
ods rely on additional buffer to store past data. When buffer
size is limited, the performance of such these methods dete-
riorates (Cha, Lee, and Shin 2021). They will even become
inapplicable when historical data is unavailable (Shokri and
Shmatikov 2015). Currently, most of these studies focus
more on natural images, not medical gigapixel WSIs, except
ConSlide (Huang et al. 2023a).

Vision-Language Models

Recent research has made significant success in devel-
oping Vision-Language Models (VLMs). For example,
CLIP (Radford et al. 2021) learns SOTA image represen-
tations, by the training on 400 million (image, text) pairs.
Coca (Yu et al. 2022) employs contrastive and captioning
losses to pre-train a foundation model comprising an image-
text encoder-decoder. Additionally, some specialized VLMs
like PLIP (Huang et al. 2023b), Prov-GigaPath (Xu et al.
2024) and CONCH (Lu et al. 2024) have been developed in
CPATH. These VLMs need large datasets for pre-training, so
they could often show excellent generalizability capabilities.
Moreover, some VLMs combined with certain fine-tuning
methods (Zhou et al. 2022; Yu et al. 2023; Gao et al. 2024)
are widely transferred to various downstream tasks (Wang
et al. 2023; Qu et al. 2024; Li et al. 2024; Liu et al. 2024a).
At present, to our knowledge, the potential of VLMs for in-
cremental WSI classification remains unexplored.

Preliminaries
Problem Formulation

Incremental WSI classification requires a model to contin-
uously learn new knowledge from sequential tasks on non-
stationary datasets, while retaining the knowledge learned



from prior tasks. We define a sequence of WSI datasets
D = {Dy,---,Dr}, in which the ¢-th dataset D,
{(xf,y!)}7, contains the tuples of sample x! and its cor-
responding bag-level label yf, where 1 < ¢t < T and n;
is the sample number in D;. When training is made on
current dataset D;_, the data from previous datasets (i.e.,
D1, -+ ,Ds,_1) may be limited or even unavailable.

For a given WSI sample x!, in class-incremental learn-
ing scenario, the model only uses ! to predict its bag-level
label y!. In contrast, in task-incremental learning scenario,
the model combines sample ! with its corresponding task
identity ¢ together to predict label y?.

VLM Pre-training and Inference

In our work, we choose a SOTA VLM in pathology, i.e.,
CONCH (Lu et al. 2024), as our image and text encoders.
Pre-training. CONCH uses the contrastive learning on
diverse histopathology images, biomedical text, and over
1.17 million image-caption pairs (not including TCGA
Datasets). Based on CoCa (Yu et al. 2022), CONCH com-
bines an image encoder Fiy,, with f(-,6), a text encoder
E with g(+, ¢), and a multi-modal fusion decoder.
Zero-shot Patch Inference. Since CONCH is pre-trained
on patch-level WSI image-text pairs, after training is com-
pleted, zero-shot inference can be fulfilled on patch-level
samples. Specifically, given a patch p and class text token
set {t.}<_,, where C denotes total class number. The clas-
sification can be conducted based on the cosine similarity
between patch feature f(p, 8) and class feature g(t., ¢).

Proposed Method

To effectively fulfil incremental WSI classification, on tra-
ditional MIL framework, we introduce Vision-Language
Model and propose a queryable prototype MIL framework,
as shown in Fig. 2. It consists of two branches, one for gen-
erating bag-level feature (QPMIL), and the other for enhanc-
ing class text feature (CFE). In inference, the features from
both branches will be used to compute classification proba-
bility.

Queryable Prototype Multiple Instance Learning
(QPMIL)

As usual, one of the most important objectives for WSI
classification is to generate discriminative bag-level feature
representation. However, unlike traditional static classifica-
tion, our incremental classification task requires that all sub-
sequent model learning specifically avoids causing catas-
trophic impacts on the tasks learned earlier.

Moreover, it has been proved that the instances in differ-
ent WSIs, even in different WSI datasets, could often appear
high similarities, in terms of cell shape, staining response,
and tissue arrangement (Song et al. 2024).Therefore, similar
instances, even if they are from different datasets, could be
clustered into the same instance prototype. In view of this,
to generate more effective WSI bag-level feature, we intro-
duce VLM and instance-level feature prototypes, designing
a queryable prototype pool and prototype-guided aggrega-
tion.
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Prototype Pool. Specifically, the prototype pool consists
of M (key, prompt) prototype pairs { (k;, P;)}}L, initialized
using a Normal Distribution, k; € RPr, P; € REPXDe,
where Dy is the output feature dimension of encoder Ejn,e
and E, D. represents the embedding dimension of E
and L p indicates the total number of learnable vectors in
P;. In a prototype pair, the key works as a prototype identi-
fier, used by WSIs for querying, while the prompt acts as a
prototype descriptor, utilized to describe the specific visual
feature of instance prototype within WSIs.

Given a WSI sample x from Dy, it is first divided into n
non-overlapping patches {p,}?_,, i.e., instances. Then, all
instances are encoded by image encoder Eiy, with f(-,6),
generating n instance features Z € R™*P7 as shown in
Fig. 2. Next, we apply MaxPooling to features Z to obtain
the query vector of sample , i.e., z = MaxPooling(Z) €
RP7. MeanPooling is also tried and its experimental result
is provided in our Supplementary Material.

Subsequently, a query metric function ¢ : RPf x RPs —
R is defined to evaluate how close the query vector z
matches the key of each prototype pair. We employs the co-
sine distance for this evaluation. Finally, we are able to find
the most matched prototype keys through

Ky = TOp-N"Lin{q(z7ki)}iAil7 (1)

where Top-N™ denotes the operation of choosing the top-
N prototype keys with minimal z-key distances. However, in
prototype matching on different WSI datasets during incre-
mental training by Eq. 1, we observe that almost all samples
tend to choose the same set of N prototypes from pool. This
could usually lead to catastrophic forgetting in incremen-
tal learning. To effectively avoid this tendency, we define a
penalty factor pﬁc to optimize prototype choosing:

Kz = Top-N™"{q(z, k;) - pie}M,
te—1

Z Ft7tc 2 2a
t=1

where t. is the index of current WSI dataset D;_, F} =
[ff, -+, ft;] denotes the matching frequency table of M
prototype keys on dataset D; and pﬁc represents the ¢-th ele-
ment of penalty table P;,. In essence, this penalty factor am-
plifies the distances of z to all the prototype keys that have
high frequency matching on those datasets prior to D;,.

Prototype-guided Aggregation. After key matching, the
prompts Py = {PT}N | of top-N prototype pairs will be
further fed into text encoder E, to generate N prototype
features F), € RV*Pr,

Next, we compute the cosine similarity matrix § € R™*V
between instance features Z and prototype features F',.
Since each column in S exactly corresponds to a prototype, a
Softmax normalization along column direction is performed
to obtain a weighted aggregation matrix W € R™ N,
Finally, we obtain the prototype-guided bag-level features
through W, and their average yields the bag-level feature
f, € RPs for the WSI sample x. The procedure can be
represented as

f, = mean(Softmaz(Z x F," )T x Z).

1 (2
P pr—
fe ™t —1

3)
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Figure 2: The framework of QPMIL-VL. The prompts in the prototype pool enable an efficient incremental learning process by
gradually capturing the visual feature descriptions of instance prototypes present in the sequential WSI datasets.

Ideally, in incremental training, different datasets will
match a non-overlapped set of prototype pairs. In practice,
some prototype pairs could often be shared with low fre-
quencies by different datasets. Our method doesn’t impose
a strict independence of matched prototype pairs. Instead,
it allows WSI datasets to choose their optimal prototypes,
providing more flexibility and adaptability.

Class Feature Enhancement (CFE)

As shown in Fig. 2, class text feature enhancing branch is
designed to generate an enhanced class feature f’,,.

Class Ensemble. For a specific subtype of cancer, such as
“lung adenocarcinoma”, it can also be expressed as “adeno-
carcinoma of the lung”. Therefore, we adopt class ensemble
to obtain better class feature. For each cancer subtype, we
combine several common class names and templates to ob-
tain m different class text descriptions. All text descriptions
are encoded by text encoder Ex with g(+, ¢) to obtain initial
class feature matrix Fiye € R™*P7s and by averaging F',
we get the class feature f,, € RP7 for this subtype. The
entire calculation process can be expressed as

.ftxt = mean(g(T7 ¢))7 (4)

where T' € R™* L represents the text tokens corresponding
to the text descriptions and L is the length of text token.

Tunable Vector. To further refine class feature f,,, re-
ferring to the TaskRes (Yu et al. 2023), we design a tunable
(i.e., learnable) vector v € RP7 of the same dimension for
each class. The final enhanced class feature f/,,, € R/ is
calculated through

f,lxt:ftxl+a'v7 5
where « (default constant 0.5) is an additional amplitude
factor to control the superposition scale of vector v on fea-
ture f .
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Prediction and Optimization
Class Prediction. The probability of predicting the WSI
sample x as the class y can be computed as

e’ <fb’[-f,m]y>
SO erFulf ule)’

where C' indicates the total number of classes, [f” ] rep-
resents the c-th class feature, 7 is a temperature parameter
learned by CONCH (Lu et al. 2024) and (-, -) denotes the
cosine similarity.

Optimization Objective. To appropriately reduce the
similarity between features of different classes, we firstly
define a class similarity loss, which is calculated through

C C
Z Z <[f,lxt]i> [fltxl]j> +1. ()

i=1 j=i+1

(6)

p(ylz) =

2
Ls=——-
ST Co(Cc-
Moreover, there are another two losses. One is classifica-
tion loss. Based on Eq. 6, it is computed by
e‘r'<-fb7[-f,[xl]y>
S et e

The other is matching loss to make the matched keys
Ke = {kT}N, closer to the query vector z of WSI sam-
ple x. It is defined as

1 N
Lo = N;q(z,k?»

To optimize our QPMIL-VL model in training, based on
the three losses above, fotal loss L is computed by

Lr=Lc+ N Ly+B-Ls, (10)

where balance factors A and [ are set to constant 0.5. There-
fore, our optimization objective is to minimize L.

®)

Lo = —log

9)



IL Type | Method | ACC) Upper-bound Ratio (1)  Forgetting (].) BWT (1) | Params | Masked ACC (1)
Baseline JointTrain (Upper) 0.908 + 0.022 1.000 =+ 0.000 B . 0502 | 09370022
S FineTune (Lower) 0.308 & 0.045 *** 0.336 £ 0.045 0.841 £ 0.054 -0.841 £0.054 | 0.844 + 0.038 ***
Reeularizationbased | EWC (Kirkpatrick et al. 2017) 0.309 = 0.051 *** 0.338 £ 0.055 0.836 £ 0.064 -0.836 % 0.064 | (5, | 0.840 +0.035 ***
gularizat S LwF (Li and Hoiem 2017) 0.378 + 0.081 *** 0.412 + 0.083 0.731 £0.116 -0.731+£0.116 | 0.916 + 0.031
A-GEM/30 (Chaudhry et al. 2018) | 0.436 + 0.058 *** 0.477 £ 0.070 0.670 £ 0.072  -0.670 & 0.072 0.879 & 0.045 **
ER-ACE/30 (Caccia et al. 2021) | 0.666 + 0.049 *** 0.732 £ 0.051 0.075 £ 0.057 -0.070+0.059 | (50, | 0917 £0.023
Rehearsal-based DER++/30 (Buzzega et al. 2020) | 0.749 + 0.055 *** 0.823 £ 0.059 0.219 £0.059 -0.214+0.062 | 0.904 + 0.029 **
ER/30 (Chaudhry et al. 2019) 0.790 = 0.040 *** 0.870 == 0.049 0.186 £ 0.044  -0.186 & 0.044 0.894 + 0.036 **
ConSlide/30 (Huang et al. 2023a) 0.659 + 0.022 - 0.076 +0.030 -0.075 +0.030 | 39.446 | 0.861 0.017
ER/100 (Chaudhry et al. 2019) 0.827 & 0.028 *** 0.910 = 0.034 0.143 £ 0.034 -0.142 £0.032 | 0.502 | 0.918 £ 0.028
AttriCLIP (Wang et al. 2023) 0.616 & 0.056 *** 0.677 £ 0.071 0.285 £ 0.059 -0.285£0.059 | 0.111 | 0.844 -+ 0.026 ***
Pre-trained VLM-based | MI-Zero (Lu et al. 2023) 0.839 + 0.034 *** 0.927 £+ 0.044 - - - 0.909 £+ 0.019 **
QPMIL-VL (ours) 0.890 -+ 0.021 0.982 -+ 0.032 0.027 £ 0.014 -0.027 = 0.014 | 0.365 | 0.930 £ 0.018

Table 1: Main results in class-incremental learning scenario on forward-order training. The best performances are highlighted as
bold. “Params” represents the number of learnable parameters (M). Gray numbers are directly cited from published paper. “/30”
and “/100” mean buffer 30 WSIs and buffer 100 WSIs, respectively. We present the Masked ACC reflecting task-incremental
learning scenario for reference. */**/*** denote there are significant differences (paired t-test p-value < 0.05/0.01/0.001) be-

tween the best performance and others.

Experiments

Following the setup of previous representative work (Van de
Ven and Tolias 2019), we mainly evaluate QPMIL-VL in the
class-incremental learning scenario and additionally report
the results in the task-incremental learning scenario.

Experimental Details

Datasets. Following ConSlide (Huang et al. 2023a), we
use four public WSI datasets from The Cancer Genome
Atla (TCGA) repository: non-small cell lung carcinoma
(NSCLC), invasive breast carcinoma (BRCA), renal cell car-
cinoma (RCC) and esophageal carcinoma (ESCA). With the
arrival of each dataset, we add two additional classes to the
model for training and evaluation.

We use CLAM (Lu et al. 2021) to crop non-overlapping
256 x 256 patches from the segmented tissue at 10x
magnification. Then, pre-trained image encoder Ejn, in
CONCH (Lu et al. 2024) is used to extract instance features.

Evaluation Metrics. We assess all incremental learning
methods with Average Accuracy (ACC), Upper-bound Ra-
tio, Forgetting and Backward Transfer (BWT) (Lopez-Paz
and Ranzato 2017; Hayes et al. 2018; Fini et al. 2022). Be-
sides, we provide the Masked Average Accuracy (Masked
ACC) metric, which is used for reference only to evaluate
performance in task-incremental learning scenario by mask-
ing the logits of irrelevant classes. All results are reported by
the mean and standard deviation of ten-fold cross-validation.

Training Details. In all experiments, we set the num-
ber of training epoch to 12 for each dataset and use the
Adam (Kingma and Ba 2014) optimizer with Ir = 0.001 and
weight_decay = 0.0005. The mini-batch sizes on forward-
order and reverse-order training are set to 16 and 8, re-
spectively. For QPMIL-VL, we set M = 20, N = 5 and
Lp = 24. All experiments are conducted on a machine with
two NVIDIA GeForce RTX 3090 GPUs.

Refer to our Supplementary Material for more details.
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Comparison Results

Compared Methods. It is necessary to compare with
the upper and lower bounds of IL methods. We employ
the classic ABMIL (Ilse, Tomczak, and Welling 2018) as
the aggregator for the vision branch, serving as a Base-
line. Its performances by jointly training on all datasets
(JointTrain, non-incremental) are taken as upper bound,
and those by naively fine-tuning sequential datasets (Fine-
Tune) are taken as lower bound. In addition, we compare
Regularization-based methods: EWC (Kirkpatrick et al.
2017) and LwF (Li and Hoiem 2017); Rehearsal-based
methods: A-GEM (Chaudhry et al. 2018), ER (Chaudhry
et al. 2019), DER++ (Buzzega et al. 2020), ER-ACE (Cac-
cia et al. 2021) and ConSlide (Huang et al. 2023a); and
Pre-trained VLM-based methods: AttriCLIP (Wang et al.
2023) and MI-Zero (Lu et al. 2023). To ensure a fair com-
parison, all methods are adapted to VLM. Specially, they use
the same instance features and text encoder E\y, in CONCH.

Results on Forward-order Training. This set of com-
parisons on NSCLC—BRCA—RCC—ESCA is shown in
Tab. 1. From this table, we have three empirical findings.

(1) Our QPMIL-VL method is consistently superior to
all other methods, with parameters only slightly larger
than the smallest one. QPMIL-VL achieves an ACC of
0.890 = 0.021 with an Upper-bound Ratio as high as 0.982
£ 0.032, winning SOTA performance metrics. Its Upper-
bound Ratio is even 5.5% higher than that of MI-Zero, the
second-best method. Additionally, our model has a small
learnable parameter size of 0.365M, which is only slightly
larger than the smallest size of 0.111M in AttriCLIP. How-
ever, in terms of performance metrics, our method is far su-
perior to the lowest-parameter method, i.e., AttriCLIP. Be-
sides, in task-incremental experiments, our Masked ACC
could reach up to 0.930 £ 0.018, which is also significantly
higher than any achieved by other compared methods.

(2) Two regularization-based methods are almost in-
effective in WSI class-incremental learning scenario.
For example, as a regularization-based method, LwF only
achieves an ACC of 0.378 % 0.081, which is slightly higher



IL Type | Method | ACC(®) Upper-bound Ratio (1)  Forgetting (] BWT () | Masked ACC (1)
Baseline JointTrain (Upper) 0.908 + 0.022 1.000 <+ 0.000 - 0.937 + 0.022
. FineTune (Lower) 0.234 4+ 0.008 *** 0.262 £+ 0.010 0.927 +£0.023  -0.927 i 0.023 | 0.803 4 0.060 ***
Recularization-based EWC (Kirkpatrick et al. 2017) 0.235 £ 0.011 *** 0.264 £0.011 0.928 +0.020 -0.928 4+ 0.020 | 0.833 + 0.069 ***
g LwF (Li and Hoiem 2017) 0.236 +0.016 *** 0.265 £ 0.012 0.908 £ 0.030 -0.908 £ 0.030 | 0.900 £+ 0.041
A-GEM/30 (Chaudhry et al. 2018) | 0.536 £ 0.047 *** 0.591 £+ 0.053 0.527 £ 0.067 -0.527 + 0.067 | 0.872 £ 0.026 ***
ER-ACE/30 (Caccia et al. 2021) 0.703 £ 0.049 *** 0.777 £ 0.053 0.281 £0.062 -0.279 + 0.063 | 0.889 4+ 0.041 *
Rehearsal-based DER++/30 (Buzzega et al. 2020) 0.684 + 0.055 *** 0.755 £ 0.063 0.310 £0.069 -0.307 £ 0.072 | 0.910 £+ 0.043
ER/30 (Chaudhry et al. 2019) 0.644 £+ 0.028 *** 0.711 £0.033 0.387 £0.050 -0.386 + 0.049 | 0.901 + 0 035
ConSlide/30 (Huang et al. 2023a) 0.499 + 0.025 - 0.058 +0.032 -0.021 £ 0.039 | 0.854 £ 0.039
AttriCLIP (Wang et al. 2023) 0.694 4+ 0.058 *** 0.766 £ 0.061 0.207 £ 0.063  -0.207 + 0.063 | 0.861 £ 0.019 ***
Pre-trained VLM-based | MI-Zero (Lu et al. 2023) 0.839 +0.034 0.927 £ 0.044 - 0.909 £+ 0.019
QPMIL-VL (ours) 0.859 + 0.032 0.946 + 0.028 0.064 + 0.031 -0.064 i 0.031 | 0.925 + 0.018

Table 2: Main results in class-incremental learning scenario on reverse-order training.

QPMIL }%‘ ACC()  Forgetting (})
0.308 + 0.045
0.720 + 0,029
0.747 + 0.039
0.874 + 0,033
0.890 + 0.021

0.841 & 0.054
0.158 £ 0.025
0.149 4 0.037
0.052 £+ 0.030
0.027 & 0.014

SENENEN
SNENEN

v
v v

Table 3: Ablation studies on main components (TV: Tunable
Vector, CE: Class Ensemble, CSL: Class Similarity Loss).

Ablation | ACC™) Forgetting (|
w/o key 0.675 £ 0.029  0.332 4+ 0.034
w/o matching penalty | 0.659 +0.029  0.356 4 0.048
QPMIL-VL | 0.890 & 0.021  0.027 £ 0.014

Table 4: Ablation studies on prototype pool.

than the lower bound of 0.308 £ 0.045.

(3) Most rehearsal-based and pre-trained VLM-based
methods could achieve good classification results. The
rehearsal-based DER++ acquires an ACC of 0.749 &£ 0.055
with an Upper-bound Ratio of 0.823 + 0.059, and the
pre-trained VLM-based MI-Zero obtains an ACC of 0.839
+ 0.034 with an Upper-bound Ratio of 0.927 + 0.044.
Their Upper-bound Ratio results exceed 80%. Therefore,
these two types of methods are believed to be more effec-
tive than the former, consistent with natural image obser-
vations. Notably, although AttriCLIP performs well in the
natural image-based IL setting, its performance in this task
is lower than some rehearsal-based methods, reflecting the
unique challenges of analyzing gigapixel WSI. We consider
the main reasons are the poor bag-level feature (obtained
through MaxPooling) and the overly similar class features
derived from the same set of prompts.

Results on Reverse-order Training. In incremental clas-
sification, the training order of the dataset could influence
the model’s performance. The results on reverse-order train-
ing (ESCA—RCC—BRCA—NSCLC) are shown in Tab. 2.
By comparison, we have three observations, which are al-
most the same as those from Tab. 1.

(1) Our QPMIL-VL method is consistently superior
to all other methods in both class-incremental and task-
incremental learning scenarios, maintaining a SOTA posi-
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tion. (2) Regularization-based methods are still ineffective
in class-incremental learning scenario due to suffering from
severe catastrophic forgetting. (3) Most rehearsal-based and
pre-trained VLM-based methods often achieve good classi-
fication performance.

Comparison between Forward-order and Reverse-
order Training. Additionally, we observe that on reverse-
order training, the performance of most methods is notice-
ably lower than on forward-order training. For example, our
QPMIL-VL decreases to an ACC of 0.859 4+ 0.032. In con-
trast, its ACC is 0.890 % 0.021 on forward-order training (as
shown in Tab. 1). One possible explanation to this decline is
that in IL, later datasets can affect earlier ones. ESCA, with
only 150 slides, is the first to be learned, while NSCLC, with
965 slides, is the last. NSCLC is dominant in the total num-
ber of training samples, which could cause a greater influ-
ence on the earlier datasets, leading to more forgetting.

Ablation and Analysis

Ablation Studies. The following are several ablation analy-
ses of QPMIL-VL.

I) on Main Components To analyze the impact of the
main components on performance, we conduct a set of abla-
tion studies on forward-order training. The results are shown
in Tab. 3, where the first row represents our baseline (Fine-
Tune). Two obvious findings can be observed as follows.

(1) Each component in QPMIL-VL contributes to the per-
formance improvement. For example, starting from the base-
line, QPMIL can significantly boost the ACC from 0.308
£ 0.045 to 0.720 £ 0.029. Similarly, incrementally apply-
ing Class Similarity Loss raises the ACC from 0.874 +
0.033 to 0.890 £ 0.021. (2) Among all components, both
QPMIL and Class Ensemble have a more significant im-
pact on performance than the other two. This is because the
prototype query mechanism in QPMIL effectively mitigates
catastrophic forgetting, while the Class Ensemble signifi-
cantly optimizes class feature encoding in the VLM by in-
creasing the diversity of class text descriptions. These com-
parisons imply that each component is effective.

IT) on Prototype Pool Furthermore, we conduct another
set of ablation studies specifically on the queryable proto-
type pool. Our experimental results are shown in Tab. 4.

(1) “w/o key” indicates the removal of the key from proto-
type pair, implying that incremental training always uses the
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Figure 3: (a) ACC w.r.t length of each prompt (L p) and size
of matching keys (IV), size of prototype pool M = 20; (b)
ACCwrtM,Lp =24and N = 5.

(b)

Figure 4: (a) Prototype key matching frequency histogram;
(b) prototype feature visualization.

same set of prompts. In this situation, the knowledge from
different datasets is encoded into the same set of prompts,
leading to catastrophic forgetting and a significant perfor-
mance decline (ACC dropping to 0.675 £ 0.029). (2) “w/o
matching penalty” presents that only Eq. 1 is used for
matching prototype pairs. Under this ablation, the ACC met-
ric decreases to 0.659 £ 0.029 because different datasets
tend to match the same set of prototypes during training,
which consequently results in catastrophic forgetting. Only
when both key and matching penalty are applied together
in our QPMIL-VL does the ACC reach its highest value of
0.890 £ 0.021. This ablation demonstrates that both are ben-
eficial for incremental classification.

Further Performance Analysis. Additionally, we con-
duct additional experiments to further analyze our method.

I) Effect of Hyper-parameters As shown in Fig. 3, there
are three important parameters in the prototype pool. The re-
sults indicate that inappropriate prototype pool capacity ((a):
N =17, (b): M < 20) may result in knowledge interference
and too few prompts ((a): N = 1) make it difficult to de-
scribe the various instance prototype visual features present
in WSIs.

IT) Prototype Key Matching To analyze the matching re-
sults of keys on incremental datasets, we compute the match-
ing frequency of each prototype pair in the first fold of ex-
periments, as illustrated in Fig. 4 (a). It can be observed that
each dataset tends to stably match 5 keys. Moreover, the 5
keys predominantly matched by different datasets are often
non-overlapping due to the matching penalty.

III) Prototype Feature Visualization As depicted in
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0.078

0.447,

NSCLC (class: LUAD) BRC (class: ILC) RCC (class: CCRCC) ESCA (class: ESCC)

Figure 5: Class features visualization, only one class per
dataset. Red « is the center, i.e., the average of features, for
the instances of interest (orange points, determined by the
cosine similarity between instance features and learned pro-
totype features). Blue points are non-interest instance fea-
tures. Green o and e denote the cosine similarities before
and after feature enhancement, respectively.

Fig. 4 (b), we present the distribution visualization of 200
prototype features using t-SNE (Van der Maaten and Hin-
ton 2008). These features are derived from the ten-fold
cross-validation experiments conducted on four datasets,
i.e., 200 = 10 x 4 x 5. Their distributions show that most
prototypes learned from the same dataset exhibit clear clus-
tering properties. From another perspective, they also imply
that our model can learn distinct prototype features from dif-
ferent datasets. Additionally, from Fig. 4 (a) and (b), we ob-
serve a small number of outliers. They can be regarded as
shared prototypes.

IV) Class Feature Enhancement Analysis To show the
effectiveness of CFE, we visualize four classes of WSI sam-
ples and their corresponding class features, as shown in
Fig. 5. More experimental results can be found in our Sup-
plementary Material.

From the alteration in feature similarity, we can observe
that the class features are noticeably improved by the en-
hancement. For example, in the case of the class sample
ESCA-ESCQC, the initial cosine similarity between the cen-
ter point feature and the class feature is only 0.078, but it
increases to 0.447 after enhancement, resulting in an im-
provement of 0.369. This alteration suggests that the CFE
is effective in enhancing the quality of class features.

Conclusions

This paper proposes the first Vision-Language-based frame-
work for incremental WSI classification, QPMIL-VL,
breaking through traditional vision modality. By a pool of
learnable prototype pairs, it aggregates the instance features
from pre-trained image encoder to generate bag-level fea-
ture under the guidance of matched prototype prompts. Class
probability is predicted by the cosine similarity between
bag-level feature and enhanced class feature. Extensive ex-
periments demonstrate that our method and its components
are effective. It obviously outperforms other methods in in-
cremental WSI classification, achieving SOTA results.
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