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Abstract

Content-based histopathological image retrieval (CBHIR) has shown strong perfor-

mance on static databases by retrieving whole slide images (WSIs) with similar content

to query images. However, in clinical settings, the rapid growth of WSI databases chal-

lenges current CBHIR methods, which either require costly retraining or suffer perfor-

mance degradation on new data. To address this, we propose a Lifelong Content-based

Histopathology Image Retrieval (LCBHIR) framework that mitigates catastrophic for-

getting in continual retrieval, where models lose prior knowledge when updated on

expanding databases. The central challenge is balancing stability and plasticity. To

enhance plasticity, we design a local memory bank with bilevel coreset sampling, for-

mulating instance selection as a two-level optimization problem. This assigns higher

weights to informative or hard-to-learn samples, refining decision boundaries in the

feature space. To preserve stability, we introduce a distance consistency rehearsal

(DCR) module, which maintains the relative feature distances of old samples, ensuring

consistency across retrieval tasks and improving reliability in clinical applications. We

validate our method on a large-scale continual WSI dataset from TCGA projects, com-

prising approximately 7,400 WSIs across 6 primary sites and 19 cancer subtypes. The

experimental results have demonstrated the proposed method is effective and is superior
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to the state-of-the-art methods, achieving 5.7∼19.4% higher mAP compared to existing

continual learning methods. The code is available at https://github.com/OliverZXY/LCBHIR.

Keywords: Histopathology image analysis, CBIR, Continual learning, Digital

pathology

1. Introduction

The past few decades have witnessed the rapid development in digital storage tech-

nology of high-resolution whole slide images (WSIs). As the clinical institutions can

scan and store more WSIs, they seek to leverage the digital morphologic content of

these images [1]. Hence, high-performance content-based histopathological image re-

trieval systems are emerging [2, 3, 4, 5], enabling the retrieval of WSIs similar in

content to query images from a database.

The volume of medical diagnostic data is steadily increasing, posing significant

challenges for the development of effective CBHIR systems. The challenge now lies in

adapting to continuously expanding datasets, as traditional CBHIR methods trained on

static databases cannot be directly applied to address this issue. A critical issue is the

system’s ability to update without losing prior knowledge. Although fine-tuning is a

common approach to handling continuous data streams, it often results in catastrophic

forgetting—a phenomenon where previously acquired knowledge deteriorates as new

data is introduced [6, 7, 8, 9].

Continual learning (CL) has been introduced as a solution to mitigate catastrophic

forgetting when learning from non-stationary data streams [10, 11]. Existing CL meth-

ods can be broadly categorized into three main approaches: replay methods, regularization-

based methods, and parameter isolation methods [11]. Among these, replay methods

have shown considerable promise by storing subsets of the data stream as exemplars

for experience replay. In natural scenes, various replay methods have been developed

to address catastrophic forgetting in downstream tasks such as classification [12, 13]

and semantic segmentation [14, 15]. Replay methods developed for medical retrieval

scenarios face heightened challenges, in contrast to those designed for classification

and segmentation tasks: 1) Medical retrieval systems not only need high precision, but
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Figure 1: The universal process of continual learning and online retrieval for LCBHIR.

also require maintaining consistency in retrieval outputs for prior tasks after continual

learning. This is particularly crucial in medical image retrieval systems, where clini-

cians may rely on consistent and accurate results for diagnosis. Any variability in re-

trieved results over time could compromise the system’s reliability, potentially leading

to diagnostic errors. 2) The design of the memory bank requires equilibrium between

each category. It not only need to preserve representative samples of each category

but also have to ensure diversity and balance within each class, thereby identifying

challenging samples essential for continual learning.

In this paper, we propose a novel continual whole slide retrieval framework named

lifelong content-based histopathology image retrieval (LCBHIR). A major dilemma in

continual learning is how to achieve trade-off between learning plasticity and memory

stability, where an excess of the former interferes with the latter, and vice versa [16].

We define the retrieval queue’s consistency for previous tasks as stability in a lifelong

CBHIR system and introduce a Distance Consistency Rehearsal (DCR) module, proven

effective in enhancing retrieval performance and queue stability after continuous learn-

ing. Additionally, a bilevel optimization-based sampling method [17] is employed to

maintain feature space diversity of memory bank, ensuring the model balances focus

on both current and previous tasks, thereby supporting learning plasticity. By inte-

grating these two strategies, LCBHIR achieves a favorable balance between stability
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Figure 2: The overview of the proposed lifelong content-based histopathology image retrieval (LCBHIR)

framework, where (I) shows the process of constructing memory bank before a new task, (II) describes

universal training process of every task, (III) illutrates the proposed distance consistency rehearsal (DCR)

module that is detailed in section 4.3 and algorithm 1, and (IV) is the bilevel sampling method for buffer

sampling and updating, which is elaborated in section 4.4 and algorithm 2.

and plasticity, leading to superior retrieval performance. The proposed framework was

evaluated on a large public TCGA continual dataset, encompassing six primary sites:

Brain, Urinary, Gastrointestinal, Pulmonary, Gynecology, and Breast, containing 7347

WSIs in total. Experimental results demonstrate that LCBHIR is highly effective in

continual WSI retrieval and outperforms typical classification-oriented continual learn-

ing approaches.

The contribution of the paper can be summarized in three aspects.

(1) We propose a novel lifelong content-based histopathology image retrieval (LCB-

HIR) framework to address the challenge of continual learning in histopathology image

retrieval by appropriately balancing learning plasticity and memory stability. To our

knowledge, this is the first approach aimed at solving the continual learning problem

within the domain of histopathology image retrieval.

(2) A novel distance consistency rehearsal (DCR) module is designed to ensure

consistency in the retrieval queues for previous tasks by imposing constraints on the
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relative distance matrix. This approach enhances the stability of a lifelong CBHIR

system. Visualization results demonstrate that the proposed DCR module not only

delivers highly relevant retrieval results but also maintains consistency with the results

from previous tasks.

(3) A bilevel optimization-based sampling module is employed to perform sam-

pling based on the importance weights of each instance within the continual learning

process. By framing the sampling process as an optimization problem, the module

effectively assigns weights to instances, enabling the identification of challenging sam-

ples. This approach enhances the plasticity of the lifelong CBHIR system.

2. Related Works

2.1. Content-based Histopathology Image Retrieval

Content-based histopathology image retrieval (CBHIR) has thrived with the ad-

vancements in modern computing technology, which is capable of returning morpho-

logically similar results in content to query images from a database [18, 19, 20]. Several

studies on histopathological image retrieval have focused on the analysis of patches

within WSIs. Ma et al. [21] utilized histogram based feature to describe textural

characteristics of patches for effective retrieval. Shi et al. [22] developed a deep

learning framework for extracting binary features, utilizing a matrix-based loss func-

tion designed to preserve intra-class similarity and maximize inter-class differentiation.

Leveraging these binary features, similar patches can be efficiently identified and re-

trieved using the Hamming distance as the metric. Recently, WSI-level CBHIR meth-

ods have emerged, treating the entire WSI as the query for retrieving similar images

from a database. A self-supervised-based framework is introduced by Chen et al. [1],

which was capable of extracting compact WSI representations and utilized a tree data

structure to achieve fast retrieval. The technique employs a ranking strategy based on

uncertainty to boost both search efficiency and accuracy. Hu et al. [23] integrated

WSIs with corresponding diagnostic reports to jointly enhance the model’s ability to

learn fine-grained semantics, pioneering the first cross-modal retrieval system in the

domain of CBHIR.
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However, the aforementioned studies were developed based on static databases and

are not well-suited for handling continuously expanding datasets. Consequently, as

the volume of data increases, it becomes essential to integrate continual learning tech-

niques into CBHIR to establish a lifelong learning system.

2.2. Continual Learning

The increasing number of data and knowledge poses challenge to today’s artificial

intelligence (AI) systems. We expect them could continually acquire, update, accu-

mulate and exploit knowledge as humans do, which motivates the study of continual

learning [16]. Recently, community proposes several solutions to mitigate catastrophic

forgetting, broadly categorized into three groups [11] or five groups [16] if more re-

fined. Three common methods include replay methods, regularization-based methods,

and parameter isolation methods.

Replay methods, usually storing and revisiting past examples to prevent forgetting,

exhibit powerful potential to alleviate catastrophic forgetting [24, 25, 26, 27]. Caccia

et al. [24] integrated experience replay with active classification to alleviate catas-

trophic forgetting. However, this may face challenges with significant data distribution

shifts and introduces computational overhead due to the need for careful sample se-

lection. Another key challenge for replay methods is effectively sampling rehearsal

instances for previous tasks. While many approaches use reservoir random sampling

[24, 25, 26, 27], not all training instances are equally beneficial, as some may even de-

grade performance on prior tasks. Recently, Borsos et al. [28] formulated the coreset

selection as a cardinality-constrained bilevel optimization problem. Furthermore, Liu

et al. [17] tried to learn a probability distribution in a low-dimensional manifold, in-

stead of directly learning the binary masks for each sample, which exhibits promising

performance in coreset selection domain.

For replay methods in histopathology continual learning, Huang et al. [9] suc-

ceeded exploring continual learning on WSI classification tasks. They proposed Breakup-

Reorganize (BuRo) for sampling and data augmentation, along with Cross-Scale Sim-

ilarity Learning (CSSL) to achieve encouraging outcomes on continual WSI analysis.

However, the exploration of continuous retrieval frameworks in CBHIR remains unex-
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plored. Besides, current replay methods whether in natural scene or in digital pathology

fail to take returned queues’ consistency of old tasks after learning new ones into con-

sideration, which we think is the most significant function a lifelong retrieval system

should have, especially in clinical applications. This paper tries to apply continual

learning in CBHIR scenario. A part of this work has been presented in the conference

paper [27].

3. Preliminaries

3.1. Problem Definition

Continual learning for CBHIR can be defined as training a model on non-stationary

data when new data added into the WSI database. As shown in Fig. 2(I), we define

the database as a sequence of datasetsD = {D1, · · · ,DT }, whereDt = {xi, yi}
Nt
i=1 is the

dataset of task t, and T is the total number of tasks. Dataset Dt contains Nt labeled

WSIs, and yi is the class label of WSI xi. As illustrated in Fig. 1 and 2, after class-

incremental learning, the model needs to return relative WSIs sequence of given query

WSIs from both old tasks and new tasks.

3.2. Data Preparation

For an original WSI, we first divided it into several non-overlapping patches with

size of 256 × 256 under 20× lens. Then, we utilize pre-trained encoder PLIP [29] to

extract patch features, for its excellent performance in understanding image semantic

information. Afterwards, a feature cube of a WSI can be represented as x ∈ Rnp×d f ,

where d f is the dimension of the feature and np is the number of patches in the WSI. To

alleviate storage pressure and facilitate retrieval, we save feature cubes in the memory

bank instead of the original WSIs.

4. Method

4.1. Overview

The proposed continual WSI retrieval framework is shown in Fig. 2. For each

task, excluding the initial one, mini-batches of feature cubes are sampled from both
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current dataset and memory bank, then fed into WSI encoder to get representations, as

depicted in Fig. 2(a-c). Subsequently, we calculate retrieval related loss and execute

distance consistency rehearsal to facilitate continual learning, described as Fig. 2(d-e,

III). At the end of current task, bilevel optimization is employed to select coreset from

current dataset and current memory bank. The selected coreset is then saved into a new

memory bank, as demonstrated in Fig. 2(IV).

Algorithm 1: Distance Consistency Rehearsal.
Input: current encoder ft , previous encoder ft−1, current datasetDt , previous datasetDt−1, current memory bank

Mt and previous memory bankMt−1

// Target distance matrix construction

Mt ← Xt−1,Xm
t−1 ← Bilevel Coreset Selection(Dt−1,Mt−1)

Ft−1,Fm
t−1 ← ft−1 (Xt−1) , ft−1

(
Xm

t−1

)
Ct−1 ← Concat

(
Ft−1,Fm

t−1

)
for ci

t−1, c
j
t−1 in Ct−1 do

Dt−1
[
i, j
]
← d
(
ci

t−1, c
j
t−1

)
= ∥ci

t−1 − c j
t−1∥2

end

// Distance consistency rehearsal for current task

for each mini-batch Xt inDt do

// dt−1 is the the sub-matrix sampled from Dt−1 according to the indexes of Xm
t

Xm
t ,dt−1 ← Random Sampling(Mt)

Ft ,Fm
t ← ft (Xt) , ft

(
Xm

t
)

for fi
t , f

j
t in Fm

t do
dt
[
i, j
]
← d
(
fi
t , f

j
t

)
= ∥fi

t − f j
t ∥2

end

LDC (dt ,dt−1) = ∥dt − dt−1∥
2
F

end

Figure 3: The detailed architecture of WSI Encoder. We employed Vision Mamba (vim) [30] as the slide-

level encoder and used the output class token to execute downstream retrieval.
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4.2. Model Architecture

We employ the Vision Mamba (Vim) [30] as the slide aggregator, the architecture is

elaborate in Fig. 3. For each WSI, we first split it into N non-overlapping patches and

input then into the frozen patch encoder to get feature sequence {p0,p1,pi, · · · ,pN−1} ∈

RN×E , where E is the embedding dimension of patch features.

Next, we linearly project the pi to the vector with size D by learnable projection

matrix W ∈ RE×D and add position embeddings Epos ∈ R(N+1)×D, as follows:

z0 = [p0W; p1W; · · · ; pcls; · · · ; pN−1W] + Epos (1)

We then send the token sequence (zl−1) to the l-th layer of the Vim encoder, and get

the output zl. Finally, we normalize the output class token z0
L to get the final slide-level

representation F, as follows:

zl = Vim(zl−1) + zl−1, l = 1 . . . L,

F = Norm(z0
L)

(2)

where Vim is vision mamba block, L is the number of layers, and Norm is the

normalization layer. For detailed architecture information about Vim block, please

refer to Fig. 3 and Appendix A. The source code of this thesis is now available.1

4.3. Distance Consistency Rehearsal

As illustrated in section 4.1, we design distance consistency rehearsal (DCR) mod-

ule to maintain stability of result queues for old tasks, which is detailed in Fig. 2(III)

and illustrated in algorithm 1.

In practical scenarios, the stability of the CBHIR system is demonstrated by the

consistency of the result queues for old tasks. In terms of feature space, this stability

is reflected by maintaining constant distances between instances of old tasks even after

learning new tasks. Based on this prior, we propose the distance consistency rehearsal

(DCR), which is achieved by minimizing the differential value of distance between

1https://github.com/OliverZXY/LCBHIR
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representations of current replay samples and distance matrix of corresponding replay

samples saved in memory bank. The rehearsal process is elaborated as follows.

First, we construct the target distance matrix of instances saved in memory bank. At

the ending of task t − 1, we execute bilevel coreset selection (BCS) algorithm which is

detailed in section 4.4 on dataset Dt−1 and memory bankMt−1 to get sampled feature

cubes Xt−1 ∈ Rnt−1×np×d f and Xm
t−1 ∈ Rnm

t−1×np×d f for the memory bank Mt of task t,

where nt−1 and nm
t−1 means sampled number of Dt−1 and Mt−1 respectively. Then,

sampled feature cubes is fed into task t − 1 encoder ft−1 to get feature representations

Ft−1 ∈ Rnt−1×dF and Fm
t−1 ∈ Rnm

t−1×dF , where dF is the dimension of the whole slide

representation. With combination of Ft−1 and Fm
t−1, denoted as Ct−1 ∈ Rnd

t−1×dF , we

calculate the Euclidean distance between every pair of elements in set Ct−1 to obtain

the target distance matrix Dt−1, which is formulated as

Dt−1
[
i, j
]
= d
(
ci

t−1, c
j
t−1

)
= ∥ci

t−1 − c j
t−1∥2 (3)

where Dt−1 ∈ Rnd
t−1×nt−1 , nd

t−1 = nt−1+nm
t−1, denotes the total number of instances sampled

at the ending of task t − 1, and ci
t−1, c

j
t−1 represent the i-th and j-th sampled instance.

Then, distance consistency rehearsal is implemented for current task. In each mini-

batch of current dataset Dt, we get representations of current dataset and instances

sampled from memory bank, denoted as Ft and Fm
t . For Fm

t , distance matrix dt is

obtained by the same way in Eq. (3) and illustrated in algorithm 1. To maintain the

distance consistency of rehearsal samples, we minimize the Mean Squared Error (MSE)

loss between distance matrix of current task and replay samples by the equations

LDC (dt,dt−1) = ∥dt − dt−1∥
2
F (4)

where dt−1 is sub-matrix sampled from Dt−1 according to the indexes of Xm
t .

4.4. Bilevel Coreset Selection

We model the process of choosing replay instances as a bilevel optimization prob-

lem, naming Bilevel Coreset Selection (BCS). The bilevel optimization contains upper-

level and lower-level problems. Upper-level problem hereby aims to find the optimal

model parameters θ that minimize the weighted training loss for a given set of sample
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weights ω. Lower-level problem aims to optimize the sample weights ω to minimize

the overall training error. The main idea of this method is to learn a probability dis-

tribution over the entire dataset, ensuring that the optimal model parameters found by

minimizing loss on a sampled subset are also optimal for the full dataset, and then use

this distribution to sample a coreset. Specifically, the objective function of BCS is:

min
0≤ω(i)≤1
||ω||1=1

ϕ(ω) =
n∑

i=1

ℓi(θ∗(ω)) − λ
C∑

i=1

Ez(ω + δz)[i]


s.t.,θ∗(ω) = arg min

θ

L(θ, ω) =
n∑

i=1

ω(i)ℓi(θ)


(5)

where n is the data stream size, θ is the model parameter, ω is weights of each

instance in data stream, ℓi(θ) is the loss of i-th instance under model parameter θ, ω(i) is

the weight of i-th instance in ω, ω[i] means the i-th largest component in ω. Following

[17], we also add a smoothed top-K regularization item to the optimization objective,

for the sake of coreset selection. Note that R = −λ
∑C

i=1 Ez(ω + δz)[i] is the added

regularization item.

As illustrated in Algorithm 2 and Fig. 2(IV), at the end of every task, we execute

BCS on current dataset and current memory bank to get sampled instances, then form-

ing new memory bank for next task. During bilevel sampling, detailed in Algorithm 2,

model parameter θ and weight distribution ω are updated alternatively. The sampling

process is expected to sample C instances from given data stream B based on the final

sample weights.

4.4.1. Initialization

In order not to modify current encoder, we deepcopy the parameter of current en-

coder to get θ. The initial weights of each instance is set as 1
n , which could be regarded

as uniform distribution.

4.4.2. Lower-level Problem

The lower problem is to optimize the model parameter θwith current sample weights

ω. As depicted in Eq. (5), the total training loss is the summation of single loss of each
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Algorithm 2: Bilevel Coreset Selection.
Input: current datasetDt−1 and current memory bankMt−1

Initialize: encoder parameter θt−1, new memory bankMt = {};

for mini-batch Bi inDt−1 do
Select coreset Si = S(θt−1,Bi)

Mt =Mt ∪ Si

end

for mini-batch B j inMt−1 do
Select coreset S j = S

(
θt−1,B j

)
Mt =Mt ∪ S j

end

// Definition of coreset selection function

1: Function S(θ,B)

2: Input: current encoder parameter θ, current data stream B, outer optimization loop number M, inner optimization

loop number m and hypergradient estimate number H

3: Output: a set of C instances sampled from B

4: Initialize: coreset size C, data stream size n = |B|, and weight vector v0

5: Begin

6: Set instances’ initial values ω0 =
[

1
n , · · · ,

1
n

]
;

7: Set θ01 = θ;

8: // Outer optimization loop (Upper-level problem)

9: for j← 0 to M − 1 do

10: if j > 0 then Set θ0j = θ
m
j−1

11: else Set v0
j = v0

12: end if

13: // Inner optimization loop (Lower-level problem)

14: for k ← 1 to m do

15: update θkj by Eq. 6

16: end for

17: if j > 0 then Set v0
j = vH

j−1

18: else Set v0
j = v0

19: end if

20: Compute estimate vH
j by Eq. (8)

21: Compute hypergradient estimate in Eq. (7)

22: Update ω j+1 and project it onto simplex by Eq. (9)

23: end for

24: S ←a set of C instances sampled from B according to ωM

25: return S

26: End

27: End Function
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instance combined with regularization item. After computing loss, we execute m steps

of gradient descent to get satisfactory parameters θ, formulated as:

θkj = θ
k−1
j − α∇θL

(
θk−1

j , ω j

)
(6)

where θkj means the model parameter at the j-th outer loop and the k-th inner loop.

4.4.3. Upper-level Problem

The upper-level problem intends to find a weight distribution ω that can describe

the importance of each instance on minimizing the training loss of current model. In

order to achieve this purpose, we utilize a hypergradient estimator to approximate the

true gradient ∇ϕ (ω) of ω:

φ j =
1
|B|

∑
z̃∈B

∇ωR(ω, δ; z̃) − ∇ω∇θL(θmj , ω j)v∗ (7)

where R(ω, δ; z̃) := −λ
∑C

i=1 (ω + δz̃)[i] and z̃ ∼ N(0, 1). v∗ can be approximated

by solving the following quadratic programming problem efficiently by H steps of

gradient descent using Eq. (8):

min
v

1
2

vT∇2
θL(θmj , ω j)v − vT

n∑
i=1

∇θℓi(θmj ) (8)

Then the weight is updated and projected onto simplex by Eq. (9):

ω j+1 = P∆n (ω j − βφ j) (9)

where ∆n :=
{
ω ∈ Rn : 0 ≤ ω(i) ≤ 1, ∥ω∥1 = 1

}
.

4.5. Objective and Optimization

Above all, we design the distance consistency loss LDC to maintain the queue sta-

bility of a continual CBHIR system. Meanwhile, pair-wise loss and cross-entropy loss

have been proven effective in image retrieval task [18, 19]. As a result, the model is

optimized in an end-to-end fusion by

Lall = LP
(
Ft,Fm

t , yt
)
+LCE

(
yt, y

pred
t

)
+ αLDC (dt,dt−1) (10)
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where LP is the pair-wise loss, LCE is the cross-entropy loss, LDC is the distance con-

sistency loss, yt and ypred
t are the ground-truth label and output logits of input instances,

and α is a balancing factor. Through Eq. (10), we attempt to not only improve retrieval

precision of LCBHIR but also maintain queue consistency as much as possible.

5. Experiment And Result

5.1. Experimental Settings

The proposed method was evaluated on a large-scale sequential WSI retrieval dataset

from The Cancer Genome Atlas program (TCGA) of National Cancer Institute (NCI),

which consists of 6 primary-site (organ) datasets and 19 cancer subtypes, with a total

of 7347 WSIs, all listed datasets are publicly available. In each dataset, the WSIs were

randomly separated into train, validation and test subsets by the proportion of 7:1:2.

The validation subsets were used to perform early stopping and hyper-parameter selec-

tion. All methods were evaluated under this setting. The distribution of WSIs is given

in Table 1.

Following the WSI pre-processing in [2], we first segmented the foreground tissue.

Then each WSI was divided into non-overlapping 256 × 256 patches under 20×magni-

fication. We utilized PLIP [29] as the pre-trained feature extractor to extract patch-level

features from the corresponding images. Vision Mamba (Vim) [30] was utilized as the

WSI encoder (shown in Fig. 2(c)) for its effectiveness has been verified on various

WSI analysis tasks [31, 32]. For a fair comparison, we adopted the same patch-level

features as the model input and Vim as the slide encoder for all methods. Moreover,

we conducted experiments under buffer size of 100, 200 and 500 instances For more

comprehensive analysis.

The proposed method was implemented in Python 3.10 with Pytorch 2.1 and run

on a computer with 2 Intel Xeon 2.90 GHz CPUs and 2 GPUs of Nvidia Geforce RTX

4090. For more detailed experiment implementations, please refer to https://github.com/OliverZXY/LCBHIR.

5.2. Evaluation Metrics

For evaluation of retrieval precision, we reported 14 metrics, containing slide-level

mAP, R@3, and P@5 to evaluate the performance of 19-class tumor type retrieval,
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Table 1: The WSI distribution of the experimental datasets

Brain

LGG GBM
Cases

Train Val Test Train Val Test

575 82 165 599 86 172 1679

Urinary

KIRP KIRC KICH BLCA
Cases

Train Val Test Train Val Test Train Val Test Train Val Test

207 29 60 361 51 104 84 11 25 319 46 92 1389

Gastrointestinal

COAD ESCA READ STAD
Cases

Train Val Test Train Val Test Train Val Test Train Val Test

308 44 89 109 16 32 110 16 32 280 40 80 1156

Pulmonary

LUSC LUAD MESO
Cases

Train Val Test Train Val Test Train Val Test

347 49 100 349 50 100 60 9 18 1082

Gynecology

OV UCS CESC UCEC
Cases

Train Val Test Train Val Test Train Val Test Train Val Test

74 11 22 63 9 19 195 28 56 396 56 114 1043

Breast

IDC ILC
Cases

Train Val Test Train Val Test

555 80 159 142 21 41 998

Total Cases 7347

and site-mAP, site-R@3, site-P@5 for the 6-anatomic-site retrieval. Furthermore,

we adopted two statistical correlation metrics Spearman’s rank correlation coefficient

(SRC) [33] and Kendall rank correlation coefficient (KRC) [34] to assess the consis-

tency of returned queues for old tasks, which is the stability of a good lifelong CBHIR

system should have. SRC and KRC can be defined by equations:

S RC =
1

n − 1

n−1∑
i=1

 1
n − i

n∑
j=i+1

ρi, j

 (11)

ρi, j = 1 −
6
∑

d2
k

n(n2 − 1)
(12)

where dk is the difference between the ranks of retrieval sequence of i-th task after

j tasks’ training, and n is the number of instance of each sequence.

KRC =
1

n − 1

n−1∑
i=1

 1
n − i

n∑
j=i+1

τi, j

 (13)
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τi, j =
C − D
n(n−1)

2

(14)

where C is the number of concordant pairs of retrieval sequence of i-th task after j

tasks’ training, D is the number of discordant pairs, and n is the number of instance of

each sequence.

(a) The DC loss balancing factor α (b) The max outer iteration num M (c) The max inner iteration num m

Figure 4: Performance curves of LCBHIR on the validation data as functions of the hyper-parameters, where

the red bar indicates the distribution of mAP at the subtype level.

5.3. Hyper-Parameter Verification

We first conducted experiments to verify the key components of LCBHIR. Three

important hyper-parameters (α, M, m) decide the capacity of LCBHIR. We executed

selection experiments on the validation part of sequential dataset under a buffer size

of 500 instances. The mAP and running time costs of these hyper-parameters are

displayed in Fig. 4. Note that while one hyper-parameter was being optimized, the

remaining hyper-parameters were held constant.

5.3.1. The DC loss Balancing Factor

The DC Loss determines a model’s focus on previous tasks. Paying too much atten-

tion to previous tasks will degrade the model’s generalization ability to adapt current

tasks. Meanwhile, too less focus will accelerate model forgetting previous tasks. The

curves in Fig. 4a shows that the retrieval performance achieve the best when alpha is

set as 0.1 and demonstrates a sharp decline when alpha is 10.0. As a result, we set

α = 0.1 for its best balance in stability and plasticity.
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5.3.2. The Bilevel Optimization Coefficient

M and m decide the number of outer and inner iteration loops. From Figs. 4b

and 4c, different combinations of M and m show robust towards retrieval performance.

However, the time cost or computational load varies a lot between different M and m.

To attain an equilibrium between retrieval performance and computational efficiency,

we chose {M,m} = {2, 1} in the following experiments.

Table 2: Results on the test subset for the ablation study, reporting subtype/primary site-level retrieval pre-

cision alongside the mean of subtype and primary site-level retrieval precision, combined with consistency

metrics.

Method
Subtype-level (%) Primary Site-level (%) Consistency

mAP@5 / C R@3 / C P@5 / C mAP@5 / C R@3 / C P@5 / C SRC KRC

LCBHIR w/o DCL 72.8 / 60.1 83.1 / 72.1 63.8 / 49.4 88.5 / 87.0 92.5 / 91.8 85.0 / 83.0 81.7 68.1

LCBHIR w/o BCS 73.1 / 59.4 82.9 / 71.6 65.4 / 49.3 88.3 / 85.8 92.0 / 90.7 85.1 / 82.1 82.0 68.7

LCBHIR w/o all 72.3 / 58.7 82.2 / 70.8 65.1 / 48.3 88.6 / 86.2 92.1 / 90.6 85.5 / 82.6 81.8 68.3

LCBHIR w/ BuRo 72.8 / 57.4 82.0 / 67.4 64.7 / 47.3 89.4 / 86.5 93.2 / 91.3 85.7 / 82.6 80.8 67.5

LCBHIR w/ iCaRL 57.2 / 42.5 71.5 / 54.9 44.3 / 31.0 75.5 / 74.1 85.6 / 85.2 66.5 / 64.6 38.8 27.3

LCBHIR 74.0 / 60.8 82.7 / 70.3 65.8 / 49.3 90.0 / 88.0 93.7 / 92.9 86.0 / 83.3 83.3 70.8

5.4. Ablation Study

Table 2 provides a summary of the ablation study results. LCBHIR w/o DCL de-

notes LCBHIR without distance consistency loss, where the whole model is optimized

only by cross-entropy loss and pair-wise loss. It can be observed a decrease both in

retrieval performance and previous tasks’ consistency when comparing LCBHIR w/o

DCL with LCBHIR, where the subtype-level mAP@5, R@3, P@5, site-level mAP@5,

R@3, P@5 and SRC, KRC dropped 0.7%∼2.7%. Without the constraint of distance

consistency loss, the model failed to preserve knowledge of previous tasks, indicating

that employing relative distance between slides to construct lifelong learning loss is of

vital importance for CBHIR.

Moreover, we also studied the different sampling strategy for updating memory

bank. In Table 2, LCBHIR w/o BCS means reservoir random sampling, LCBHIR

w/ BuRo refers to Breakup-Reorganize (BuRo) scheme in ConSlide [9] and LCB-

HIR w/ iCaRL denotes buffer sampling strategy in iCaRL [12]. From Table 2, our
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BCS sampling method achieve the best performance. Compared with reservoir ran-

dom sampling, BCS can detect hard samples and attach higher weights to them when

sampling. As the strong continual learning baseline in histopathology image analysis,

BuRo from ConSlide achieve impressive results but still weaker than BCS. Though

BuRo can be regarded as a mean of feature augmentation by randomly selecting and

combining patches from same category WSIs, the artificial samples created by it will

inevitably damage the reliability of a continual histopathology retrieval system. Note

that LCBHIR w/ iCaRL showed a significant performance gap between other strate-

gies, indicating that feature space generated by iCaRL lack of diversity for retrieval

tasks and undermines the model’s retrieval performance. Furthermore, this elucidates

that for continual learning retrieval tasks, the feature space should be as dispersed as

possible and not concentrated around samples of each disease category.

5.5. Comparison with State-Of-The-Art Continual Learning Approaches

We compared our method with 7 methods, including JointTrain, Finetune, LwF

[35], EWC [36], ER-ACE [24], A-GEM [25] and DER++ [26]. For all methods, we

employed the same WSI encoder and reservoir random sampling to execute model

training. The subtype-level and site-level retrieval metrics and consistency metrics are

presented in Table 3.

Initially, we trained a model using all datasets under full supervision, referred to as

JointTrain in Table 3, which is the upper bound. Then, we conducted sequential indi-

vidual training on the 6-task datasets, referred to as Finetune, representing the lower

boundary. As shown in Table 3, the model subjected to Finetune demonstrates the poor-

est performance, indicating that catastrophic forgetting occurs as the database size in-

creases. In contrast, our method significantly alleviates catastrophic forgetting, achiev-

ing performance nearly on par with the JointTrain approach. Although our method

shows a certain performance gap compared to JointTrain, it offers better scalability and

is capable of continuously learning new data even in the absence of previous data.

LwF [35] and EWC [36] are two regularization based continual learning method

which did not store or utilize previous tasks’ samples during a whole training period.

However, from Table 3, they failed to effectively alleviate catastrophic forgetting. LwF
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Table 3: Performance comparison of state-of-the-art continual learning approaches, reporting sub-

type/primary site-level retrieval precision alongside the mean of subtype and primary site-level retrieval

precision, combined with consistency metrics, and the best values are shown in bold.

Method Buffer Size
Subtype-level (%) Primary Site-level (%) Consistency

mAP@5 / C R@3 / C P@5 / C mAP@5 / C R@3 / C P@5 / C SRC KRC

Baselines

JointTrain
-

83.7 / 72.9 89.4 / 81.0 78.6 / 63.9 94.0 / 93.0 95.9 / 95.4 92.3 / 90.8 - -

Finetune 46.2 / 35.2 61.3 / 46.2 32.0 / 22.8 64.4 / 61.5 79.5 / 76.7 52.3 / 47.9 57.0 42.4

Regularization Based

LwF [35]
-

66.9 / 52.8 78.4 / 63.8 55.1 / 39.8 79.8 / 76.5 87.6 / 85.7 71.5 / 66.7 60.9 47.9

EWC [36] 58.7 / 44.7 73.0 / 56.1 46.0 / 32.3 74.5 / 71.0 85.0 / 82.9 64.6 / 59.4 58.0 43.2

Replay Based

ER-ACE [24]

100

≈ 5 WSIs

67.5 / 50.2 77.2 / 60.5 57.6 / 39.3 83.4 / 79.1 87.9 / 86.0 78.7 / 73.0 76.3 62.4

A-GEM [25] 63.3 / 48.5 77.0 / 61.4 51.9 / 36.1 79.5 / 75.1 88.9 / 86.8 70.8 / 64.6 63.4 48.9

DER++ [26] 68.0 / 52.7 77.5 / 62.6 60.0 / 43.8 84.8 / 81.2 89.2 / 87.6 81.0 / 76.3 72.6 58.4

LCBHIR 73.7 / 60.1 83.4 / 71.3 64.8 / 49.4 88.8 / 86.6 92.7 / 91.8 84.7 / 81.9 80.5 66.6

ER-ACE [24]

200

≈ 10 WSIs

67.9 / 51.1 77.2 / 60.9 60.5 / 43.0 84.5 / 78.2 88.8 / 84.6 81.0 / 74.0 77.3 62.5

A-GEM [25] 66.9 / 53.0 78.9 / 64.7 54.1 / 39.3 81.8 / 78.2 90.2 / 89.3 73.6 / 68.4 62.3 47.7

DER++ [26] 68.1 / 50.9 78.5 / 61.5 60.0 / 41.2 84.7 / 79.4 88.6 / 85.1 81.6 / 75.0 77.5 63.2

LCBHIR 74.0 / 60.8 82.7 / 70.3 65.8 / 49.3 90.0 / 88.0 93.7 / 92.9 86.0 / 83.3 83.3 70.8

ER-ACE [24]

500

≈ 25 WSIs

69.9 / 53.2 78.4 / 62.8 62.9 / 44.5 85.5 / 80.8 89.6 / 86.9 81.9 / 75.6 77.5 63.3

A-GEM [25] 68.8 / 55.8 81.7 / 68.5 57.8 / 43.2 84.6 / 81.7 91.5 / 90.7 77.8 / 73.4 77.6 66.0

DER++ [26] 71.1 / 53.5 80.7 / 63.8 63.6 / 45.4 87.3 / 83.3 90.3 / 87.6 84.1 / 79.4 77.0 62.3

LCBHIR 78.1 / 64.0 86.0 / 74.6 70.4 / 52.6 91.2 / 89.0 94.6 / 93.3 88.0 / 85.1 85.4 73.0

achieves continual learning by using knowledge distillation to preserve the knowledge

of old tasks while learning new tasks. As database grows, LwF struggles to balance

knowledge retention and new task learning, leading to ineffective knowledge distilla-

tion over time. EWC prevents catastrophic forgetting by penalizing changes to impor-

tant parameters, achieved by using the Fisher Information Matrix. These regulariza-

tion constraints accumulate across tasks, eventually restricting the model’s flexibility

to learn new tasks effectively, causing performance degradation.

ER-ACE [24], A-GEM [25] and DER++ [26] are replay based methods. A-GEM

prevents forgetting by constraining the gradient updates during new task learning, but

gradient projection mechanism might become overly restrictive as the number of tasks

increases, limiting the model’s ability to learn new tasks effectively. ER-ACE and
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Figure 5: The t-SNE visualization of different sampling strategies and mAP values for each label across tasks

and epochs, where (a)-(b) is the corresponding results of iCaRL, (c)-(d) is BuRo and (e)-(f) is BCS.

DER++ have comparative lifelong learning ability, but they still fall short compared to

LCBHIR. Through active selection strategies, ER-ACE prioritizes and revisits signifi-

cant past experiences, allowing the model to retain important knowledge. This active

selection strategy might struggle to prioritize the most critical samples as the number

of tasks increases, resulting in sub-optimal replay and a gradual forgetting of earlier

tasks. DER++ maintains continual learning by storing and replaying both past experi-

ences’ logits and their predicted outputs, but the stored logits may no longer accurately

reflect the evolving nature of the tasks, causing the replay mechanism to become less

effective. In comparison, our LCBHIR utilize the distance consistency loss to execute

replaying, which is a nature prior in lifelong CBHIR, leading the model to preserve

present knowledge by the limit of relative distance matrix. Besides, the bilevel coreset

selection is employed to assure feature space’s diversity when sampling.

5.6. Scalability in Two-Stage Retrieval

Retrieval systems commonly adopt a two-stage strategy to improve retrieval ac-

curacy [37]. We further evaluated the scalability of the proposed lifelong framework

within this two-stage retrieval setting, elaborate as below:
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Figure 6: Visualization of returned queues before and after continual learning. Euclidean distance of each

returned WSI is labeled in green box, where smaller values indicate higher similarity to the query slide.

Inconsistent results are filled with blue, irrelevant results are framed in red, and query and irrelevant images’

cancer subtype and primary site are labelled with blue boxes.
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Table 4: Performance comparison of single-stage and two-stage approaches, reporting subtype- and primary

site-level Precision@5 (P@5), their mean values across individual classes (P@5), and retrieval time.

Method Two Stage
Subtype-level (%) Primary Site-level (%) Retrieval Efficiency

P@5 P@5 P@5 P@5 Speed (s/it)

LCBHIR

✗ 70.4 52.6 88.0 85.1 16

✔ 71.9 56.2 89.0 86.6 147

∆ +1.5 +3.6 +1.0 +1.5 -131

1) Slide-level coarse-grained retrieval. We first retrieved the top-m most similar

slides (with m = 20) using the same procedure described above.

2) Patch-level fine-grained retrieval. We followed RetCCL [37] to execute patch-

level retrieval. Specifically, within the m retrieved slides, we constructed a mosaic

representation for each WSI by applying k-means clustering to extract s centroids and

selecting the s nearest patch features, resulting in WS I = {P1, P2, Pi, · · · , Ps}. Each

patch Pi was then used as a query to retrieve top-t similar patches, forming s bags:

Bag = {B1, B2, Bi, · · · , Bs}, where Bi = {b1
i , b

2
i , b

i
i, · · · , b

t
i} and Di = {d1, d2, di, · · · , dt}

denotes the corresponding Euclidean distances between each Pi and its retrieved top-k

similar patches. We computed the mean distance of each bag as the ranking criterion,

reordered the bags accordingly to obtain Bag′, and used majority voting within each Bi

to determine the corresponding slide Wi. Finally, we returned the top-k most relevant

WSIs. Here, s = 10, t = 100 and k = 5.

As shown in Table 4, the two-stage retrieval setting improves Precision@5 by 1.5%

at the subtype level and 1.0% at the primary site level compared to the single-stage

retrieval. This demonstrates that the two-stage mechanism helps mitigate the perfor-

mance degradation caused by the loss of contextual information.

5.7. Computational Complexity

The computational cost of continual learning methods is critical for their large-

scale deployment in real-world applications. To provide a clearer comparison of com-

putational efficiency, we have conducted a time and space complexity analysis of all
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Table 5: Time and space complexity analysis. Notation: T–number of tasks, n–number of samples per task,

θ–model parameters, M–replay buffer size, D–dimension of input sample, d–dimension of model output

(logits or class token).

Method Type Time Complexity Space Complexity

Finetune Baseline O(T · n · |θ|) O(|θ|)

LwF [35]
Regularization based

O(T · n · |θ|) O(2|θ|)

EWC [36] O(T · n · |θ|) O(4|θ|)

ER-ACE [24]

Replay based

O(T · (n + M) · |θ|) O(|θ| + M · (D + d))

A-GEM [25] O(T · (n + M) · |θ|) O(2|θ| + M · (D + d))

DER++ [26] O(T · (n + M) · |θ|) O(|θ| + M · (D + d))

LCBHIR O(T · (2n + M) · |θ|) O(|θ| + M · (D + d) + M2)

compared methods. For all continual learning baselines and methods, the architecture

of WSI encoder and retrieval inference procedure are the same. Therefore, the anal-

ysis focuses on the additional training cost and memory overhead introduced by the

continual learning strategies. We use T denotes number of tasks, n denotes number of

samples per task, θ denotes model parameters, M denotes replay buffer size, D denotes

dimension of input sample and d denotes dimension of model output (logits or class

token). As shown in the Table 5, The time complexity of Finetune corresponds to stan-

dard training, and its space complexity equals the model size |θ|, as it introduces no

additional operations during sequential learning. Regularization-based methods (i.e.,

LwF [35] and EWC [36]) have the same time complexity as Finetune. LwF [35] re-

quires storing a copy of the previous model for knowledge distillation, resulting in

O(2|θ|) space complexity. EWC [36] maintains the current model, the optimal param-

eters from the previous task, the corresponding Fisher diagonal, and an accumulated

Fisher vector, yielding a space complexity of O(4|θ|). Replay-based methods incur ad-

ditional time due to rehearsal and require memory storage, with typical time and space

complexity denoted as O(T · (n+M) · |θ|) and O(|θ|+M · (D+d)), respectively. A-GEM

[25] further stores a previous model for distillation, increasing its space complexity to

O(|θ| + M · (D + d)) + O(|θ|). In our LCBHIR, bilevel coreset selection is performed

at the end of each task, adding O(T · n · |θ|) to the time complexity. Additionally, dis-
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tance consistency rehearsal requires storing a relative distance matrix, increasing the

space complexity by O(M2). However, the overall computation and memory overhead

of replay-based methods is not significantly higher than that of Finetune, as M ≪ N.

The total GPU memory consumption of our method during training is 22.39 GB with

a batch size of 32 (including cached replay samples), compared to 16.27 GB for Fine-

tune, resulting in an increase of 6.12 GB. This additional cost remains acceptable in

practical application scenarios.

5.8. Visualization

To more effectively illustrate the superiority of our approach, we execute visual-

ization to display effect of different sampling strategies and retrieval returned queue of

several methods.

5.8.1. Visualization of Sampling Strategy

We believe plasticity in lifelong CBHIR systems is reflected in retaining the mem-

ory of previous tasks while acquiring new knowledge. Different sampling strategies

affect the model’s focus on current and previous tasks, thereby influencing model plas-

ticity. We saved class tokens of instances in the memory bank for three sampling

strategies: iCaRL, BuRo and Bilevel Coreset Selection (BCS), then executing t-SNE

visualization to observe them on the same scale. Meanwhile, we plotted the mAP

values for each label changing across tasks and epochs to observe different sampling

methods’ capacity towards maintaining precision of previous tasks.

As illustrated in Fig. 5(a), iCaRL’s clustering mechanism leads to a noticeable

clustering effect within each category. However, in fine-grained retrieval tasks, this

clustering effect diminishes feature diversity and would cause feature space collapsing.

Depicted in Fig. 5(b), the performance degradation of iCaRL reveals a continuous

decline, where it fails to maintain precision for previous tasks after continual learning.

In contrast to BuRo, BCS provides a more dispersed feature space, displayed in Figs.

5(c) and 5(e). Moreover, Figs. 5(d) and 5(f) demonstrates that BCS achieves better

retrieval precision retention than BuRo in categories such as LGG and STAD, and even

more challenging categories like ESCA. The broader and more diverse feature space
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generated by BCS supports fine-grained retrieval, reducing the likelihood of generating

virtual cases as BuRo would.

5.8.2. Consistency of Returned Queues

To validate the effectiveness of distance consistency loss in our framework, we

compared the returned queues for a query slide after task 3 and after the entire con-

tinual training across different methods. As presented in Fig. 6, we compared five

methods, with the query slide on the left and the corresponding returned queues on the

right. For each method, the first row shows the initial returned queues, and the second

row shows the queues after training. Euclidean distance is used as the retrieval met-

ric. Euclidean distance is used as the retrieval metric. In Figure 6, we annotate each

returned WSI with its Euclidean distance (in green box), where smaller values indicate

higher similarity to the query slide. Irrelevant slides in both queries are outlined in red,

while inconsistencies in the second query are highlighted in blue.

In Fig. 6, our method demonstrates the best performance in maintaining the consis-

tency of returned queues. Without the consistency loss constraint, LCBHIR w/o DCL

fails to preserve the top returned slides and introduces more irrelevant cases in the sec-

ond query. In a lifelong histopathology CBHIR system, balancing stability and plas-

ticity is crucial. Stability here refers to the consistency of returned queues throughout

continual training. However, other methods, including Finetune, EWC, and DER++,

struggle with this consistency. Finetune suffers from catastrophic forgetting due to

the continuous data stream, while EWC and DER++, despite incorporating knowledge

distillation, can only ensure the relevance of returned cases, not the consistency, which

undermines the system’s credibility.

5.8.3. Forgetting in Continual Learning for WSI Retrieval

Fig. 7 presents the performance curves (mAP, Recall, and Precision at the subtype

level) of the baseline and several continual learning methods as the number of tasks in-

creases. As shown in the Fig. 7a, Finetune suffers from severe catastrophic forgetting,

especially with a sharp performance drop from 0.758 to 0.589 during task 4 changing

to task 5. Tasks 4, 5, and 6 contain both rare and common cancer subtypes, which fur-
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(a) Incremental mAP@5 (b) Incremental Recall@3 (c) Incremental Precision@5

Figure 7: Incremental performance curves on sequential tasks at subtype level.

ther exacerbates the already limited discriminative ability of Finetune, leading to poor

overall performance.

Fig. 7c witnesses that DER++ drops from 0.897 to 0.636 and EWC from 0.913

to 0.459 on Precision@5, demonstrating that replay-based methods have better perfor-

mance retention than regularization-based approaches, possibly because most regular-

ization methods are originally designed for natural images. These regularization losses

tend to be less effective when applied to pathological images, due to highly heteroge-

neous and exhibit significant domain shifts.

On Recall@3 (Fig. 7b), our method achieves excellent stability, with a slight drop

from 0.910 to 0.861, while ER-ACE has a sharp drop from 0.908 to 0.787, showing

that our method outperforms other replay-based approaches. We attribute this to the

proposed distance consistency rehearsal and bilevel coreset selection. These strategies

not only help maintain stable retrieval queues, but also reinforce the decision bound-

aries in the feature space by mining hard samples, thereby ensuring stable retrieval

performance over time.

6. Discussion

In this work, we propose LCBHIR, a continual learning method for WSI retrieval.

A core challenge in continual learning is achieving a balance between stability and

plasticity, which is also essential for model interpretability. In this work, we define

interpretability primarily at the global level, focusing on whether the system’s behavior

during sequential learning can be understood and trusted. This is illustrated directly by
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the experimental results shown in Fig. 5–7. Stability is captured in Fig. 6 and Fig. 7.

Fig. 6 shows the retrieval queues before and after continual learning, where our method

preserves consistent retrieval results for previously seen data. Fig. 7 further provides

the performance–forgetting curve, quantifying how the system retains retrieval accu-

racy across tasks. Together, these visualizations make it interpretable why our system

maintains stable behavior over time—avoiding abrupt shifts that could mislead clin-

icians in real applications. Plasticity is reflected in Fig. 5, which demonstrates how

new subtype data are integrated into the feature space. The visualization shows that

both common subtypes (e.g., COAD and STAD) and rare ones (e.g., LGG) are effec-

tively incorporated without disrupting prior knowledge. This provides a clear global

explanation of the model’s adaptability and generalization capacity in diverse clinical

contexts.

In the aspect of application, efforts will be made on the practical clinical deploy-

ment of continual learning-based retrieval systems. We plan to optimize both the train-

ing and inference processes, and further integrate our approach with modern database

systems [38]. For example, implement incremental indexing tables could be used to

temporarily store newly learned data and support batch merging. Additionally, user

feedback could be integrated at the SQL layer to update image matching weights, en-

abling personalized retrieval.

7. Conclusion

In this work, we proposed a Lifelong Content-based Histopathology Image Re-

trieval (LCBHIR) framework to address the challenge of catastrophic forgetting in

continually expanding whole slide image (WSI) databases. Our method strikes a bal-

ance between stability and plasticity, which is crucial for continual learning systems

in clinical applications. A bilevel coreset sampling strategy with a local memory bank

is introduced to maintain plasticity, which has been proven effective in mining chal-

lenging samples and refining decision boundaries. To preserve stability, we designed

a distance consistency rehearsal (DCR) module to maintain consistent retrieval queues

for previously learned tasks, thereby improving the reliability of retrieval outcomes
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over time. In the future, we will concentrate on the clinical application of continual

learning-based retrieval systems and explore more practical scenarios, such as data-

incremental settings and fine-grained retrieval of rare cancer subtypes. We hope this

study could encourage further research on continual learning in histopathology image

retrieval and contribute to the advancement of large-scale, lifelong CBHIR systems.
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Appendix A. Vision Mamba

Appendix A.1. Preliminaries

The Vision Mamba (Vim) [30] is inspired by the continuous system, which maps

a 1-D function or sequence x(t) ∈ R 7→ y(t) ∈ R through a hidden state h(t) ∈ RH .

This system uses A ∈ RH×H as the evolution parameter and B ∈ RH×1, C ∈ R1×H as

the projection parameters. The continuous system works as follows: h′(t) = Ah(t) +

Bx(t) and y(t) = Ch(t). Vim is the discrete versions of the continuous system, which

include a timescale parameter ∆ to transform the continuous parameters A, B to discrete

parameters A, B. The commonly used method for transformation is zero-order hold

(ZOH), which is defined as follows:

A = exp (∆A),

B = (∆A)−1(exp (∆A) − I) · ∆B.
(A.1)

After the discretization of A, B, the discretized version using a step size ∆ can be

rewritten as:
ht = Aht−1 + Bxt,

yt = Cht.
(A.2)

Finally, the models compute output by a global convolution.

K = (CB,CAB, . . . ,CA
N−1

B),

y = x ∗K,
(A.3)

where N is the length of the input sequence x, and K ∈ RN is a structured convolutional

kernel.

Appendix A.2. Vim Block

The process of Vim block is detailed in Algorithm3. The input token sequence zl−1

is first normalized by the normalization layer. Next, we linearly project the normalized

sequence to the x and k with dimension size S . Then, we process the x from the forward

and backward directions. For each direction, we first apply the 1-D convolution to the

x and get the x′o. We then linearly project the x′o to the Bo, Co, ∆o, respectively. The
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∆o is then used to transform the Ao, Bo, respectively. Finally, we compute the y f orward

and ybackward through the SSM. The y f orward and ybackward are then gated by the k and

added together to get the output token sequence zl.

In algorithm 3, L denotes the number of blocks, D denotes the hidden state dimen-

sion, S denotes the expanded state dimension, and H denotes the SSM dimension.

Algorithm 3: Vim Block
Require: token sequence zl−1 : (B,N,D)

Ensure: token sequence zl : (B,N,D)

1: // normalize the input sequence z′l−1

2: z′l−1 : (B,N,D)← Norm(zl−1)

3: x : (B,N, S )← Linearx(z′l−1)

4: k : (B,N, S )← Lineark(z′l−1)

5: // process with different direction

6: for o in {forward, backward} do

7: x′o : (B,N, S )← SiLU(Conv1do(x))

8: Bo : (B,N,H)← LinearB
o (x′o)

9: Co : (B,N,H)← LinearC
o (x′o)

10: // softplus ensures positive ∆o

11: ∆o : (B,N, S )← log(1 + exp(Linear∆o (x′o) + Parameter∆o ))

12: // shape of ParameterA
o is (S ,H)

13: Ao : (B,N, S ,H)← ∆o
⊗

ParameterA
o

14: Bo : (B,N, S ,H)← ∆o
⊗

Bo

15: // initialize ho and yo with 0

16: ho : (B, S ,H)← zeros (B, S ,H)

17: yo : (B,N, S )← zeros (B,N, S )

18: // SSM recurrent

19: for i in {0, ..., N-1} do

20: ho = Ao[:, i, :, :]
⊙

ho + Bo[:, i, :, :]
⊙

x′o[:, i, :,None]

21: yo[:, i, :] = ho
⊗

Co[:, i, :]

22: end for

23: end for

24: // get gated y

25: y′f orward : (B,N, S )← y f orward
⊙

SiLU(k)

26: y′backward : (B,N, S )← ybackward
⊙

SiLU(k)

27: // residual connection

28: zl : (B,N,D)← Linearz(y′f orward + y′backward) + zl−1

29: Return: zl
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