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Abstract

In the realm of class-incremental learning (CIL), alleviating
the catastrophic forgetting problem is a pivotal challenge.
This paper discovers a counter-intuitive observation: by in-
corporating domain shift into CIL tasks, the forgetting rate
is significantly reduced. Our comprehensive studies demon-
strate that incorporating domain shift leads to a clearer sep-
aration in the feature distribution across tasks and helps re-
duce parameter interference during the learning process. In-
spired by this observation, we propose a simple yet effective
method named DisCo to deal with CIL tasks. DisCo intro-
duces a lightweight prototype pool that utilizes contrastive
learning to promote distinct feature distributions for the cur-
rent task relative to previous ones, effectively mitigating in-
terference across tasks. DisCo can be easily integrated into
existing state-of-the-art class-incremental learning methods.
Experimental results show that incorporating our method into
various CIL methods achieves substantial performance im-
provements, validating the benefits of our approach in en-
hancing class-incremental learning by separating feature rep-
resentation and reducing interference. These findings illus-
trate that DisCo can serve as a robust fashion for future re-
search in class-incremental learning.

Code — https://github.com/PixelChen24/DisCo

1 Introduction

Deep neural networks excel in static environments but fal-
ter with the dynamic nature of real-world data. Designed to
learn from static datasets, these models struggle to adapt to
new data without complete retraining. This leads to perfor-
mance degradation and catastrophic forgetting (McCloskey
and Cohen 1989) in real-world applications with continu-
ously updated data (Luo et al. 2024). Continual learning,
also known as incremental or lifelong learning, addresses
this by allowing models to learn incrementally, retaining
knowledge over time, and adapting to evolving data.
Generally, continual learning can be mainly taxono-
mized as Class-Incremental Learning(CIL) and Domain-
Incremental Learning(DIL). CIL (Zhou et al. 2022; Kirk-
patrick et al. 2017; Rusu et al. 2016; Wang et al. 2022c)
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Figure 1: The key finding of our work: Incorporating domain
shift in class incremental learning contributes to a clear sep-
aration of feature space and a better resistance to forgetting.

involves learning a sequence of tasks, with each task only
introducing new classes that were not present in the previ-
ous tasks. The model should correctly classify new samples
into all classes seen so far. Unlike CIL which focuses on ex-
panding the model’s class knowledge, DIL (Tang et al. 2021;
Tao et al. 2020; Volpi, Larlus, and Rogez 2021) requires the
model to generalize effectively across varying data distribu-
tions (Lai et al. 2024; Liu and Zhou 2024) with the same la-
bel space and fight against forgetting at the same time. There
is no doubt that combination of CIL and DIL can better sim-
ulate the real world where new knowledge and new data dis-
tribution are introduced gradually. Relatively a few studies
have been conducted to provide solutions to this combina-
tion. Many works (Kundu et al. 2020; Simon et al. 2022;
Xie, Yan, and He 2022) explore various problem settings of
combining CIL with DIL, emphasizing adaptation and gen-
eralization across known and unknown domains. However,
they did not really focus on the effect of domain shift on
CIL. Thus, we are motivated by this question: “Does do-
main shift really hamper CIL methods?”

In this work, we first discover that domain shift helps
reduce the interference and forgetting across tasks in CIL,
as illustrated in Fig. 1. Specifically, we start with an em-
pirical study where we simulate the combination of CIL
and domain shift by splitting DomainNet (Peng et al. 2019)
dataset, or manually add domain shift using a style trans-
fer GAN to the original CIFAR-100 dataset (Krizhevsky



and Hinton 2009) to construct DomainCIFAR-100. Quali-
tative results on DomainNet and DomainCIFAR-100 show
that domain shift assists model in learning distinguishable
representations across tasks. To further investigate the ef-
fects of domain shift, we design a quantitative metric to
measure the interference across tasks, along with a metric
to measure the knowledge learned by the model. We find
that domain shift helps reduce the interference during pa-
rameter updating and improves the knowledge transfer, thus
reducing forgetting rate. Then, we leverage this discovery to
design a simple yet effective plug-and-play method named
DisCo (Distinguishable feature for Continual Learning) to
deal with CIL tasks. DisCo utilizes contrastive loss to im-
pose task-level and class-level regularization on prototypes
to foster distinguishable task representations. DisCo also in-
cludes a cross-task contrastive distillation loss to preserve
prior knowledge effectively. DisCo can be easily integrated
into existing state-of-the-art continual learning methods, es-
pecially rehearsal-based methods, to boost performance. We
perform extensive experiments on popular CIL benchmarks
and show that incorporating DisCo reduces forgetting sig-
nificantly and improves their performance consistently.

Our contributions are highlighted as follows: 1) We
observe the counter-intuitive phenomenon that when intro-
ducing domain shift to the standard CIL setting, the over-
all forgetting is significantly reduced. To the best of our
knowledge, we’re the first to discover this phenomenon. 2)
Through analyzing the parameter updated during sequen-
tial tasks, we find that the task interference is small due
to the variance caused by the domain shift of input, which
consequently leads to a relatively lower forgetting rate. 3)
Based on our observation, we introduce a simple yet ef-
fective plug-and-play method named DisCo, which can be
easily integrated into existing class-incremental methods to
hedge against forgetting.

2 Related Works

Class-Incremental Learning. In class-incremental learn-
ing, models are continuously updated with new class data,
aiming to retain performance on previously learned classes
without the original training data. Various strategies ad-
dress forgetting (Wang et al. 2024), including rehearsal-
based methods, which use a memory buffer to store ex-
emplars (Rebuffi, Kolesnikov, and Lampert 2016; Caccia
et al. 2020; Zhou et al. 2022) or generate images of old
classes using generative networks (Van de Ven, Siegel-
mann, and Tolias 2020; Liu et al. 2020). Regularization-
based approaches implement weight regularization on im-
portant parameters (Kirkpatrick et al. 2017; Lin, Chu, and
Lai 2022) or knowledge distillation to preserve crucial out-
puts (Li and Hoiem 2017; Wang et al. 2022a). Architecture-
based methods expand(Buzzega et al. 2020; Mallya and
Lazebnik 2018; Rusu et al. 2016) or reallocate(Golkar, Ka-
gan, and Cho 2019) the model’s structure to accommodate
new tasks. Meanwhile, recently popular prompt-based meth-
ods (Smith et al. 2023; Wang et al. 2022b; Razdaibiedina
et al. 2023), such as L2P (Wang et al. 2022c) guide pre-
trained Transformers with task-specific prompts to balance
shared and task-specific knowledge. Mixed strategies, like
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DER(Buzzega et al. 2020), combine two or more strategies
above to achieve a more robust continual learner.

Contrastive Learning in Continual Learning. Con-
trastive loss has been integrated into continual learning
methods to combat catastrophic forgetting, with approaches
like Co2L (Cha, Lee, and Shin 2021), which utilizes su-
pervised contrastive loss for task learning paired with self-
supervised loss for knowledge distillation between mod-
els. DualNet (Pham, Liu, and Hoi 2021) employs both su-
pervised and self-supervised losses in training its fast and
slow learners respectively, enhancing generalizable repre-
sentations. These methods operate on the assumption that
contrastive loss yields more stable representations for future
tasks compared to cross-entropy loss (Cha, Lee, and Shin
2021). Our research, however, focuses on the utility of con-
trastive loss in learning discriminative features across tasks.

Domain Shift in Class-Incremental Learning. The
intersection of class-incremental and domain-incremental
learning has been sparingly explored. Kundu’s work (Kundu
et al. 2020) blends class-incremental learning with source-
target domain adaptation, specifically designed for open-set
environments. Meanwhile, Xie (Xie, Yan, and He 2022) has
crafted a comprehensive framework that concurrently ad-
dresses the challenges posed by both class and domain con-
tinual learning. Building on this, Simon (Simon et al. 2022)
introduces a method that not only addresses cross-domain
continual learning but also ensures robust generalization to
new, unseen domains. Despite these innovative approaches,
the literature still lacks a detailed exploration of how domain
shift specifically affects class-incremental learning.

3 Empirical Study
3.1 Problem Setup

Here we first introduce the formal definition of stan-
dard Class-Incremental Learning (CIL). Let D
{D1, Da,..., D1} represent a sequence of datasets cor-
responding to tasks 1,2,...7. Each dataset D
{(at,y%)}Nt, consists of N; samples, where ! is the i-th
input and y! is the corresponding label from the label set C;.
For each task T}, the label space C; introduces new classes,
and C; NCy = () for t # t'. Thus, the cumulative label space
up to task ¢t is C* = UZZI Ck. Model at task ¢ only has access
to D;, and the goal at task ¢ is to train a model f parameter-
ized by 6, which can classify inputs x into the correct class
among all classes C? seen so far. Formally, after training on
D, the model feT should minimize the loss:

T
OS>

($fvyz )EDt
where L is a loss function appropriate for classification.
Most previous CIL works conduct experiments under the
setting that all tasks share the same distribution, i.e. P
Py, for t # t' and overlook the effect of domain shift on
CIL. We are interested in this question: What if the P is
different from each other? i.e., Py # Py, Vi £ t'.

L(fy (x0),90), (1)



Original R R R 7B R P P P
- By ey e SN N W N s 46 W5
(CIFAR100) Fifl o T2 5 7 © | = . };@};Q}; };W} ;-}
R Y 2 2 e "w@ i i = —“\‘ i i i
Cl C2 C3 Cn—l : il il 5 i i i
o, Taskl  Task2 Task3 Taskn-1 n  Images of 1domain/ Cl i CZ 1k CS i C4 I Cs 1 Cé i
% & ?‘;‘R‘ 7 in DomainNet i : | : i i . i*}
ﬁ o ﬁi. ...... B, 7 4;&
g Stylel Style2 Style n-1 Style n
&
=
| - i = _—— | BE » - | 1
U R 3% i - ISMIRIE S =
Synthesized |~ ;"1 -l - P ! : Images of all | Il K | T 1 :
(DomainCIFAR100 Cl 1t Cz Ik C3 s i Cn—l i | Cn dogmains ! Cl i ¥ i C4 1f i !
[ i, i i p i i . . i HRr= [y ‘F 8 i T, i
IR b i e o N in DomainNet w-“‘.@’« ““’sz“’ﬂl“’\ Hﬁ
“’E N ﬁx ; >* | (R
T (NGRS} SO f NS AR IS SOR
Taskl Task? Task3 Taskn-1 _ Taskn \Taskl Task2 Task3 Task4 Task5 Task6

(a) CIL and CILD scenario on CIFAR-100.

(b) CIL and CILD scenario on DomainNet.

Figure 2: Illustration of two scenarios construction on two datasets respectively. In Fig. 2(a), we use AvatarNet (Sheng et al.
2018) to synthesize images of new domains on CIFAR-100. We use the original images as training/testing set for CIL scenario
and synthesized images(termed DomainCIFAR-100) as training/testing set for CILD scenario. In Fig. 2(b), we split Domain-
Net (Peng et al. 2019) to construct CIL and CILD scenario. Images of one domain make up the training/testing set for CIL
scenario, and images of all domains make up the training/testing set for CILD scenario. In each dataset, the label space C; of

each task ¢ in CILD is consistent with that of CIL.

3.2 Observation of Domain Shift on CIL

To investigate the effect of domain shift in class-incremental
learning methods, we first illustrate some analytical exper-
iments on CIFAR-100 (Krizhevsky and Hinton 2009) and
DomainNet (Peng et al. 2019) under two scenarios.

Empirical Study Setup. We design two comparative sce-
narios: the classic CIL scenario and an extended version in-
corporating domain shift, which we term Class Incremental
Learning with Domain shift (CILD).

e CIL: Tasks are introduced sequentially without any al-
teration to the domain, following standard CIL setting.

e CILD: Based on CIL, each task ¢ is modified by intro-
ducing a unique variation in the domain while sharing
the same label space C; with CIL. As shown in Fig. 2,
we construct CILD in two ways: 1) Synthesizing. We use
a pre-trained style transfer model to transfer the origi-
nal image of CIFAR-100 to multiple domains and use
the synthesized dataset DomainCIFAR-100 for training
and inference. 2)Splitting. We split an existing dataset
with domain variation (Peng et al. 2019) to form a task
sequence. Appendix B.1 shows more details about the
CILD scenario setup.

Evaluation Protocols. In general, we consider the per-
formance of continual methods from two aspects (Wang
et al. 2024): the overall Average Accuracy AA of the tasks
learned so far, and the forgetting measure F'M of old tasks.
AA evaluates the ability to learn new classes while F'M
reflects the performance drop of old classes. A lower F'M
means the model is more robust to fight against forgetting
and a higher AA means the model performs well both in
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learning new knowledge and preserving old knowledge. The
detailed mathematical definition of these two metrics can be
found in the Appendix A.1.

Observation. For the baseline CIL methods, we select six
representative methods: iCaRL (Rebuffi, Kolesnikov, and
Lampert 2016), BiC (Wu et al. 2019), MEMO (Zhou et al.
2022), LwF (Li and Hoiem 2017), DER (Buzzega et al.
2020), and L2P (Wang et al. 2022c), covering four differ-
ent method categories as discussed in sec 2. Details of these
methods’ implementation can be found in Appendix C.2.

As shown in Tab. 1, most CIL methods under CILD
demonstrate significantly lower forgetting compared to CIL.
This phenomenon is not restricted to a single model or
method, and we observe consistent results across vari-
ous methodologies, regardless of their backbone types or
whether pretrained. Note that AA of CILD is generally
lower than that of CIL because we use the synthesized im-
ages or images belonging to weird domains which may be
hard to classify for task ¢ > 2 in CILD. This leads to a lower
initial accuracy of these tasks and a lower A A consequently.
If we take a close look at just the first task performance dur-
ing the whole process, we can observe that the model suffers
from much less forgetting under CILD. Details of these ob-
servations above can be found in Appendix B.3.

Despite the fantastic low F'M of most methods under the
CILD scenario, prompt-based method like L2P seems to be
the exception, which is more prone to forgetting. This can
be attributed to the fact that the backbone remains frozen
during the training of prompt-based methods and the key-
prompt pairs are the only tunable parameters. These param-
eters have much less scalability compared to the pre-trained



Method Scenario CIFAR-100 DomainNet
AA T FM | PIV | PFTS1|AA?T FM | PIV | PFTS®
iCaRL CIL |58.94 59.42 73.50 23.87 |57.41 41.27 74.00 27.85
iCaRL CILD |[61.19 25.98(-33.44) 56.00 29.54 |63.32 22.88(-18.39) 57.00 36.11
BiC CIL |[70.53 42.80 69.00 56.21 |62.54 36.20 76.50 54.39
BiC CILD |72.16 16.04(-26.76) 53.00 77.25 |61.82 13.12(-23.08) 64.00 56.03
MEMO CIL |89.87 1691 72.50 68.24 |91.40 10.67 73.00 68.84
MEMO CILD |86.38 7.56(-9.35) 62.50 9530 |86.67 8.31(-2.36) 72.00 95.30
LwF CIL |50.49 49.35 32.00 35.80 |48.62 46.58 36.50 39.65
LwF CILD |[48.02 23.48(-25.87) 28.50 46.59 |45.00 27.30(-19.28) 26.00 43.08
DER CIL |62.51 40.26 1.00 5.11 67.55 34.21 1.00 6.19
DER CILD |72.02 0.50(-39.76) 1.00 6.33 69.73 9.56(-24.65) 1.00 10.57
L2P CIL |91.36 4.42 100.00 30.16 |91.35 3.81 100.00  28.55
L2P CILD |61.37 13.46(+9.04) 100.00 59.75 |83.51 5.04(+1.23) 100.00 52.70

Table 1: Comparative results on average accuracy (A A), forgetting (F' M), interference (PIV') and knowledge transfer (PF'T'S)
of CIL methods with(in gray rows) and without(in white rows) domain shift on CIFAR-100 and DomainNet. PIV and PF'TS

will be introduced in section 3.3.

encoder. When faced with examples within the data distri-
bution where the encoder is trained, prompts can adapt to
them easily by introducing minor modifications with minor
forgetting. But when the input sample style is significantly
different from previous ones, these prompts tend to overfit
these outlier samples and fail to preserve old knowledge.
Moreover, we use t-SNE (Van der Maaten and Hinton
2008) to visualize the feature representations of each task on
CIFAR-100in Fig. 3. In CIL, there is notable overlap among
features of different tasks, indicating a struggle to maintain
distinct task-specific features and leading to forgetting. In
contrast, in CILD, features from different tasks are separated
into well-defined clusters, demonstrating effective preserva-
tion of task uniqueness and reduced interference. This sug-
gests that domain shifts help protect the knowledge of previ-
ous classes and reduce interference when learning new ones.

3.3 Quantitative Analysis

Inspired by the surprisingly low forgetting rate of CILD, one
hypothesis is that just certain parts of the parameters are up-
dated conditioned on the distinguishable input representa-
tions, thus reducing the interference between tasks. To quan-
tify the interference among parameters that are heavily up-
dated across different tasks, we design a metric named PIV
(Parameter Interference Value) to capture how changes in
one set of parameters affect the others across the sequence
of tasks, and a metric named PFTS(Parameter Forward
Transfer Score) to capture how much knowledge is rela-
tively learned by model. For clarity, the mathematical def-
inition of these two metrics is presented in Appendix A.2.
The last two columns in Tab. 1 demonstrate the PIV
and PEFTS of various continual methods under CIL and
CILD. It is shown that 1) Methods under CILD demonstrate
lower PIV compared to CIL, suggesting that domain shift
helps reduce the interference across tasks. 2) Methods under
CILD usually demonstrate higher PFT'S, indicating that
domain shift may be beneficial for the model to learn var-
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Figure 3: t-SNE visualization of features on CIFAR-100.
The top row denotes features extracted by different contin-
ual methods under CIL scenario and the bottom row denotes
features under CILD scenario. Data points from the same
task are marked using the same color.

ious distinguishable representations in an ordered way. For
architecture-based method DER, PIV under two settings
are relatively lower because DER introduces new layers re-
sponsible for learning each task respectively. For prompt-
based method L2P, PIV is 100% because a limited number
of prompts are the only parameters that can be updated dur-
ing training. At the same time, the PF'T'S is much higher
than that under CIL, demonstrating the strong learning abil-
ity of the shared prompts. This leads to high interference
across tasks in L2P and makes it perform worse under CILD.

4 Method

In section 3.2, we observed that domain shifts across tasks
could significantly enhance the method’s resistance to for-
getting in class-incremental learning. Integrating these do-
main shifts into existing CIL methods to boost performance
is a natural idea. However, this raises a challenge: the model
cannot determine which domain shift to apply to an in-
put during inference. This resembles the paradigm of task-
incremental learning (Wang et al. 2024), where the task ID
(indicating the domain shift in our case) is needed at infer-
ence, which contradicts the CIL setting.

Instead, inspired by our observation, we propose to pro-
mote the differentiation of task-specific features and aim to
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pushed away from previous task prototypes, leading to a discriminative feature distribution away from other tasks. Cross-task
Contrastive Distillation helps align current model with previous one and preserve the features of old classes.

simulate the beneficial effects of domain shift within the fea-
ture space rather than the input. Consequently, we introduce
DisCo (Distinguishable feature for Continual Learning), a
simple yet effective rehearsal-based method employing con-
trastive learning to learn distinguishable representations for
continual tasks. DisCo is built upon existing rehearsal-based
baseline continual methods and can be easily incorporated
into them. The core idea of DisCo is to enforce a margin be-
tween the feature distributions of the current categories and
prototypes of previous categories, thereby preventing the in-
terference of old knowledge. As shown in Fig. 4, DisCo
comprises mainly two parts: task-level and class-level regu-
larization and cross-task contrastive distillation.

Prototype construction: In our work, we try two types
of prototype: text prototype and image feature prototype.
For a class-incremental task at stage ¢, given a mini-batch
with index i of N training samples D} = {(z;, y;)}/,,
where z; € R3>*H*W and y; € R denote the image and
numerical class label of the j-th sample respectively. We
feed {x]}N,1 into feature extractor F, to get their features

{a; 17, € RV*P followed by a projector ¢/, to project into
a lower dimension space {27}, € RV*?. The batch-wise
image feature prototype p; is then calculated as N Z =1 Tje

For batch-wise text prototype, we collect all class names

of this batch and feed the below text prompt to CLIP (Rad-

ford et al. 2021) text encoder to extract embedding p;:
“a photo of {class 0} or {class 1} or ... or {class n}”

To let the batch-wise p; approximate prototype P; of the
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whole task, we calculate the momentum accumulation of p;:

1—1

1
i Pi-1+ o 2)
After all /V; mini-batches of task ¢, py, is stored in the pro-
totype pool P as the prototype P; of task ¢.

4.1 Task-level and Class-level Regularization

In task-level regularization, we aim to keep features of the
current task away from the prototypes of previous tasks.

We treat each sample z; in the 7-th mini-batch as the an-
chor and treat the prototype p; of this batch as the only posi-
tive sample x,,,. Prototypes of all previous tasks P, Vk < ¢
are negative samples. As aresult, N X (¢ — 1) pairs of triplets
can be constructed in this mini-batch, and then task-level
contrastive 108s L;con 18:

N t—1

ZZ Triplet(zj, pi, Px) (3)
J 1k

log (1 + exp(1 — S(a,p) + S(a, n)))

Actcon =

“)

where S(x,y) is the cosine similarity function. L., en-
sures the feature space margin between the current task and
previous ones, preventing task interference.

In class-level regularization, the goal is to learn discrim-
inative features for each class in the current task. For each
sample x;, we randomly select a sample having the same la-
bel with x; in this batch as the positive sample x,,, and select
a random negative sample z,, having a different label. Then

Triplet(a,p,n) =



the class-level contrastive 10ss L.cop, 1S:

N
1 .
Lecon = N Z Triplet(xj, xp, Tn)

j=1

&)

4.2 Cross-task Contrastive Distillation

Despite the satisfactory performance achieved through the
combined use of the aforementioned regularization and the
rehearsal mechanism in the baseline method, the incorpora-
tion of an explicit mechanism to preserve acquired knowl-
edge could yield further benefits. Here we leverage a Cross-
task Contrastive Distillation loss(CCD) to help align the
current student model with the old teacher model. At task
t, we copy the trained model of task ¢ — 1 as the teacher
model f;_l which remains frozen during task ¢, and the cur-
rent model f} serves as the student model. The contrastive
distillation aims to align the feature representation of the stu-
dent model and teacher model for old classes, preventing the
degradation of old classes’ features. Specifically, for a sam-
ple x; in the rehearsal sample set R = {(z;,y,)|y; ¢ Ci}.
we use the teacher model f;~' and student model f} to ex-
tract their features, denoted as ; and fj’. The contrastive
distillation loss is written as:

Leca = Z Z Triplet(z;', 5, 23")

(5,9;)ER KER, YL #Y;

(6)

Lcq places restrictions on current student model to distill
knowledge of the same old class from teacher model and
simultaneously keep away from other different old classes.

4.3 Generalize to Various Types of CIL Methods

DisCo not only works well on rehearsal-based contin-
ual methods but also can generalize to other categories,
such as regularization-based and prompt-based methods. For
regularization-based methods, DisCo can be directly incor-
porated discarding CCD with minor performance degrada-
tion. For prompt-based methods such as L2P (Wang et al.
2022c), we just need to impose regularization on selected
prompt keys like Eq. 3 instead of image features. More de-
tails about incorporating DisCo into prompt-based methods
can be found in Appendix C.3.
As a result, the total loss £ of DisCo is:

L= £baseline + )\tcon[ftcon + /\cconﬁccon + )\ccdccsd (7)

where Lpuseline refers to the vanilla loss of the baseline
continual method, A¢con, Accon and A.cq are hyperparameter
to balance these losses. In our experiments, A¢cop, and Accon
are set to 0.5 and A\..q = 1. Evaluations of other possible
values are reported in Appendix C.5.

S Experiments
5.1 Experiment Setup

Datasets and Implementation: We perform experiments on
CIFAR100, Fashion-MNIST, and Tiny-ImageNet. Details of
these datasets and continual task split are in Appendix C.1.
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Method CIFAR100 FashionMNIST TinylmageNet
AATFM |[|AAT FM | |AAT FM |

iCaRL 64.24 51.34 6941 47.44 | 857 81.40
iCaRL + DisCo-1{70.11 33.96 (72.57 34.45 |10.87 70.19
iCaRL + DisCo-T|63.35 35.26 |70.69 33.65 |11.88 70.46
BiC 67.04 46.51(73.63 38.777 |8.42 78.42
BiC + Disco-I |69.89 28.54 |73.24 34.22 |8.16 68.05
BiC + Disco-T [67.68 23.08 |74.18 35.00 | 8.33 67.94
Co2Lf 71.25 32.17 |68.54 34.66 |14.02 74.55
LwF 51.30 5598 |53.15 51.27 | 5.06 85.50
LwF + DisCo-I |56.42 36.52 |57.14 37.69 |7.87 79.58
LwF + DisCo-T |56.87 33.89 |52.87 44.11 |6.22 77.15
DER 63.91 40.18 |68.21 37.85 [11.58 77.99
DER + Disco-1 |64.87 36.41|72.41 29.86 |12.08 72.11
DER + Disco-T [69.51 33.74 |70.59 31.43 |12.86 73.02
L2P 82.65 7.62 |85.21 6.74 |29.54 44.30
L2P + Disco-I |82.78 7.98 |86.15 7.88 [28.43 43.32
L2P + Disco-T |83.12 6.80 [84.99 6.07 |31.88 40.00

Table 2: Main result of incorporating DisCo into exist-
ing continual methods. We group the compared meth-
ods by their category(rehearsal-based, regularization-based,
architecture-based, or prompt-based). Co2L is a compared
rehearsal-based method leveraging contrastive loss. Disco-I
means image features as prototypes and Disco-T means text
features as prototypes, as described in section 4. Each result
is averaged over 3 runs.

Our code is implemented in PyTorch and based on
LAMDA-PILOT(Sun et al. 2023), which is an open-
source framework for easily designing continual meth-
ods. We select iCaRL(Rebuffi, Kolesnikov, and Lampert
2016), BiC (Wu et al. 2019), LwF (Li and Hoiem 2017),
DER(Buzzega et al. 2020), and L2P(Wang et al. 2022c) as
baseline methods and integrate DisCo into them. We also
compare our methods with the Co2L (Cha, Lee, and Shin
2021), which is a rehearsal-based method leveraging con-
trastive loss to learn stable representations. Appendix C.2
shows more details about these methods’ implementations.
For both ResNet (He et al. 2016) and ViT (Dosovitskiy et al.
2020) -based models, we train all tasks for 100 epochs, 60-
th and 80-th epochs being milestones. For models built on
ResNet, we set weight decay w = 5e — 4 and learning rate
{r = 0.1 with x0.1 at milestones. For ViT-based models,
w = 2e — 4, lr = le — 3 with x0.1 at milestones.

5.2 Evaluation on Three Benchmarks

Tab. 2 shows the result of incorporating DisCo into ex-
isting continual methods. It can be observed that DisCo
helps most methods alleviate forgetting (F'M ) and improves
average accuracy (AA). Especially, DisCo can boost the
performance of rehearsal-based methods significantly: in-
crease AA by 5.87% and reduce F'M by 17.38% for iCaRL
on CIFAR-100, increase AA by 3.31% and reduce F'M
by 10.94% on Tiny-ImageNet. Moreover, plugging DisCo
achieves comparable or even better performance compared
to the contrastive-based related work Co2LL (Cha, Lee, and



Method DisCo DisCo w/o Ccon DisCo w/o Tcon DisCo w/o CCD
AAtT FM | TAT|AAT FM | TA1T|AAtT FM| [IAT|AAT FM | TA®
iCaRL + DisCo-I 70.11 33.96 80.16|67.21 32.15 75.22166.00 47.41 82.54|69.35 3547 80.34
BiC + DisCo-I  69.89 28.54 75.21|63.32 28.16 72.52|65.15 4425 74.67|67.33 26.68 76.10
LwF + DisCo-I 56.42 36.52 81.67|51.34 35.99 76.02|52.88 52.63 81.24| - - -
DER + DisCo-1 64.87 36.41 78.56|60.35 37.68 74.48|61.23 42.16 79.51|62.76 35.16 78.68
L2P + DisCo-T 83.12 6.80 8543|81.16 6.75 84.36|83.16 7.87 86.49| - - -

Table 3: Ablation study on DisCo components on CIFAR-100. I A refers to the average Initial Accuracy of each task as in
Appendix A.1. Tcon refers to task-level regularization, Ccon refers to class-level regularization and CCD refers to cross-task
distillation. For each method row, we highlight the highest AA and lowest F'M . For non-rehearsal-based methods, there is no
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ablation on CCD, which is marked as

Shin 2021). For regularization-based methods, DisCo works
as well leveraging our task&class -level and their intrinsic
regularization module, reducing F'M by 22.09% for LwF
on CIFAR-100 and 8.35% on Tiny-ImageNet.

Compared to image features as prototypes (DisCo-I), us-
ing task text features as prototypes (DisCo-T) performs bet-
ter on prompt-based methods. There are several possible rea-
sons: 1) L2P employs a prompt pool that serves as a bridge
between the task’s data and the model, guiding the model’s
focus toward the most relevant features for each task. Text
features encapsulate high-level semantic information, and
can effectively steer the model’s attention to conceptual sim-
ilarities and distinctions between classes or tasks. 2)Prompt-
based methods are inherently more flexible in handling text
features since they often originate from NLP backgrounds.
Thus, they can more effectively utilize text prototypes to
guide the learning process across different tasks.

The improvement of average accuracy is smaller than that
of the forgetting rate, partly because task-level regulariza-
tion imposes stricter restrictions on the feature distributions,
making it a little more difficult to classify new classes, i.e.
low initial accuracy of each task. Ablation study of these
regularization modules is shown in section 5.3. More addi-
tional results such as t-SNE visualization and performance
on more fine-grained dataset are presented in Appendix C.4.

5.3 Ablation Study

Ablation study on components of DisCo We conduct an
ablation study of task&class -level regularization and CCD
on CIFAR-100 as shown in Tab. 3. Task level regularization
(Tcon) plays the most important role in helping the model
distinguish different tasks, greatly reducing the interference
and forgetting rate F'M . However, only using Tcon makes it
difficult for the model to learn new knowledge, leading to a
lower I A and a lower A A consequently. Class level regular-
ization (Ccon) helps the model learn discriminative features
for different classes in the same task, thus making it easier to
learn new tasks i.e., higher I A, contributing to a higher AA
together with Tcon. Moreover, we find that CCD also greatly
helps maintain old class features and prototype distributions,
leading to lower F'M and higher AA.

Ablation study on task length We conduct experiments
on different increment strategies on CIFAR-100. We sep-
arate these 100 classes into several groups as most works
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Figure 5: Ablation study on incremental task length. B{X }-
{Y'} means there are X classes in task O and the rest are
evenly distributed in Y tasks. The y-axis means the AAj at
task k.

do(Rebuffi, Kolesnikov, and Lampert 2016; Wang et al.
2022c). Fig. 5 demonstrates that the forgetting trend is rel-
atively milder as task length grows. This means DisCo can
achieve good performance under different task length situa-
tions. Moreover, the forgetting trend of B50-5 is smaller than
that of others, because DisCo relies on prototypes to guide
the distribution of new tasks, the greater the sample number
of each task is, the better performance DisCo achieves.

6 Conclusion

This paper demonstrates a counter-intuitive phenomenon:
incorporating domain shift into class-incremental tasks sig-
nificantly reduces catastrophic forgetting. Inspired by this,
we propose DisCo, a contrastive learning-based simple yet
effective plug-and-play method that effectively promotes
distinct feature distributions for each task, mitigating inter-
ference and enhancing performance. Experimental results on
various datasets show that DisCo can be easily integrated
into other continual methods to boost performance.
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