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Abstract

Recently, because of the high-quality representations of con-
trastive learning methods, rehearsal-based contrastive contin-
ual learning has been proposed to explore how to contin-
ually learn transferable representation embeddings to avoid
the catastrophic forgetting issue in traditional continual set-
tings. Based on this framework, we propose Contrastive
Continual Learning via Importance Sampling (CCLIS) to
preserve knowledge by recovering previous data distribu-
tions with a new strategy for Replay Buffer Selection
(RBS), which minimize estimated variance to save hard neg-
ative samples for representation learning with high qual-
ity. Furthermore, we present the Prototype-instance Relation
Distillation (PRD) loss, a technique designed to maintain
the relationship between prototypes and sample representa-
tions using a self-distillation process. Experiments on stan-
dard continual learning benchmarks reveal that our method
notably outperforms existing baselines in terms of knowl-
edge preservation and thereby effectively counteracts catas-
trophic forgetting in online contexts. The code is available at
https://github.com/lijy373/CCLIS.

Introduction
Deep neural networks are widely recognized to commonly
face challenges in preserving performance in learned tasks
after being trained on a new one, which is called Catas-
trophic Forgetting (McCloskey and Cohen 1989). Continual
learning has been proposed to overcome Catastrophic For-
getting and transfer knowledge forward and backward dur-
ing training for a stream of data, with only a small portion
of the samples available at once. Recent research has inte-
grated this scheme into continual learning due to the capa-
bility of contrastive learning to secure high-quality repre-
sentations (Chen et al. 2020). A prime example of this inte-
gration is contrastive continual learning (Cha, Lee, and Shin
2021), which leverages the advantages of contrastive repre-
sentations. Furthermore, we have identified two primary ar-
eas that remain underexplored in contrastive continual learn-
ing. First, the settings of continual learning inherently mean
that only limited samples from previous tasks are retained
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and used alongside current tasks in contrastive continual
models. This introduces a bias between contrastive represen-
tations trained in on-line and off-line settings, significantly
contributing to Catastrophic Forgetting. Second, while the
importance of hard negative samples (i.e., data points that
are difficult to distinguish from anchors of different classes)
for contrastive representation is recognized (Robinson et al.
2020), there has been limited investigation into the optimal
selection and preservation of these samples in the context of
contrastive continual learning, as observed in previous re-
search (Cha, Lee, and Shin 2021). In this paper, we address
two questions: (1) How can we more effectively recapture
the data distributions of earlier tasks using buffered sam-
ples? and (2) How can we improve the selection and reten-
tion of important samples?

Consequently, we propose CCLIS, a contrastive continual
learning algorithm that can alleviate Catastrophic Forgetting
and select hard negative samples. We set out to make theo-
retical and empirical contributions as follows:
1. Based on a prototype-based supervised contrastive con-

tinual learning framework, we estimate previous task
distributions via importance sampling with a weighted
buffer during training, which can eliminate the bias be-
tween contrastive representations trained online and of-
fline to overcome Catastrophic Forgetting.

2. Based on (1), we introduce a methodology to compute
importance weights within a contrastive continual learn-
ing framework accompanied by robust theoretical justi-
fications. In addition, we examine the interplay between
importance sampling and hard negative selection. In par-
ticular, we observe that samples with higher scores, as
determined by our method, are more likely to be retained
as hard negative samples.

3. We propose the PRD loss to preserve the learned rela-
tionship between prototype and instance, which helps to
use the importance sampling method to recover the dis-
tributions of tasks and maintain knowledge of previous
tasks.

4. Finally, experiments demonstrate that our method outper-
forms most of the state-of-the-art non-stationary task dis-
tributions from three benchmark datasets. Empirically,
our algorithms can recover the data distributions of pre-
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vious tasks as much as possible and store hard negative
samples to enhance the performance of contrastive con-
tinual learning, which helps mitigate Catastrophic For-
getting.

Related Work
Contrastive Continual learning. Continual learning aims
to extend the previous knowledge to new task adaptation and
overcome Catastrophic Forgetting with restricted buffer and
computing resources for the data stream, which has been
widely used in Computer Vision, Reinforcement Learning
etc (Wang et al. 2023). Continual learning algorithms are di-
vided into three categories (De Lange et al. 2021): Replay
methods (Riemer et al. 2018; Lopez-Paz and Ranzato 2017;
Aljundi et al. 2019), Regularization-based methods (Li and
Hoiem 2017; Zhang et al. 2021) and Parameter isolation
methods (Rusu et al. 2016). Recently, replay methods have
shown impressive performance, where the idea of extending
contrastive learning (Jaiswal et al. 2020; Khosla et al. 2020)
schemes to continual learning settings is noteworthy (Cha,
Lee, and Shin 2021; Liang 2019, 2018; Liang et al. 2021;
De Lange et al. 2021). However, due to the lack of previous
task samples caused by continual learning, there is a gap in
representations between continual contrastive learning and
offline authentic contrastive learning. To fill this gap, re-
cent work proposes continual contrastive learning (Fini et al.
2022) and contrastive continual learning (Cha, Lee, and Shin
2021). The first aims to explore the performance of con-
trastive learning in the continual learning setting, which is
a different research goal from this paper. The latter adopts
contrastive learning as a method to avoid suffering from
Catastrophic Forgetting, which is the topic our work mainly
focuses on. In this study, with the help of contrastive con-
tinual learning, we use the importance sampling method to
recover the data distribution of previous tasks to alleviate
Catastrophic Forgetting to some extent.

Coreset selection for Replay-based Continual Learn-
ing. Our algorithm focuses primarily on the replay method.
Coreset selection for replay-based continual learning has
been studied, and some buffer selection criteria have been
proposed, e.g., herding-based exemplar selection (Rebuffi
et al. 2017), gradient-based method (Aljundi et al. 2019), ac-
tive learning (Ayub and Fendley 2022), minibatch similarity,
sample diversity, and coreset affinity (Yoon et al. 2021) etc.
Recent work (Tiwari et al. 2022) proposes weighted buffer
selection, which can increase the capacity to preserve pre-
vious knowledge. Although coreset selection in continual
learning and contrastive learning (Robinson et al. 2020) has
been proposed, how to select and preserve important sam-
ples to help contrastive continual learning has not yet been
studied. With contrastive continual learning, we apply the
importance sampling method to weighted buffer, which as-
sists mine hard negatives, estimate data distributions of pre-
vious tasks and overcome Catastrophic Forgetting issue.

Knowledge Distillation. As a vital method to transfer
knowledge from teacher models to student models, knowl-
edge distillation (Hinton, Vinyals, and Dean 2015) has been
widely applied to continual learning in order to alleviate

Catastrophic Forgetting by distilling past features into cur-
rent models. Inspired by (Cha, Lee, and Shin 2021; Fang
et al. 2021; Asadi et al. 2023), we propose to use knowl-
edge distillation to keep the relation between prototypes and
instances stable, which helps to apply the importance sam-
pling strategy to better recover previous task distributions.

Background
Problem Setup: Continual Learning
We aim at supervised continual learning: given sequentially
arriving tasks with timesteps t ∈ {1, 2, . . . , T}, which are
assumed to be sampled from a non-stationary distribution.
In each task t, there are Nt input-label pairs drawn from
data distributions of the specific task, i.e., (xi, yi)

Nt

i=1 ∼ Dt,
where xi denotes the input and yi denotes the responding
class label. At each time step t, the model receives current
task samples Dt separate from past task data D1:t−1 due to
the non-stationary distribution from which they are sampled.

We focus on two primary tasks in the setting of continual
learning (Van de Ven and Tolias 2019): Class-incremental
learning (Class-IL) and Task-incremental learning (Task-
IL). For the first, given test samples, the model predicts the
responding labels without task information during evalua-
tion, that is, the goal is to obtain the model ϕθ(x) by opti-
mizing the following objective:

min

T∑
t=1

E(x,y)∼Dt [l(y, ϕθ(x))], (1)

where l denotes the loss function such as the softmax func-
tion and θ denotes the model parameters. For the latter, the
model is trained on sequentially arriving tasks with clear
task boundaries and evaluated with task information:

min

T∑
t=1

E(x,y)∼Dt [l(y, ϕθ(x, t))]. (2)

Preliminaries: Contrastive Learning
Given a training dataset X = {x1, x2, . . . , xN} of N sam-
ples, contrastive learning aims to obtain an embedding func-
tion fθ mapping X to representation embeddings Z =
{z1, z2, . . . , zN}, i.e., zi = fθ(xi), which can be applied
to downstream tasks. Instance-wise contrastive learning (He
et al. 2020) augments training samples into two views to
have 2N inputs and gains high-quality embedding space
by minimizing a contrastive loss function such as InfoNCE
(Oord, Li, and Vinyals 2018):

LInfoNCE(θ) :=

2N∑
i=1

− log
exp(zi · z′i/τ)∑
j ̸=i exp(zi · zj/τ)

, (3)

where zi and z′i are positive embedding pairs of instance xi

with regards to the two views, while zj includes one posi-
tive embedding z′i and 2N −2 negative embeddings of other
instances, and τ denotes temperature.

To better apply our proposed method, we replace zi with
the prototype c of the responding class in equation (3) with-
out augmenting samples into two views, which is differ-
ent from the previous prototype-based contrastive learning
framework (Li et al. 2020; Caron et al. 2020).
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Figure 1: Illustration of Contrastive Learning via Importance Sampling and PRD Loss. (a) When new tasks are introduced,
buffer samples are drawn with specific sampling weights. By using the Importance Sampling technique, we approximately
recover the data distributions of previous tasks and apply prototype-based contrastive learning on previous and current data to
have high-quality features. (b) Given samples of a minibatch, the PRD loss is designed to distill the relation between prototypes
and instances from the previous model to the current one. We minimize the cross-entropy of prototype-instance similarity from
the current and previous models with frozen parameters, which are computed with dot products of normalized embeddings.

Preliminaries: Importance Sampling
As a significant method in machine learning, importance
sampling (Kong, Liu, and Wong 1994) has been proposed
to approximate expectations without drawing samples from
target distributions. Formally, given the data distribution π
of sample z and the proposal distribution q, we can estimate
the expectation of function f(z) on π using the classical
Monte Carlo Importance Sampling method:

Ez∼πf(z) = Ez∼q
π(z)

q(z)
f(z) ≈ 1

L

L∑
l=1

π(zl)

q(zl)
f(zl), (4)

where L is the number of drawn samples. However, it is of-
ten the case that assuming π = π̂/Zπ , the distribution π can
only be evaluated up to an incremental normalization con-
stant Zπ . By estimating Zπ , the biased importance sampling
strategy provides the following approximation of the expec-
tation:

Ez∼πf(z) ≈
1

L

L∑
l=1

π̂(zl)/q(zl)

Ẑπ

f(zl), (5)

where Ẑπ := 1
L

∑L
l=1 π̂(zl)/q(zl) is the estimator of Zπ .

Contrastive Continual Learning via
Importance Sampling

Overview of Our Model
Based on previous contrastive continual learning (Cha, Lee,
and Shin 2021), we propose CCLIS in order to overcome
Catastrophic Forgetting. We propose a model structured in
three distinct steps: First, we build the supervised version
of prototype-based InfoNCE via importance sampling in the
setting of the continual learning framework. Second, based
on our modified version of contrastive loss, we propose a
sampling method for RBS with sufficient theoretical guaran-
tees. Finally, we introduce a distillation loss in our model.

By doing so, our model boasts several significant advan-
tages: (1) With importance sampling under the prototype-
based InfoNCE, we can recover distributions of previous
tasks to overcome Catastrophic Forgetting. (2) With our
RBS, we can draw hard negative samples to preserve and
eliminate the estimated variation in importance sampling.
(3) By using the PRD loss, we can maintain the relation-
ship between prototypes and instances, improving the per-
formance of the importance sampling method. In addition, it
helps to distill and preserve knowledge from previous tasks.
The overview of the proposed model is presented in Algo-
rithm 1.

Prototype-based InfoNCE Loss via Importance
Sampling
In this section, our aim is to adopt a supervised version
of the prototype-based InfoNCE to learn high-quality con-
trastive representation in a continual learning setting. How-
ever, due to the gap between offline and online scenarios,
only a few samples of previous tasks are preserved in the
replay buffer M , making it infeasible to optimize the loss
function. To fill this gap, we aim to keep the performance of
our model close to that trained on data drawn from the cur-
rent task Dt and the samples available at the moment t− 1,
i.e., Rt−1 := Mt−1 ∪ Dt−1, since it is difficult to achieve
performance learning samples from all tasks D1:t. Formally,
for each task t, Ĉt and Yt are defined as the class set of Rt

and Dt respectively. Assuming that dataset D has N sam-
ples with K classes, we denote prototypes {c1, . . . , cK} as
clustering centers of classes that are randomly initialized. By
denoting sij := ci · zj/τ for convenience, we focus on the
following objective:

L :=
∑

i∼Ĉt−1∪Yt

∑
j∼Si

− log
exp(sij)∑

k∼Rt−1∪Dt
exp(sik)

(6)
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where Si := {j|yj = i and (xj , yj) ∈ Rt−1 ∪Dt} denotes
samples from specific class i in currently available data. To
analyze the contrastive loss, we deviate from it with respect
to the model parameters and obtain the gradients of this loss
function. For a specific prototype ci of the previous task, we
denote pij =

exp(sij)∑
k∼Rt−1∪Dt

exp(sik)
, then the gradient of the

loss function (6) has the following form if we focus on the
sample j drawn from Si:

∇θLi,j = −∇θsij +
∑

k∼Rt−1∪Dt

pik∇θsik (7)

where Li,j = − log
exp(sij)∑

k∼Rt−1∪Dt
exp(sik)

. Notice that the

gradient ∇θLi,j can be decomposed into two parts, in-
cluding −∇θsij and

∑
k∼Rt−1∪Dt

pik∇θsik, while the lat-
ter part can be written as the expectation of the gradients
Ek∼pi∇θsik. However, it is difficult to apply the classical
Monte-Carlo method to estimate expectations on various
target distributions pi. It is also difficult to directly adopt
the classical Importance Sampling method, as the partition
function

∑
k∼Rt−1∪Dt

exp(sik) is intractable due to previ-
ous lost samples. To address the issues, we use the biased
importance sampling method to approximate the intractable
normalizing function and give a biased estimation of the gra-
dients, while positive samples of specific class i and samples
from task t cannot be estimated. Unlike the traditional sam-
pling strategy, each instance (xj , yj) is sampled from the
discrete distribution of the specific class instead of the entire
data distribution, avoiding the mixing of positive and neg-
ative samples. Formally, we denote g(m) = [g

(m)
j ]j∼Sm

as
the proposal distribution of the specific class m, and Jm rep-
resents the samples drawn from g(m). Accordingly, we get
the biased estimate of the stochastic gradient as below using
biased importance sampling and Monte-Carlo techniques:

∇θLi,j ≈−∇θsij +
∑

k∼Ji∪Dt

pik
Wi
∇θsik

+
∑

m∼Ĉt−1\i

1

|Jm|
∑

k∼Jm

ω
(m)
ik

Wi
∇θsik , (8)

where ω
(m)
ik := p

(m)
ik /g

(m)
k and Wi :=

∑
k∼Ji∪Dt

pik +∑
m∼Ĉt−1\i

1
|Jm|

∑
k∼Jm

ω
(m)
ik . Finally, our modified ver-

sion of contrastive loss can be obtained as the sum of the
antiderivative of the gradient in the specific task t:

LSample−NCE(θ; t) =
∑
i∼Yt

∑
j∼Si

Li,j +
∑
i∼Ĉt

∑
j∼Ji

L̂i,j , (9)

where:

L̂i,j = − log
exp(sij)∑

k∼Ji∪Dt

exp(sik) +
∑

m∼Ĉt−1\i

∑
k∼Jm

exp(sik)

g
(m)
k

|Jm|

.

(10)
The loss function can be applied directly to samples

drawn from minibatches. Now, we propose a method to re-
cover data distributions from previous tasks using weighted
samples in the replay buffer. For more in-depth technical de-
tails, please refer to Appendix A.

Algorithm 1: Contrastive Continual Learning via
Importance Sampling (CCLIS).

Require: Dataset {Dt}Tt=1, model fθ, buffer M ← {},
hyper-parameter λ, learning rate η,

1: Initialize model parameters θ,
2: for t=1,. . . ,T do
3: for batch Bt ∼ Dt do
4: BM ∼M
5: B ← Bt ∪BM

6: L← LSample−NCE(θ;B) with Eq.(9)
7: if t > 1 then
8: L← L+ λ · LPRD(θ; θprev, B) with Eq.(14)
9: end if

10: θ ← θ − η∇θL
11: end for
12: Calculate the proposal distribution g with Eq.(12)
13: M ← SELECT (M ∪Dt, g) by weighted sampling

without replacement
14: θprev ← θ
15: end for

Replay Buffer Selection for Estimated Variance
Minimization
While using the modified contrastive learning objective can
help recover the previous data distributions, one may still
benefit from selecting a suitable proposal distribution, which
is crucial to the effectiveness of the importance sampling
method. The closer the proposal distribution to the target
distribution, the better the model performance, and the gap
between the proposal distribution and the target distribution
would cause the estimated variance, leading to a drop in
performance. However, it is not trivial to select a proposal
distribution g(m) of a specific class m in Ĉt, because there
are nt := |Ĉt| − 1 target distributions, except the distribu-
tion pm to which the proposal distribution must be close. To
overcome this, we propose RBS based on the estimated min-
imization of variance, which can better recover the previous
data distributions.

For the set of a specific class m sampled from Rt, the tar-
get distribution with the fixed prototype ci is pi. Although
samples from Dt should be considered, we can approxi-
mately minimize the estimated variance caused by the gap
between the proposal distribution g(m) and the target distri-
butions p̂

(m)
i := [

exp sij∑
j∼Rt−1

exp sij
]j∼Sm for all i ∈ Ĉt\m.

We prove in Appendix A that we can minimize an upper
bound on the estimated variance by optimizing the mean of
Kullback–Leibler (KL) divergences of the proposal distribu-
tion from the target distributions:

min
1

nt

nt∑
i=1

KL(p̂
(m)
i ||g(m)). (11)

It is noticed that the above objective can be solved directly.
The function achieves the minimum when the proposal dis-
tribution is equal to the mean of the target distributions:

g(m) =
1

nt

nt∑
i=1

p̂
(m)
i , (12)
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As inferred from Equation (12), in order to reduce the es-
timated variance, we need to select negative samples that are
close to the prototypes of all different categories on average,
that is, hard negative samples that are difficult to distinguish
by a classifier. More details can be seen in Appendix A.

PRD for Contrastive Continual Learning
Although our method readily provides a more transferable
representation space, it is necessary to preserve the learned
knowledge of previous tasks for stable representation fea-
tures and prototype-instance relationships, which is crucial
to limit the gap between the proposal distribution and the
target distributions. To achieve this aim, we propose a PRD
to regulate changes in the features of current and previous
models through self-distillation (Fang et al. 2021), which
can preserve learned knowledge to overcome Catastrophic
Forgetting. Assuming that the samples are drawn from the
minibatch B at the time step t and Y1:t is the class set of
D1:t, the prototype-instance score vector is the normalized
similarity of the sample xi to the prototypes that appear,
which is formally defined as q(xj ; θ) = [qij ]i∼Y1:t

, where
qij denotes the normalized prototype-instance similarity be-
tween prototype i and sample j:

qij =
exp(sij)∑|Y1:t|

i=1 exp(sij)
. (13)

Our proposed PRD loss measures the relation of
prototype-instance similarity between the previous and cur-
rent representation spaces as a self-distillation method. For-
mally, we denote the parameters of previous and current
models as θprev and θcur respectively, and the PRD loss is
defined as:

LPRD(θcur; θprev, B) =
∑

xj∼B

−q(xj ; θprev) log q(xj ; θcur).

(14)
By using the frozen model with previous representations,
PRD distill the learned relationship between prototypes and
sample features to the current model, helping to keep the tar-
get distributions stable to better apply the importance sam-
pling method and preserve previous knowledge better.

Objective Function
Similar to past literature(Cha, Lee, and Shin 2021), our loss
function is composed of contrastive loss LSample−NCE and
distillation loss LPRD with the trade-off parameter λ as fol-
lowing:

L(θ) = LSample−NCE(θ) + λ · LPRD(θ), (15)

and all the trainable parameters, including prototypes and
model parameters, can be updated through optimizing the
objective function.

Experimental Setup
Research Questions. The remainder of the paper is guided
by subsequent research questions: (RQ1) Can our proposed
method outperform other baselines in various datasets in the
continual learning setting? (RQ2) What is the impact of each

component, i.e., importance sampling and PRD, on the per-
formance of our method? (RQ3) What is the connection be-
tween the components in our method?

Baselines. We consider two continua learning set-
tings: Class-Incremental Learning (Class-IL) and Task-
Incremental Learning (Task-IL). For evaluation purposes,
we take the following state-of-the-art baselines: (1) ER
(Experience Replay) (Riemer et al. 2018) is a rehearsal-
based method with random sampling in memory retrieval
and reservoir sampling in memory updates. (2) iCarL (Re-
buffi et al. 2017), representation learning with an incre-
mental buffer proposes learning representation embeddings
and classifiers in the Class-IL setting. (3) GEM (Lopez-Paz
and Ranzato 2017) uses episodic memory to minimize neg-
ative knowledge transfer and Catastrophic Forgetting. (4)
GSS (Aljundi et al. 2019), a gradient-based sample selection
method that maximizes the variation of the gradients of the
replay buffer samples. (5) DER (Dark Experience Replay)
and DER++ (Buzzega et al. 2020), which promotes the con-
sistency of the logit of the current task with the previous one.
(6) Co2L (Contrastive Continual Learning) (Cha, Lee, and
Shin 2021), a rehearsal-based continual learning algorithm
with instance-wise contrastive loss and self-distillation. (7)
GCR (Gradient Coreset-based Replay) (Tiwari et al. 2022),
a new gradient-based strategy for RBS in continual learning.

Datasets. We verify the effectiveness of our method in
Class-IL and Task-IL on the following three datasets: Seq-
cifar-10 (Krizhevsky, Hinton et al. 2009), Seq-cifar-100
(Krizhevsky, Hinton et al. 2009), and Seq-tiny-imagenet (Le
and Yang 2015), and all of them are commonly used as
benchmarks in previous work(Tiwari et al. 2022). Seq-cifar-
10 is the set of splits of Cifar10. Following general settings,
we divide it into 5 tasks with two classes per task. Seq-
cifar-100 is constructed from Cifar100 and divided into five
tasks with 20 classes per task, similar to (Tiwari et al. 2022).
Seq-tiny-imagenet splits Tiny-imagenet (Russakovsky et al.
2015) into ten tasks of 20 classes each. Both Class-IL and
Task-IL share the same dataset splitting settings.

Settings. We train on three datasets using ResNet-18 (He
et al. 2016) as the backbone and report our results with mem-
ory sizes 200 and 500. All model parameters, including pro-
totypes and backbone parameters, are trained through back-
propagation. To be consistent with previous contrastive con-
tinual learning, we freeze model parameters and train a lin-
ear classifier to evaluate on samples RT . We adopt the same
strategy of training the linear classifier as in (Cha, Lee, and
Shin 2021) to avoid suffering from the class-imbalanced is-
sue. Accuracy and Average Forgetting will be adopted to
evaluate all the methods in our experiments following the
CL literature (Chaudhry et al. 2018; Tiwari et al. 2022). Data
preparation, model architecture, hyper-parameter selection,
and training details, etc., can be referred to Appendix B.

Results and Discussions

In this section, we conduct sufficient experiments to answer
the research questions. Additional comparisons, ablations,
and analysis are shown in Appendix C.
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Buffer Dataset Seq-Cifar-10 Seq-Cifar-100 Seq-Tiny-ImageNet
Scenario Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL

200

ER 49.16±2.08 91.92±1.01 21.78±0.48 60.19±1.01 8.65±0.16 38.83±1.15
iCaRL 32.44±0.93 74.59±1.24 28.0±0.91 51.43±1.47 5.5±0.52 22.89±1.83
GEM 29.99±3.92 88.67±1.76 20.75±0.66 58.84±1.00 - -
GSS 38.62±3.59 90.0±1.58 19.42±0.29 55.38±1.34 8.57±0.13 31.77±1.34
DER 63.69±2.35 91.91±0.51 31.23±1.38 63.09±1.09 13.22±0.92 42.27±0.90
Co2L 65.57±1.37 93.43±0.78 27.73±0.54 54.33±0.36 13.88±0.40 42.37±0.74
GCR 64.84±1.63 90.8±1.05 33.69±1.40 64.24±0.83 13.05±0.91 42.11±1.01

CCLIS(Ours) 74.95±0.61 96.20±0.26 42.39±0.37 72.93±0.46 16.13±0.19 48.29±0.78

500

ER 62.03±1.70 93.82±0.41 27.66±0.61 66.23±1.52 10.05±0.28 47.86±0.87
iCaRL 34.95±1.23 75.63±1.42 33.25±1.25 58.16±1.76 11.0±0.55 35.86±1.07
GEM 29.45±5.64 92.33±0.80 25.54±0.65 66.31±0.86 - -
GSS 48.97±3.25 48.97±3.25 21.92±0.34 60.28±1.18 9.63±0.14 36.52±0.91
DER 72.15±1.31 93.96±0.37 41.36±1.76 71.73±0.74 19.05±1.32 53.32±0.92
Co2L 74.26±0.77 95.90±0.26 36.39±0.31 61.97±0.42 20.12±0.42 53.04±0.69
GCR 74.69±0.80 94.44±0.32 45.91±1.30 71.64±2.10 19.66±0.68 52.99±0.89

CCLIS(Ours) 78.57±0.25 96.18±0.43 46.08±0.67 74.51±0.38 22.88±0.40 57.04±0.43

Table 1: Class-IL and Task-IL Continual Learning. We report our performance and the results of rehearsal-based baselines on
Seq-Cifar-10, Seq-Cifar-100 and Seq-Tiny-ImageNet with memory sizes 200 and 500, all of which are averaged across ten
independent trails.

Buffer Dataset Seq-Cifar-10 Seq-Cifar-100 Seq-Tiny-ImageNet
Scenario Class-IL Task-IL Class-IL Task-IL Class-IL Task-IL

200

DER 35.79±2.59 6.08±0.70 62.72±2.69 25.98±1.55 64.83±1.48 40.43±1.05
Co2L 36.35±1.16 6.71±0.35 67.06±0.01 37.61±0.11 73.25±0.21 47.11±1.04
GCR 32.75±2.67 7.38±1.02 57.65±2.48 24.12±1.17 65.29±1.73 40.36±1.08

CCLIS(Ours) 22.59±0.18 2.08±0.27 46.89±0.59 14.17±0.20 62.21±0.34 33.20±0.75

500

DER 24.02±1.63 3.72±0.55 49.07±2.54 25.98±1.55 59.95±2.31 28.21±0.97
Co2L 25.33±0.99 3.41±0.8 51.96±0.80 26.89±0.45 65.15±0.26 39.22±0.69
GCR 19.27±1.48 3.14±0.36 39.20±2.84 15.07±1.88 56.40±1.08 27.88±1.19

CCLIS(Ours) 18.93±0.61 1.69±0.12 42.53±0.64 12.68±1.33 50.15±0.20 23.46±0.93

Table 2: Average Forgetting (lower is better) in Continual Learning, all averaged across five independent trails. For simplicity,
we only compare our method with recent baselines.

RQ1:Performance on Squentially Arriving Tasks
To be consistent with most contrastive continual learning al-
gorithms, we explore whether our method can learn high-
quality embeddings to overcome Catastrophic Forgetting.
To achieve this, we freeze the backbone parameters and
train a linear classifier from scratch to verify the effective-
ness of our algorithm. The results in Table 1 show that our
method outperforms most state-of-the-art baselines on vari-
ous datasets in non-stationary task distributions, and the av-
erage forgetting results in Table 2 show that our method can
effectively alleviate the forgetting issue.

RQ2: Ablation Study
Effectiveness of importance sampling. To validate the ef-
fectiveness of the importance sampling method, we intro-
duce three variants of CCLIS: Without importance sampling
(IS) and PRD, where we train only with our prototype-based
contrastive loss with the random sampling strategy; with im-
portance sampling (IS) only, where we optimize the Sample-
NCE without self-distill loss; With PRD only, where we pre-
serve samples randomly and only use distillation loss to pre-
serve previous knowledge. We compare our methods with
the three variants in Seq-Cifar-10 with 200 buffered samples

and show the results in Table 3 in the Class-IL scenario. It is
noticed that without PRD loss, importance sampling brings
about an improvement of 3.4% while we gain a 1.4% im-
provement with PRD loss on the average.

Furthermore, to illustrate whether RBS or the entire im-
portance sampling method leads to improvement, we per-
form ablation experiments on Seq-Cifar-10 under the Class-
IL and Task-IL scenarios. Table 4 illustrates that there is
a gap between the data distributions of previous tasks and
the preserved samples only with RBS, which leads to per-
formance degradation; our method via importance sampling
can recover the distributions of previous tasks by eliminat-
ing bias caused by sample selection, resulting in better per-
formance than random sampling.

Effectiveness of PRD loss. Similar to the importance
sampling ablation study, we verify the effectiveness of PRD
loss in Table 3. According to the table, the improvement
brought by PRD loss is 31.0% with random sampling,
while there is a 28.4% relative improvement related to PRD
loss with importance sampling. The increased performance
growth shows that the PRD loss can preserve knowledge
from previous tasks to alleviate Catastrophic Forgetting.
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Sampling PRD 200
w/o IS and PRD Random × 56.43±1.54

w/ IS only IS × 58.37± 1.17
w/ PRD only Random ✓ 73.95±1.12
CCLIS(ours) IS ✓ 74.95±0.61

Table 3: Ablation study of importance sampling and PRD.
We train our model on the Seq-CIFAR-10 dataset with 200
buffered samples under a Class-IL scenario to explore the
effectiveness of importance sampling and PRD.

200 500

Class-IL RBS only 54.18±0.88 67.50±0.50
IS 57.24±1.46 68.50±0.76

Task-IL RBS only 85.00±1.20 91.19±0.30
IS 86.28±0.74 91.34±0.20

Table 4: Ablation study of the importance sampling method.
One experiment trains only with RBS, while the other trains
with importance sampling. All results are given in Seq-
CIFAR-10 under Class-IL and Task-IL scenarios. The im-
provements indicate that importance sampling can recover
previous tasks data distributions, eliminating the bias caused
by sample selection.

RQ3: Analysis of the Relationship between
Components

Connections between importance sampling and PRD
loss. As shown in experiments, the results validate that im-
portance sampling and PRD loss can preserve the knowl-
edge of previous tasks. We also find that PRD brought a
large performance boost to the importance sampling method
in the ablation study. The huge performance improvement
indicates that PRD narrows the gap between the proposal
distribution and the target distributions by keeping the rela-
tion between prototypes and instances stable, reducing the
estimated variance in the sampling of importance.

To further analyze the joint impact of importance sam-
pling and PRD loss on performance, we train the model by
gradually tuning the trade-off parameter λ. As in Figure 2,
the test accuracy gradually increases and stays steady after
reaching the highest point with increasing parameters, in-
dicating that PRD complements the importance sampling
based contrastive loss by stabilizing the relationship be-
tween prototypes and instances in online settings.

Connections between importance sampling and hard
negative mining. By re-examining RBS, we find that min-
imizing the estimated variance of importance sampling is
equivalent to preserving hard negatives relative to prototypes
of different classes. We have made an intriguing discovery
and visualized the embedding space on Seq-Cifar-10 to com-
pare importance sampling with random sampling. The vi-
sualization in Figure 3 indicates that our method draws the
samples distributed at the edges of the clusters and learns
better high-quality representations than random sampling.
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Figure 2: Performance variant with the distill power λ
on Seq-CIFAR-10 under Class-IL scenario. PRD effec-
tively enhances the performance of the importance sampling
based contrastive learning by successfully maintaining the
prototype-instance relationship.

Figure 3: Top: t-SNE visualization of feature embeddings
from replay buffer (colored) and all (gray) training sam-
ples of Seq-Cifar-10. Bottom: Similar to Top, but all sam-
ples are colored to distinguish different clusters clearly.
Left: buffer features drawn by Co2L, a contrastive continual
learning algorithm with random sampling, are spread uni-
formly in clusters. Right: Buffer features sampled by CCLIS
are mainly distributed at the edge of clusters. These can be
viewed as hard negatives of other classes to help the model
learn high-quality contrastive representations.

Conclusion, Limitations and Future Work
In this paper, based on the previous contrastive continual
learning method, we introduce an improved contrastive loss
through importance sampling, yielding improved contrastive
representations online. Furthermore, our RBS method, in-
formed by importance weight, retains hard negative samples
for future learning. In addition, we propose PRD to main-
tain the prototype-instance relation. Experiments show that
our method can better preserve previous task knowledge to
overcome Catastrophic Forgetting.

However, a limitation comes from the recovery of data
distributions since we only recover the distributions of the
last visible samples, which is still far from recovering the
entire data distribution. We plan to develop algorithms to
address this challenge as our future work.
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