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Abstract

Domain-Incremental Learning (DIL) enables vision models
to adapt to changing conditions in real-world environments
while maintaining the knowledge acquired from previous do-
mains. Given privacy concerns and training time, Rehearsal-
Free DIL (RFDIL) is more practical. Inspired by the in-
cremental cognitive process of the human brain, we design
Dual-level Concept Prototypes (DualCP) for each class to ad-
dress the conflict between learning new knowledge and re-
taining old knowledge in RFDIL. To construct DualCP, we
propose a Concept Prototype Generator (CPG) that gener-
ates both coarse-grained and fine-grained prototypes for each
class. Additionally, we introduce a Coarse-to-Fine calibrator
(C2F) to align image features with DualCP. Finally, we pro-
pose a Dual Dot-Regression (DDR) loss function to optimize
our C2F module. Extensive experiments on the DomainNet,
CDDB, and CORe50 datasets demonstrate the effectiveness
of our method.

Introduction
Domain-Incremental Learning (DIL) aims to train a uni-
fied model incrementally across continuously encountered
domains. It has drawn remarkable attention in recent
years (Zhang and Mueller 2022; Verwimp et al. 2023) and
has a wide range of applications. For example, in a visual
recognition model on an autonomous vehicle, the model
is expected to incrementally learn and adapt to new and
dynamic environments (Wang et al. 2024) such as forests,
deserts, cities, etc. As the number of domains increases,
the model may forget previously acquired knowledge. Many
studies (Isele and Cosgun 2018; Zhao et al. 2021) address
the retention of knowledge by preserving and retraining
old samples, known as rehearsal. Rehearsal-based methods,
however, require longer training time, and storing old do-
main images may raise privacy concerns (Wan et al. 2024a).
Therefore, Rehearsal-Free DIL (RFDIL) is more practical
for real-world scenarios compared to rehearsal-based ap-
proaches.

The primary challenge of RFDIL is the conflict between
learning new domains and preventing forgetting of old ones.
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Figure 1: (a) Illustration of most existing methods, where
new domain features and old domain features compete
within the feature space. (b) Illustration of our method
based on dual-level concept prototypes. Different colors
(red, green, blue, and purple) represent different classes,
while different shapes (◦, □, and ⋄) represent different do-
mains. Best viewed in color.

On the one hand, learning new domain knowledge may over-
write parameters related to old domains, leading to catas-
trophic forgetting (McCloskey and Cohen 1989). On the
other hand, adding artificial constraints to prevent forget-
ting old domains will hinder learning new ones. To mitigate
this dilemma, the method (Zhu et al. 2021) proposes gen-
erating samples for the old domains as a supplement to re-
tain knowledge; the methods (Rebuffi et al. 2017; Hou et al.
2019) suggest employing knowledge distillation strategies
to slow down the forgetting of old knowledge; the meth-
ods (Douillard et al. 2022; Wang et al. 2022b; Smith et al.
2023; Wang, Huang, and Hong 2022) propose to train a set
of learnable prompt tokens for knowledge retention. How-
ever, most methods aim to balance new-domain learning and
old-domain forgetting, resulting in a zero-sum game. As il-
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lustrated in Fig. 1 (a), the increase in the number of domains
causes more features to crowd within the same feature space,
escalating the competition between new and old domains.
This raises a question: are different domains necessarily in
opposition?

To address this question, we draw inspiration from the in-
cremental cognitive process of humans. The cognitive sci-
ence research (Bar 2003; Fenske et al. 2006) indicate that
the early visual areas of the brain extract both low and high
spatial frequency signals (LF & HF) from the visual stim-
uli after encountering a new object. The LF signals are pro-
jected to the prefrontal cortex, forming coarse-grained fea-
tures within approximately 140 ms (Barcelo, Suwazono, and
Knight 2000). For example, when seeing a photograph or a
cartoon image of a cat, the brain initially forms a general im-
pression of an animal, without determining the cat’s color or
whether the cat is real. This process occurs so quickly that
we are often unaware of it in everyday life. The HF signals
are processed by the ventral stream to generate fine-grained
features, such as the texture of the image (identifying the do-
main it belongs to) or the precise category of the object (e.g.,
cat or dog within the animal category). From this research,
we derive two key insights: (a) The learning of new knowl-
edge is hierarchical. The brain first forms a general concept
of a new object before focusing on its details. In contrast,
existing deep classification models treat all given categories
equally, without considering their inherent semantic rela-
tionships. (b) New and old domains are not completely
distinct. Although domain shifts cause visual differences
among different domains, the coarse-grained representations
of the same concept are similar from a human perspective.
This answers the above question.

Based on the above insights, we design a framework
based on two principles. (a) We propose treating im-
ages of the same class across multiple domains as a sin-
gle concept. This concept remains consistent regardless of
the domain. For instance, the concept of a “cat” does not
change whether it is represented by photos, cartoons, or sim-
ple sketches of cats. During the initial domain training in
RFDIL, we employ neural networks to mine the commonal-
ities of the same concept across different domains. Specif-
ically, we use the semantic features of the concept to con-
struct a concept prototype. To maximize the separability be-
tween different prototypes, we represent the concept proto-
type using a semantically guided simplex Equiangular Tight
Frame (ETF) through the neural collapse theory. The ETF
is a mathematical structure that maximizes the distances
between feature pairs, with further details provided in the
preliminary section. (b) We introduce Dual-level Concept
Prototypes (DualCP) to model the human cognitive pro-
cess of recognizing new objects. we first group all classes
based on their superordinate, as shown in Fig. 1 (b). For ex-
ample, cats and dogs belong to the animal group, while cars
and buses belong to the vehicle group. First-level concept
prototypes are designed for each superordinate concept to
simulate the coarse-grained features formed by LF signals in
the prefrontal cortex. Within each group, we design second-
level concept prototypes to simulate the process by which
HF signals in the ventral stream recognize specific classes.

Finally, we introduce a coarse-to-fine calibrator (C2F) to
align image features with their corresponding concept pro-
totypes. A Dual-level Dot Regression (DDR) loss function
is employed to optimize the training of the C2F. We conduct
extensive experiments on three benchmark datasets, includ-
ing DomainNet, CORe50, and CDDB, comparing our Du-
alCP with state-of-the-art methods.

Our contributions can be summarized as follows:
• Inspired by the incremental cognition process of humans,

we propose treating cross-domain images of the same
class as a single concept. We construct concept proto-
types for all domains to prevent a zero-sum game be-
tween new and old domains.

• We introduce DualCP, an RFDIL method based on dual-
level concept prototypes, which further enhances the
separability between classes by performing fine-grained
classification on similar categories.

• We propose the C2F module and the DDR loss function
to align objects with their corresponding coarse-grained
and fine-grained concept prototypes.

• Extensive experiments demonstrate that the proposed
DualCP method outperforms other RFDIL methods on
three benchmark datasets, with a margin of up to 7.6%
on the CDDB dataset.

Related Work
Domain-Incremental Learning
Multiple studies focus on addressing catastrophic forget-
ting (McCloskey and Cohen 1989) in Domain-Incremental
Learning (DIL). For instance, (Kirkpatrick et al. 2017;
Akyürek et al. 2021; Shi et al. 2023) restrict the model’s
plasticity to balance the learning of new domains with the
forgetting of old ones, resulting in a zero-sum game between
new and old domains. Rehearsal-based methods (Rebuffi
et al. 2017; Chaudhry et al. 2019) mitigate the forgetting
of old domains by replaying a subset of representative sam-
ples from the old domains, which raises privacy concerns.
Rehearsal-free methods (Van De Ven, Li, and Tolias 2021;
Wang et al. 2023; Wan et al. 2024b) use synthetic data re-
play from old domains to reduce forgetting. (Wang et al.
2022b; Liu, Peng, and Zhou 2024; Gao et al. 2024; Wang
et al. 2025) dynamically expand the model to incrementally
store knowledge from new domains, aiming to separate the
learning of new and old domain knowledge to avoid con-
flicts.

Neural Collapse
The Neural Collapse (NC) theory (Papyan, Han, and
Donoho 2020) posits that features of the same class in the
final layer collapse to a single point on a hypersphere in a
well-trained classification model. Besides, the distance be-
tween features of any two different classes is maximized,
and these features of all classes collectively can be defined
by a simplex Equiangular Tight Frame (ETF). This indicates
that a “training endpoint” can be easily constructed for the
model. We can align image features to the pre-designed end-
point, which is independent of the model’s initial parame-
ters. The papers (Mixon, Parshall, and Pi 2020; Ji et al. 2021;
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Zhou et al. 2022) have shown that the accuracy of models
trained using the simplex ETF is comparable to those trained
with conventional cross-entropy loss.

Applications of Neural Collapse in Other Tasks
Recent studies have utilized the above characteristics of NC
to address various tasks, such as imbalanced learning (Yang
et al. 2022), few-shot class-incremental learning (Yang et al.
2023), and federated learning (Huang et al. 2023). Com-
pared with existing research, the proposed DualCP is not
a simple combination of NC and RFDIL, but is a novel
method inspired by the cognitive science research, i.e.,
the learning of new knowledge is hierarchical and the new
and old domains are not completely distinct. We build con-
cept prototypes based on the two insights to solve the RFDIL
problem, while the ETF serves as a tool to realize our idea.

For the classification of a large number of classes, (Jiang
et al. 2023) proposed maximizing the minimum one-vs-rest
margins to achieve generalized neural collapse. However,
this method has overlooked the inherent similarities among
classes. Our proposed DualCP instead groups the numer-
ous classes using text features, then performs coarse-grained
classification between groups and fine-grained classification
within groups. Our proposed dual-level concept prototypes
are not only easy to implement but also accommodate up to
d2 classes when the feature dimension is d, which is suffi-
cient for most real-world scenarios.

Preliminary
Problem Formulation
Rehearsal-Free Domain-Incremental Learning (RFDIL)
aims to train a unified model progressively on the data from
T domains D = {Dt}Tt=1, where T is the total number of
domains. The data in each domain is split into the training
set Xt and the test set Zt, denoted as Dt = (Xt,Zt). At the
t-th stage of training, the model is only allowed to train on
Xt and does not have access to X1∼t−1 =

⋃t−1
τ=1 Xτ . After

the t-th training, the model is tested on Z1∼t =
⋃t

τ=1 Zτ .
The training set Xt is composed of Nt tuples, denoted as
Xt = {(xt,i, yt,i)}Nt

i=1, where xt,i signifies the i-th image
from the t-th domain, and yt,i denotes the label of xt,i. The
test set Zt follows a similar structure. Moreover, define Ct as
the set of labels for the t-th domain, i.e., ∀i ∈ [1, Nt], yt,i ∈
Ct. In other words, |Ct|, the number of classes in each do-
main, remains constant in the same dataset.

Definition of Simplex ETF
For a well-trained classification model with K classes, the
within-class means correspond to K prototypes, denoted as
mi ∈ Rd, i = 1, 2, · · · ,K, where K ≤ d+1. The collection
of these prototypes, i.e., M = [m1, · · · ,mK ] in Rd×K , is
called a simplex ETF, which means:

M =

√
K

K − 1
U(IK − 1

K
1K1T

K), (1)

where U satisfies UTU = IK , and 1K is a K-dimensional
all-ones vector. All prototypes mi have the same l2 norm,

i.e., |mi| = 1, i = 1, 2, · · · ,K, and the same pair-wise an-
gle, i.e.,

mT
i mj =

K

K − 1
δi,j −

1

K − 1
, ∀i, j ∈ [1,K], (2)

where δi,j equals to 1 when i = j and 0 otherwise. The
pairwise angle − 1

K−1 is the maximal equiangular separation
of K prototypes in the d-dimension feature space.

Based on the definition of simplex ETF, the NC phe-
nomenon can be summarized as:
(NC1) Feature collapse. The last-layer features of the same
class will collapse to their within-class mean, i.e.,

∑
W → 0,

where
∑

W = Avg{(µk,i − µk)(µk,i − µk)
T }, µk,i is the

feature of the i-th sample of the k-th class and µk is the
within-class mean of the k-th class.
(NC2) Convergence to simplex ETF. The within-class
means of all K classes is centered by the global mean
µG = Avgi,k(µk,i). These means µk will converge to
the K prototypes of a simplex ETF, i.e., µ̂k = (µk −
µG)/ ∥µk − µG∥ , 1 ≤ k ≤ K, where M̂ = [µ̂1, · · · , µ̂K ]
satisfies Eq. (1), and µ̂k satisfies Eq. (2).
(NC3) Self-duality. The within-class feature means will be
aligned with their corresponding classifier weights wk, i.e.,
µ̂k = wk/ ∥wk∥.
(NC4) Based on (NC1)-(NC3), the model prediction using
the classifier can be simplified to select the nearest class cen-
ter, i.e., argmaxk⟨µ,wk⟩ = argmink ∥µ− µk∥, where ⟨·⟩ is
the inner product operator, and µ is the last-layer feature of
a sample for prediction.

Method
Overall Framework
Fig. 2 illustrates the framework of our proposed DualCP.
Our method contains three main components: (a) a pre-
trained image feature extractor fi(·; θi), (b) the Concept Pro-
totype Generator (CPG) with a pre-trained text feature ex-
tractor ft(·; θt), and (c) the Coarse-to-Fine calibrator (C2F),
which includes a coarse-grained layer gC(·;φC) and multi-
ple fine-grained layers gFk

(·;φFk
).

For simplicity, we abbreviate xt,i as x and yt,i as y. Given
a set of images x and their class names y, we first extract
the image features by x = fi(x; θi). Then, the class names
are fed into the CPG to extract text features and construct
dual-level concept prototypes, which include coarse-grained
prototypes EC and fine-grained prototypes EFi . Finally, we
train the C2F to align the image features x with the cor-
responding concept prototypes by minimizing the proposed
Dual Dot-Regression (DDR) loss function. For further de-
tails on the training and inference of our DualCP framework,
please refer to the appendix.

Concept Prototype Generator
Preparation for generating prototypes. First, we collect
the names of all classes, denoted as Ct = {y1, y2, · · · , yK},
e.g., Ct = {airplane, bike, cat, ..., zebra}. K = |Ct| is the
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Figure 2: The framework of the proposed DualCP. DualCP comprises three main components: (a) a feature extractor to get
the image features, (b) the CPG module to construct the dual-level concept prototype based on the text features of the class
names, and (c) the C2F module to align the image features with the corresponding prototypes. We selected six common classes
from the DomainNet dataset, i.e., cat, flower, dog, boat, bike, and bus, to further illustrate our method. Similar classes were
grouped, such as cats and dogs. We constructed coarse-grained prototypes between groups and fine-grained prototypes within
groups. This coarse-to-fine classification approach helps the model better distinguish similar categories. Best viewed in color.

number of classes. Text features are extracted by:

yi =
ft(yi; θt)

∥ft(yi; θt)∥
, (3)

Y = [y1,y2, · · · ,yK ], (4)

where ft(·; θt) denotes a pre-trained text feature extractor,
such as the CLIP text encoder (Radford et al. 2021). The
symbol [·] represents the concatenation operation, the ma-
trix Y ∈ Rd×K is the collection of text features, with d be-
ing the feature dimension. Note that text features have been
normalized, i.e., ∀i ∈ [1,K], ∥yi∥ = 1.

Second, we introduce two strategies of the CPG, namely,
vanilla concept prototype and dual-level concept prototype.
We will elucidate our approaches successively.

Vanilla Concept Prototype. We constructed a simplex
ETF based on text features to maximize the separability be-
tween each pair of generated concept prototypes. Specifi-
cally, we perform a QR decomposition on Y to obtain the
orthogonal basis of text features by:

Y = QR, (5)

where Q = [q1,q2, · · · ,qK ] ∈ Rd×K is an orthogonal ma-
trix, qT

i qj = 1, when i = j, and 0 otherwise. R ∈ RK×K is
an upper triangular matrix. Then we can compute the vanilla
concept prototypes following Eq. (1) by:

E =

√
K

K − 1
Q(IK − 1

K
1K1T

K), (6)

where IK is a K × K identity matrix, and 1K rep-
resents a K-dimensional all-one vector. Besides, E =
[e1, e2, · · · , eK ] ∈ Rd×K encompasses the concept proto-
types for all classes, where ei ∈ Rd denotes the prototype

for the i-th class. The similarity between pairwise prototypes
can be expressed as:

eTi ej =
K

K − 1
qT
i qj −

1

K − 1
, ∀i, j ∈ [1,K], (7)

Dual-level Concept Prototype. The construction of
vanilla concept prototypes treats each class equally, with-
out considering the similarity between classes. To enhance
the distinction between similar categories, a direct idea is to
perform more fine-grained differentiation for similar classes.
Specifically, we set the similar classes as a group and
construct dual-level concept prototypes, comprising coarse-
grained prototypes for all groups and fine-grained prototypes
for all classes within each group. We commence by comput-
ing the similarity matrix S between all classes as S = YTY.
We use the matrix S to obtain the adjacency matrix A with
the hyperparameter p by:

Aij = {Sij > p}, ∀i, j ∈ [1,K], (8)

where {·} denotes an Iverson bracket, a mathematical nota-
tion used to represent a logical value based on a condition.
It equals 1 if the condition is true and 0 if false.

Subsequently, we construct a connectivity graph G =
{V, E}, representing the relationships between all classes. V
denotes the set of nodes (classes), and |V| = K. E denotes
the set of edges (whether the two classes are similar), and
|E| =

∑K
i=1

∑K
j=1 Aij . To group similar nodes based on

the adjacency matrix A, we conduct a connectivity analysis
on the graph G and get another graph G′. Connectivity anal-
ysis refers to the process where if a path exists between two
classes, they should be placed in the same group. The details
can be found in the appendix. Please refer to the illustration
in Fig. 2 (b) for a simple example.
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Based on the above algorithms, we can group the text fea-
tures Y = [Y1,Y2, · · · ,YNg ], where Ng is the number of
groups. Yi ∈ R|gk|×d represents the text features for the i-th
group, and |gk| is the number of concepts in the k-th group.
Then we compute the average text feature for each group by:

Ȳ = [
1

|g1|

|g1|∑
i=1

Y1,i,
1

|g2|

|g2|∑
i=1

Y2,i, · · · ,
1

|gNg
|

|gNg |∑
i=1

YNg,i].

(9)
Based on Eqs. (5) to (7) and (9), we can calculate the coarse-
grained concept prototypes (CCP) through Ȳ, denoted as:

EC = [eC,1, eC,2, · · · , eC,Ng ] ∈ Rd×Ng . (10)

Additionally, we can calculate the fine-grained concept pro-
totypes (FCP) using Yi, represented as:

EFk
= [eFk,1, eFk,2, · · · , eFk,|gk|] ∈ Rd×|gk|. (11)

Now we construct the dual-level concept prototypes for all
classes. In other words, our CPG generates a coarse-grained
prototype eC and a fine-grained prototype eF for each class.

Coarse-to-Fine Calibrator
The coarse-to-fine calibrator (C2F) is proposed to align the
image features with the corresponding prototypes. Given an
input image x and its class name y, we extract features of
the image x as x = fi(x; θi) ∈ Rd, where fi(·; θi) is a
pre-trained model, such as ViT (Dosovitskiy et al. 2020) or
CLIP image encoder (Radford et al. 2021). Assuming y is
the j-th class from the i-th group, its concept prototypes are
referred to as eC,i and eFi,j . The C2F module consists of the
coarse-grained layer gC(·;φC) and the fine-grained layers
gFk

(·;φFk
). The coarse-grained feature xC and fine-grained

features xF can be computed by:

xC = gC(x;φC) ∈ Rd,

xF = gFi
([x,xC ];φF ) ∈ Rd.

(12)

Dual Dot-Regression Loss. To train the C2F module, we
propose the Dual Dot-Regression (DDR) loss function, de-
noted as L. We train the parameter sets φC and φF by min-
imize the DDR loss with a hyperparameter α:

min
φC ,φF

L(xC ,xF , eC,i, eFi,j) =

α(xT
CeC,i − 1)2 + (1− α)(xT

FeFi,j − 1)2,
(13)

Theoretical Analysis
Theorem 1. The angle between any pair of CCPs or FCPs
is larger than or equal to the angle between any pair of
vanilla concept prototypes:

⟨eC,m, eC,n⟩ ≥ ⟨ei, ej⟩,
⟨eFk,m, eFk,n⟩ ≥ ⟨ei, ej⟩, ∀k,

}
∀i ̸= j,m ̸= n. (14)

This theorem demonstrates that our proposed dual-level con-
cept prototype has larger inter-class angles, indicating better
classification capability than the vanilla concept prototype.
The proof of the theorem is provided in the appendix.

Method Buffer(↓) AT (↑) FT (↑)
DyTox (Douillard et al. 2022)

50/class
62.94 -

DARE (Jee., Ara., and Zon. 2024) 32.32* -22.98
DARE++ (Jee., Ara., and Zon. 2024) 40.51* -

EWC (Kirkpatrick et al. 2017)

0/class

47.62 -
LwF (Li and Hoiem 2017) 49.19 -5.01
SimCLR (Chen et al. 2020) 44.20 -
BYOL (Grill et al. 2020) 49.70 -
Barlow Twins (Zbontar et al. 2021) 48.90 -
SupCon (Khosla et al. 2020) 50.90 -
L2P (Wang et al. 2022b) 40.15† -2.25
DualPrompt (Wang et al. 2022a) 43.79† -2.03
S-iP (Wang, Huang, and Hong 2022) 50.62† -2.85
CODA-P (Smith et al. 2023) 47.42† -3.46
C-Prompt (Liu, Peng, and Zhou 2024) 58.68† -
DualCP (ours) 60.13† -1.96

Table 1: Experimental results on the DomainNet dataset.
† denotes that the method is based on the pre-trained ViT-
B/16 model. * denotes that DARE is based on ResNet-18.
The best result within rehearsal-free methods is indicated by
bold, and the second is marked by underline.

Experiments
Experimental Settings
Datasets. We conducted experiments on three multi-
domain datasets, include DomainNet (Peng et al. 2019),
CDDB (Li et al. 2023), and CORe50 (Lomonaco and Mal-
toni 2017). DomainNet emerges as a large-scale dataset for
DIL and domain adaptation, whose images are sourced from
six domains marked by prominent inter-domain variations,
with each domain including 345 categories. The training set
of DomainNet consists of 409,832 images, while the test set
comprises 176,743 images. CORe50 is an object recogni-
tion dataset involving 11 distinct domains (50 classes per do-
main), with 8 domains for training and 3 for testing. CDDB
is specifically crafted for deepfake detection, encompassing
12 distinct deepfake methodologies and 3 different evalua-
tion scenarios. We opt for the most challenging HARD track
as suggested by S-Prompts (Wang, Huang, and Hong 2022).

Evaluation Metrics. There are three commonly used eval-
uation metrics for DIL: (1) the average accuracy (AT ) at the
end of training on all T domains; (2) the forgetting degree
(FT ) following (Li et al. 2023), and the formulas for cal-
culating AT and FT are detailed in the appendix; (3) the
“Buffer” represents additional data stored by the model for
incremental learning. This data may include images from old
domains used for rehearsal.

Implementation Details. We employ an SGD optimizer
with an initial learning rate of 0.1 and a cosine decay sched-
ule. Additionally, we apply the weight decay of 2e−4 for reg-
ularization to mitigate overfitting. The training consists of 20
epochs on all datasets except DomainNet, which extends to
30 epochs. The mini-batch size is set to 128. The hyperpa-
rameters p and α are set to 0.85 and 0.5, respectively. The
ablations of p and α are provided in the appendix.
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Method Buffer(↓) AT (↑) FT (↑)
LRCIL (Pellegrini et al. 2020)

100/class
76.39 -4.39

iCaRL (Marra et al. 2019) 79.76 -8.73
LUCIR (Hou et al. 2019) 82.53 -5.34

LRCIL (Pellegrini et al. 2020)

50/class

74.01 -8.62
iCaRL (Marra et al. 2019) 73.98 -14.50
LUCIR (Hou et al. 2019) 80.77 -7.85
DyTox (Douillard et al. 2022) 86.21 -1.55

EWC (Kirkpatrick et al. 2017)

0/class

50.59 -42.62
LwF (Li and Hoiem 2017) 60.94 -13.53
DyTox (Douillard et al. 2022) 51.27 -45.85
L2P (Wang et al. 2022b) 61.28† -9.23
DualPrompt (Wang et al. 2022a) 64.80† -8.74
S-iP (Wang, Huang, and Hong 2022) 74.51† -1.30
CODA-P (Smith et al. 2023) 70.54† -5.53
DualCP (ours) 82.16† -0.73

Table 2: Experimental results on the Hard track of
CDDB. † denotes that the method is based on the pre-
trained ViT-B/16 model. The best result within rehearsal-
free methods is indicated by bold, and the second is marked
by underline.

Main Results
Baselines. The current DIL methods can be broadly cat-
egorized into rehearsal-based and rehearsal-free methods.
Rehearsal-based methods select and retrain a subset of
images as exemplars of the domain when training. Rep-
resentative methods include ER, LRCIL, iCaRL, and LU-
CIR. Rehearsal-free methods do not require saving images
from the old domain. Representative methods include EWC,
LwF, DyTox, L2P, S-Prompts, etc. Note that rehearsal-based
methods often require storing thousands of images, ranging
in size from 100MB to 3GB. In contrast, rehearsal-free meth-
ods may require only a small amount of learnable parame-
ters, occupying 1-50MB of space. Therefore, rehearsal-free
methods significantly outperform rehearsal-based methods
in terms of storage space requirements. The proposed Du-
alCP belongs to the rehearsal-free setting, so we prioritize
comparing it with similar methods. Additionally, we also list
the state-of-the-art rehearsal-based methods for reference.

Comparison with State-of-the-arts. We compare our ap-
proach with other state-of-the-art (SOTA) methods on three
DIL benchmark datasets. The methods are grouped based on
the number of images per class to be retained, with “0/class”
indicating a rehearsal-free approach.

Table 1 illustrates the comparison results on the Domain-
Net dataset. Our DualCP surpasses the SOTA method C-
Prompt (60.13% vs. 58.68%), even coming close to the per-
formance of the DyTox method that utilizes rehearsal. Be-
sides, our method achieved the best performance in pre-
venting forgetting among all methods (-1.96%). Table 2
showcases results on CDDB, where our DualCP surpasses
the best rehearsal-free method by a large margin (82.46%
vs. 74.51%), and is comparable to LUCIR, which utilizes
a substantial buffer (“100/class”). It falls just behind the
rehearsal-based DyTox method. Additionally, our method

Method Buffer(↓) AT (↑)
ER (Chaudhry et al. 2019)

50/class

80.10
GDumb (Prabhu, Torr, and Dokania 2020) 74.92
BiC (Wu et al. 2019) 79.28
DER++ (Buzzega et al. 2020) 79.70
Co2L (Cha, Lee, and Shin 2021) 79.75
DyTox (Douillard et al. 2022) 79.21
L2P (Wang et al. 2022b) 81.07

EWC (Kirkpatrick et al. 2017)

0/class

74.82
LwF (Li and Hoiem 2017) 75.45
L2P (Wang et al. 2022b) 78.33†
DualPrompt (Wang et al. 2022a) 80.25†
S-iP (Wang, Huang, and Hong 2022) 83.13†
CODA-P (Smith et al. 2023) 85.68†
C-Prompt (Liu, Peng, and Zhou 2024) 85.31†
DualCP (ours) 88.10†

Table 3: Experimental results on the CORe50 dataset.
Note that FT is not applicable to CORe50 because the train-
ing and test domains do not overlap. † denotes that the
method is based on the pre-trained ViT-B/16 model. The best
result within rehearsal-free methods is indicated by bold,
and the second is marked by underline.

Methods
Datasets DomainNet CDDB CORe50

(345 classes) (2 classes) (50 classes)
AT (↑) FT (↑) AT (↑) FT (↑) AT (↑)

VanillaCP 56.22 -2.80 82.16 -0.73 86.27
DualCP (proposed) 60.13 -1.96 82.16* -0.73* 88.10

Table 4: Comparison of different concept prototype de-
signs in our framework. * represents that CDDB only con-
tains two classes: real and fake, thus it cannot be divided into
more groups and cannot apply to the DualCP.

outperforms the SOTA method in mitigating forgetting (-
0.73% vs. -1.30%). Table 3 presents the comparisons on
CORe50, revealing that our method achieves the best results
in both rehearsal-based (88.10% vs. 81.07%) and rehearsal-
free (88.10% vs. 85.68%) tracks.

Ablation Study
Effectiveness of Dual Concept Prototype. We introduce
two solutions to generate the concept prototypes: a single-
level concept prototype (VanillaCP) and a dual-level concept
prototype (DualCP). Table 4 demonstrates a consistent im-
provement of DualCP over VanillaCP, especially on datasets
containing a large number of classes. This indicates that our
DualCP contributes to distinguishing similar classes.

Comparsion on Different Backbones. To validate the
generality of our approach, we conducted experiments on
both ViT and CLIP, a multimodal model based on con-
trastive learning with an image encoder and a text encoder.
Table 5 presents the accuracy of our DualCP under different
settings, as well as that of S-Prompts and MoP-CLIP.

Image Feature Extractor. We extract image features us-
ing two optional setting, i.e., ViT-B/16 or CLIP image en-
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Methods Image Feature Extractor CPG Guidance DomainNet CDDB CORe50
ViT-B/16 CLIP-Image ViT-B/16-BD CLIP-Text AT (↑) FT (↑) AT (↑) FT (↑) AT (↑)

S-Prompts ✓ 50.62 -2.85 74.51 -1.30 83.13
✓ ✓* 67.78 -1.64 88.65 -0.69 89.06

MoP-CLIP ✓ ✓* 69.70 - 88.54 -0.79 92.29

DualCP (ours)

✓ ✓ 60.13 -1.96 82.16 -0.73 88.10
✓ ✓ 62.73 -1.81 83.05 -0.76 88.55

✓ ✓ 69.31 -1.49 91.86 -0.35 89.98
✓ ✓ 72.46 -1.26 92.34 -0.32 90.59

Table 5: Comparison on different backbones. ViT-B/16-BD means that image features extracted from the base domain by
ViT-B/16 are used to guide the CPG module. * indicates that S-Prompts and MoP-CLIP utilize CLIP text encoder but are
unrelated to the CPG module. The proposed CPG module is only used for our DualCP.

Figure 3: Ablation study of the C2F module on Domain-
Net dataset. AT , FT denotes the average accuracy and the
forgetting degree, respectively. The hidden dimensions are
set as multiples of the image feature dimensions of 768 in the
ViT-B/16 backbone. “0.5x, 1x, 2x, 4x” correspond to hidden
dimensions of 384, 768, 1536, and 3072, respectively.

coder, as the feature extractor (fi(·; θi)).
CPG Guidance. We proposed two methods to extract the

concept prototype in the CPG module. One is based on the
CLIP text encoder, as shown in Eq. (3). When CLIP is un-
available, we introduce an alternative approach using ViT.
We use ViT-B/16 to extract image features from the base do-
main, and then calculate the mean features y′

i for each class.
We use Y′ = {y′

1,y
′
2, · · · ,y′

k} to guide the construction of
the concept prototype, as shown in Eq. (5).

Ablations of C2F Design. Our C2F comprises a coarse-
grained layer gC and multiple fine-grained layers gFi

, which
are implemented as a multi-layer perceptron (MLP). As de-
picted in Fig. 3, we conduct ablation experiments on the
number of layers and the hidden dimension of our C2F to
assess the influence of MLP on model performance.

Visualization
We utilize t-SNE visualization to demonstrate the effective-
ness of our DualCP. We choose six common classes (cat,
flower, dog, boat, bicycle, and bus) from DomainNet for
presentation. As shown in Fig. 4, (a) represents the image
features extracted by the pre-trained ViT model. (b-d) de-
pict the image features extracted by our DualCP. Our model
categorizes similar classes into the same group based on
semantics, such as cat and dog. (b) represents the coarse-
grained features extracted by DualCP. (c) and (d) represent

Figure 4: t-SNE visualization of feature space for common
classes in DomainNet, with flower represented in green, cat
and dog in (c), and boat, bicycle, and bus in (d). The penta-
grams represent the average image features of a group.

fine-grained features of different groups. As illustrated in
Fig. 4 (c)(d), our dual-level concept prototypes effectively
distinguish similar classes.

Conclusion and Future Works
This paper introduces a novel approach to RFDIL inspired
by humans’ incremental cognitive processes. We proposed
constructing dual-level concept prototypes (DualCP) for
each class across domains to address the zero-sum game be-
tween learning new domains and preserving old ones. By
aligning features from different domains to the same fea-
ture space, we avoid compromising the feature space of old
domains while accommodating new domain features. Exten-
sive experiments on three datasets with different backbones
consistently show that our DualCP outperforms existing
SOTA methods. Furthermore, our method is expected to be
extended to other applications, such as domain-incremental
object detection. It may also provide a reference for the de-
velopment of generalized neural collapse.
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