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Abstract

In real-world applications, deep neural networks may en-
counter constantly changing environments, where the test
data originates from continually shifting unlabeled target
domains. This problem, known as Unsupervised Continual
Domain Shift Learning (UCDSL), poses practical difficul-
ties. Existing methods for UCDSL aim to learn domain-
invariant representations for all target domains. How-
ever, due to the existence of adaptivity gap, the invari-
ant representation may theoretically lead to large joint er-
rors. To overcome the limitation, we propose a novel
UCDSL method, called Multi-Prototype Modeling (MPM).
Our model comprises two key components: (1) Multi-
Prototype Learning (MPL) for acquiring domain-specific
representations using multiple domain-specific prototypes.
MPL achieves domain-specific error minimization instead
of enforcing feature alignment across different domains. (2)
Bi-Level Graph Enhancer (BiGE) for enhancing domain-
level and category-level representations, resulting in more
accurate predictions. We provide theoretical and empirical
analysis to demonstrate the effectiveness of our proposed
method. We evaluate our approach on multiple benchmark
datasets and show that our model surpasses state-of-the-art
methods across all datasets, highlighting its effectiveness
and robustness in handling unsupervised continual domain
shift learning. Codes will be publicly accessible.

1. Introduction
Deep Neural Network methods demonstrate strong perfor-
mance under the assumption of identically and indepen-
dently distributed (IID) training and test data [6, 12, 43,

*Equal contribution.
†Corresponding authors.

59, 68]. However, in real-world scenarios, this assump-
tion often fails as the model may encounter data from non-
stationary environments where the target data distribution
constantly changes [42, 60, 69]. This situation necessi-
tates addressing the problem of Unsupervised Continual
Domain Shift Learning (UCDSL) [7, 25]. UCDSL aims
to adapt a pre-trained model to dynamically shifting tar-
get domains without access to labeled data from either the
source or target domains. UCDSL encompasses three key
goals: (1) enhancing the model’s generalization to upcom-
ing and previously unseen domains (Domain Generaliza-
tion) [29, 50, 61, 65], (2) achieving high performance on
the current target domain (Domain Adaptation) [29, 35, 51],
and (3) maintaining satisfactory performance on previously
encountered domains while avoiding catastrophic forgetting
(Continual Learning) [3, 30, 39]. These objectives have
practical significance, as exemplified by the need for au-
tonomous robots to seamlessly transfer skills across diverse
unseen environments and rapidly adapt to new target envi-
ronments without forgetting prior knowledge.

A majority of existing UCDSL methods [7, 25] attempt
to learn a universal classifier for all domains by enforcing
feature alignment across different domains. This approach
assumes the existence of an optimal classifier that performs
well on all domains. However, this assumption cannot be
guaranteed and the learned classifier may deviate signifi-
cantly from the optimal classifier for a specific target do-
main. As shown in Fig. 1 Left, these methods primarily
focus on achieving universal domain-invariant representa-
tions for all domains, disregarding domain-specific infor-
mation, which limits their discriminative capacity. Con-
sequently, the learned universal classifier exhibits a sub-
stantial adaptivity gap with the ideal classifier for each do-
main, leading to inferior performance on individual do-
mains. To address these issues, we establish an error bound
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Figure 1. Left: Existing methods learn a universal classifier for
all domains by enforcing feature alignment of different domains.
Right: MPL introduces multiple domain-specific prototypes to
achieve lower error bound.

for UCDSL that explicitly considers the adaptivity gap.
This bound motivates us to reduce the gap by introducing
multiple domain-specific prototypes to enrich the hypothe-
sis space and achieve more comprehensive representations.
As shown in Fig. 1 Right, our proposed Multi-Prototype
Learning (MPL) explicitly incorporates domain-specific in-
formation for each domain by modeling their distributions
separately. This approach offers simultaneous benefits in
terms of domain generalization, domain adaptation, and for-
get alleviation. Firstly, MPL enriches the hypothesis space
by introducing multiple harmoniously composited domain-
specific prototypes, leading to improved generalization for
unseen domains. Secondly, MPL preserves complementary
information from multiple domains to reduce the adaptiv-
ity gap, resulting in enhanced domain adaptation ability.
Lastly, during adaptation, MPL explicitly preserves knowl-
edge from previously encountered domains by retaining the
corresponding prototypes.

To further enhance the feature representations in our
method, we introduce the Bi-Level Graph Enhancer
(BiGE), which leverages complementary information from
two orthogonal perspectives: domain-wise and category-
wise. BiGE consists of two main components: the
Domain-aware Graph Fuser (DGF) and the Category-aware
Graph Calibrator (CGC). The DGF component utilizes the
domain-level representations of real data samples to dynam-
ically construct a domain-aware graph. It learns to inte-
grate the representation capacity of multiple prototypes us-
ing a label-propagation-based fusion strategy. By consider-
ing the domain-level representations and their relationships,
DGF effectively captures domain-specific information and
enhances the global feature representations encoded in the
prototypes. In addition to focusing solely on global feature
representations, we propose the CGC component to exploit
the complementary local feature representations present in
the real data samples stored in the data buffer. CGC con-

structs a category-aware graph and aggregates category-
level representations from neighboring data samples. This
aggregation process serves to calibrate the inference results
obtained by the global prototypes, incorporating the fine-
grained category-level information into the predictions. Im-
portantly, we intentionally design the BiGE module to be
simple and efficient, without any learnable parameters. De-
spite its simplicity, extensive experiments demonstrate that
our proposed BiGE module significantly improves the pre-
diction accuracy, showcasing its effectiveness in enhancing
the feature representations.

We conducted extensive experiments to evaluate the
performance of our proposed Multi-Prototype Modeling
(MPM) approach on three domain shift datasets (i.e.,
Digits-5 [9, 13, 16, 33], PACS [17] and DomainNet [36]).
Extensive experiments show that our proposed MPM out-
performs other state-of-the-art UCDSL methods on these
datasets. The empirical results highlight the efficacy and
robustness of MPM in handling the continual adaptation to
shifting target domains, making it a promising approach for
real-world applications.

Our main contributions can be summarized as follows:
• We establish an error bound for unsupervised contin-

ual domain shift learning (UCDSL) by considering the
adaptivity gap. Motivated by this bound, we propose
Multi-Prototype Modeling (MPM). MPM utilizes Multi-
Prototype Learning (MPL) to preserve complementary in-
formation from multiple domains, which improves the
model capability of domain generalization, adaptation,
and alleviating catastrophic forgetting.

• We introduce the Bi-Level Graph Enhancer (BiGE) for
enhancing domain-level and category-level representa-
tions. BiGE incorporates two components, i.e. the
Domain-aware Graph Fuser (DGF) and the Category-
aware Graph Calibrator (CGC). DGF dynamically fuses
multi-domain prototypes using effective graph modeling,
while CGC calibrates the inference results by leveraging
local feature representations.

• Extensive experiments conducted on popular domain gen-
eralization benchmarks demonstrate the superiority of
MPM over previous state-of-the-art UCDSL methods.
The results validate the effectiveness of MPM in address-
ing unsupervised continual domain shift learning tasks.

2. Related Work

2.1. Domain Adaptation (DA)

Domain adaptation (DA) aims to adapt a model trained in
one or more source domains to a different target domain. In
conventional DA approaches [24, 27, 28, 35, 38, 56], it is as-
sumed that both the source and target domain data are acces-
sible during training. However, due to privacy regulations
or limitation on storage, the source domain data is unavail-
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able in many applications. Source-free domain adaptation
(SFDA) [11, 15, 22, 31, 47, 49, 52, 66] has been developed
to overcome this issue and achieve domain adaptation with-
out accessing to the source data. However, the domain adap-
tation is achieved in an offline manner with full access to all
the target test data. This makes it not applicable for contin-
ually changing scenarios with continual domain shifts.

2.2. Domain Generalization (DG)

Domain generalization (DG) [65] aims to achieve good
out-of-distribution generalization by using only source data
for model learning, without accessing to the target domain
data. Existing DG methods are mainly based on domain
alignment methods [8, 10, 20, 21, 32, 53], augmentation
based [4, 19, 45, 54, 63], and meta-learning based meth-
ods [1, 55]. Among these, domain alignment is particularly
popular. This approach aims minimize the domain disparity
among source domains for learning domain-invariant rep-
resentations, which is expected to be generalizable to un-
seen target domains. However, these techniques require a
large amount of accurately labeled source data and can suf-
fer from severe catastrophic forgetting when applied to sce-
narios with continual domain shift.

2.3. Unsupervised Continual Domain Shift Learn-
ing (UCDSL)

Unsupervised Continual Domain Shift Learning (UCDSL)
problem is a more comprehensive and practical setting,
where the pre-trained model is adapted to a series of contin-
ually appearing unlabeled target domains without accessing
to the source domain data. The goal of UCDSL is three-
folds: (1) improve the domain generalization performance
on new unseen target domains (Domain Generalization); (2)
achieve good model performance on a target domain right
after adaptation (Domain Adaptation); (3) maintain good
performance on previously trained domains after the model
is adapted with other new domains (Continual Learning).
DEJA VU [25] proposes training-free data augmentation
module RandMix to improve domain generalization, T2PL
pseudo-labeling mechanism for domain adaptation, and a
prototype contrastive alignment algorithm for forgetting al-
leviation. CoDAG [7] is a simple yet effective baseline for
UCDSL, which combines domain adaptation (DA) and do-
main generalization (DG) in a complementary manner. It
uses DA model for quick adaptation and pseudo-label gen-
eration for DG model, and uses DG model to learn general-
ized representations and provide better initialization for DA
model. In this paper, we propose Multi-Prototype Learning
(MPL) and Bi-Level Graph Enhancer (BiGE) to tackle the
problem of UCDSL.

3. Multi-Prototype Learning for Unsupervised
Continual Domain Shift Learning

3.1. Problem Definition
Unsupervised continual domain shift learning
(UCDSL) [25] requires a model to sequentially en-
counters T + 1 distinct domains Dt (t = 0, 1, . . . , T ) and
constantly show decent classification performance on all
the domains. The first domain D0 serves as the source
domain S with labeled samples, while the subsequent
domains Dt (t = 1, 2, . . . , T ) are unlabeled target domains
T . The model is sequentially refined on these domains and
is expected to well classify samples from different domains.
The model is initially trained on the source domain S and
then adapted to the target domains T in a continual manner
(i.e., from D1 to DT ). For an incoming domain Dt ∈ T ,
the model is trained using unlabeled samples on the t-th
domain and limited data from previously encountered
domains (from D0 to Dt−1) that are stored in the replay
buffer. The updated model is then evaluated on samples
from different domains Dt (t = 0, 1, . . . , T ). There are
three main goals for UCDSL: (i) domain generalization for
unseen target domains {Dt′}t<t′≤T ; (ii) domain adaptation
for the target domain Dt; (iii) preventing catastrophic
forgetting of knowledge gained from previously seen
domains {Dt′}0≤t′<t.

3.2. Multi-Prototype Learning (MPL)
The previous works [7, 25] learn a universal prototype as a
global category representative for all the domains to tackle
the problem of UCDSL. The extracted image features of
the same class from different domains are aligned to search
for the optimal representation. However, these methods
disregard the domain-specific information, leading to sub-
optimal performance on individual domains. To solve the
above-mentioned problem, we employ multi-prototypes for
the task of UCDSL. Each domain is assigned a distinct
prototype-based classifier [41], thereby enriching the rep-
resentation space across various domains.

In this section, we establish the error bounds for UCDSL.
By comparing the error bounds, we demonstrate that our
proposed multi-prototype learning approach has a lower er-
ror rate compared to a single classifier. Following prior
works [2, 58], we simplify the problem into a binary classi-
fication task for easy understanding. Here we only consider
the case of two domains, and it is still reasonable to ex-
tend it to multiple domains. We denote the original input
space distribution and induced feature space distribution of
the source/target domain data as Ds/Dt and D̃s/D̃t, respec-
tively. Our model consists of a feature extractor and a set of
prototype classifiers. We denote h as the theoretically op-
timal classification function (hs for source domain and ht

for target domain), with ĥs and ĥt representing the learned
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Figure 2. Multi-Prototype Modeling (MPM) consists of multi-prototype domain shift learning and Bi-Level Graph Enhancer (BiGE).
Different colors represent different domains, and different shapes denote different categories.

function through model training.
Definition 1: Classification error. The classification error
of the function ĥ under domain Di is defined as εi(ĥ) =

EX∼Di
[|ĥ(X)−h(X)|]. For binary classification functions

h and ĥ, we have:

εi(ĥ) = εi(ĥ, h) = EX∼Di
[|ĥ(X)− h(X)|]

= PX∼Di
(ĥ(X) ̸= h(X)). (1)

Definition 2: H-divergence. Given two induced domain
feature space distributions D̃s, D̃t and a hypothesis space
H, the H-divergence between D̃s, D̃t is defined as:

dH(D̃s, D̃t) = 2 sup
h∈H

∣∣EX∼D̃s
[h(X) = 1]− EX∼D̃t

[h(X) = 1]
∣∣ .

(2)
Theorem 1: Error bound for single classifier in UCDSL.
Let D̃s and D̃t denote the induced distribution over the fea-
ture space for each distribution Ds and Dt over the original
input space. The following inequality holds for εt(ĥ) with
single classifier on the target domain Dt:

εt(ĥ) ≤ min{εs(hs, ht), εt(hs, ht)}+εs(ĥ)+dH(D̃s, D̃t).
(3)

Theorem 2: Error bound for multi-prototype learning in
UCDSL. Let D̃s and D̃t denote the induced distribution
over the feature space for each distribution Ds and Dt over
the original input space. The following inequality holds for

εt(ĥ) with multi-prototype learning (with mixed weights
{ws, wt}, ws+wt = 1, ws ≥ 0, wt ≥ 0, ĥ = wsĥs+wtĥt

) on the target domain Dt. We derive the error bound of
multi-prototype learning as follows:

εt(ĥ) ≤ εt(ĥ, hs) + εt(hs, ht). (4)

Furthermore, we show that our error bound is tighter than
that of the single classifier (Eq. 3). Additional details can be
found in the Supplementary Material.

εt(ĥ, hs) + εt(hs, ht) ≤ εs(ĥ, hs) + dH(D̃s, D̃t) + εt(hs, ht)

= εt(hs, ht) + εs(ĥ) + dH(D̃s, D̃t).
(5)

In addition, our bound can be rewritten as:

εt(ĥ, hs) + εt(hs, ht) = εt(hs, ht) +
Prt(X)

Prs(X)
εs(ĥ)

≤ εs(hs, ht) + εs(ĥ) + dH(D̃s, D̃t),
(6)

where Prt(X)
Prs(X) [2] refers to the data density ratio between

the target (Dt) and source (Ds) domains, and this term is
generally set to a constant and ignored.

By combining Eq. 5 and Eq. 6, we achieve that the error
bound of multi-prototype learning in UCDSL is tighter than
min{εs(hs, ht), εt(hs, ht)}+ εs(ĥ) + dH(D̃s, D̃t) accord-
ing to Theorem 1, thereby completing the proof.
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4. Multi-Prototype Modeling (MPM)
Motivated by the theoretical analysis of error bound, we
propose Multi-Prototype Modeling (MPM) to tackle the
problem of UCDSL. As illustrated in Fig. 2, MPM incor-
porates multi-prototype domain shift learning and Bi-Level
Graph Enhancer (BiGE).

4.1. Multi-Prototype Domain Shift Learning
Traditionally, a universal linear layer classifier serves as the
single prototype and attempts to learn the global alignment
across all the domains. In contrast, we propose to apply a
set of classifiers, with each domain corresponding to a spe-
cific prototype-based classifier. The model of domain Dt−1

comprises a feature extractor and t prototype-based classi-
fiers: one for the source domain and t − 1 for the target
domains. The image features are extracted by the feature
extractor, and then the corresponding prototype-based clas-
sifier is applied to predict the results of a certain domain.

Pseudo-label Generation. To improve performance on
domain Dt and obtain higher-quality pseudo-labels, we per-
form domain adaptation for the domain model to target this
domain. We initialize the domain model using the previ-
ous Dt−1 multi-prototype model. Leveraging the general-
ization ability of the multi-prototype model, self-training
is employed to adapt the domain model to the new target
domain. The self-supervised pseudo-labels are integrated
from the predictions of all the prototype-based classifiers
via Shannon entropy-based strategy, and the feature extrac-
tor and t classifiers are updated using information maxi-
mization [7]. After domain adaptation, the domain model
is utilized to generate pseudo-labels for the training pro-
cess stage. Considering classifier confidence and predic-
tion entropy are inversely correlated, we adopt the Shan-
non entropy-based strategy to integrate predictions individ-
ually produced by t prototype-based classifiers into a reli-
able pseudo-label for each sample on domain Dt.

Training process. We first complete the domain adapta-
tion process, adapting the model to domain Dt. After that,
we proceed with domain generation and anti-forget train-
ing to enable the multi-prototype model to enhance its gen-
eralization ability while preventing the forgetting of previ-
ous domain knowledge. To build the multi-prototype model
on domain Dt, we initialize it from the last domain Dt−1

multi-prototype model, and introduce a new prototype-
based classifier with random initialization for domain Dt.
Domain Adaption Training. With feature extractor frozen,
the newly introduced prototype classifier is trained using
pseudo-labeled samples of domain Dt with loss function in
SHOT [22]. Domain Generation and Anti-forget Train-
ing. 4To improve the generalization of the model, we ap-
ply data augmentation [25] to the replay buffer and domain
Dt data. We use the Empirical Risk Minimization (ERM)
method for model domain generation training. While this

Replay Buffer
(Labeled)

Test Samples
(Labeled)

Test Samples
(Unlabeled)

Label 
Propagation

Iteration

Figure 3. Iterative prototype label propagation.

approach improves generalization, it may compromise the
model’s ability to retain previous domain knowledge. To
address this issue, we incorporate the distillation loss [7]
to ensure that the model does not forget previous knowl-
edge by enforcing consistent predictions between the previ-
ous Dt−1 multi-prototype model and the current Dt multi-
prototype model for each sample in the data buffer. To alle-
viate the negative impact of errors in pseudo-labels, we also
use the SelNLPL [14] loss function, which is specifically
designed to handle noisy labels and prevent performance
degradation of the multi-prototype model. See supplemen-
tary material for the detailed training process.

Replay Buffer. Our replay buffer consists of two parts:
(1) t sets of prototypes and (2) data samples from the previ-
ous t domains (one source domain and t− 1 previous target
domains). The total size of both parts is restricted by the
replay buffer size to avoid increasing memory usage and
enable fair comparisons. The maximum number of data
(including prototypes and samples) stored in the buffer is
set to 200 following the previous works [7]. All the pro-
totypes of multiple domains are stored in the buffer. For
the remaining memory, data samples are selected similar to
iCaRL [37], which allocates the same quotas for different
domains and classes where the most representative sam-
ples (closest to the corresponding prototypes) are picked.
Notably, the number of samples far exceeds the number of
prototypes. Both prototypes and data samples in buffer are
replayed for each incoming target domain.

4.2. Bi-Level Graph Enhancer (BiGE)
The Bi-Level Graph Enhancer (BiGE) leverages domain-
level and category-level information through the Domain-
aware Graph Fuser (DGF) and the Category-aware Graph
Calibrator (CGG), respectively.

4.2.1. Domain-aware Graph Fuser (DGF)
The DGF fuses multi-domain information by construct-
ing a domain-level graph with sample and query nodes.
Sample nodes represent domain features of samples from
the replay buffer, while query nodes represent domain
features of the images to be inferred. The domain fea-
tures are extracted from the first block of feature extrac-
tor, which provides rich domain-aware information [64].
For the target domain Dt, the node set is denoted as
X = [x1, . . . ,xM ,xM+1, . . . ,xM+N ]⊤ ∈ R(M+N)×C
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with feature channel C, including M sample nodes xu (1 ≤
u ≤ M) with corresponding domain labels l ∈ {0, . . . , t},
and N query nodes xv (M + 1 ≤ v ≤ M + N) with un-
known domain belongings from t = 0 to T . As shown in
Fig. 3, domain labels are propagated from sample nodes to
unlabeled query nodes in an iterative manner.

Graph Construction. There are K = t + 1 domains in
total, and the prototype ck (1 ≤ k ≤ K) for k-th domain is
computed as the mean vector of sample nodes belonging to
this domain [41]:

ck =
1

|Xk|
∑

(xi,li)∈Xk

xi, (7)

where Xk denotes the set of samples labeled with domain
class k. For each query node xv (M + 1 ≤ v ≤ M +
N), a soft domain label sv = [sv1, sv2, ..., svK ]⊤ ∈ RK is
calculated using the softmax function:

svk =
exp

(
−||xv − ck||22

)∑K
k=1 exp (−||xv − ck||22)

. (8)

The label matrix of query nodes can be represented as
SV = [sM+1, sM+2, ..., sM+N ]⊤ ∈ RN×K for the batch
of N query nodes. The label matrix of sample nodes
SU ∈ RM×K is obtained according to their domain la-
bels, where suk = 1 only if the sample node xu be-
longs to domain k, otherwise suk = 0. By combining
these two matrices, the overall label matrix is denoted as
S = [SU ,SV ]

⊤ ∈ R(M+N)×K .
The relationships among nodes of the domain-level

graph is computed by the similarity wij between vertices
xi ∈ X and xj ∈ X (1 ≤ i, j ≤ M + N), using the
Markov random walks [26, 44, 67] and Bayes’ theorem:

wij = similarity(xi,xj) ∝ p(xi|xj)

=

K∑
k=1

p(xi|ck)p(ck|xj) =

K∑
k=1

sik · sjk∑M+N
j′=1 sj′k

.
(9)

We have p(xi|ck) = sik, where 1 ≤ i ≤ M + N and
1 ≤ k ≤ K. The adjacency matrix W is the symmetric
matrix and wij = wji.

Label Propagation. We propagate labels [62] by opti-
mizing:

Y ∗ = argmin
Y

1

2
(

M+N∑
i,j=1

wij∥yi−yj∥22+µ

M+N∑
i=1

∥yi−si∥22),

(10)
where si ∈ RK is the i-th row of label matrix S, and
µ > 0 is the hyperparameter to balance the two optimiza-
tion terms. Y = [y1, y2, ..., yM+N ]⊤ ∈ R(M+N)×K is the
optimization objective, and Y ∗ denotes the optimal solu-
tion. yi (1 ≤ i ≤ M ) represents the optimized domain

labels of sample nodes and yi (M + 1 ≤ i ≤ M +N ) rep-
resents those of query nodes as pseudo-labels. The optimal
solution of Eq. 10 can be derived as follows (see supple-
mentary material for proof):

Y ∗ = (1− λ) (I− λW )
−1

S

= (1− λ)
(
I− λSV −1S⊤)−1

S,
(11)

where I is the identical matrix, V is a diagonal matrix with
row sums of S as its elements and λ = 1

1+µ .
Prototype Updating. To facilitate iterative correction,

we use all nodes and labels to update prototypes as follows:

c∗k =
1

|X|

∑M+N
i=1 xiy

∗
ik∑M+N

j=1 y∗jk
, (12)

where y∗ ∈ Y ∗. The C∗ = [c∗1, c
∗
2, ..., c

∗
K ]⊤ ∈ RK×C de-

notes the updated prototypes. Exponential running average
σ is employed to enhance the stability:

Cnew = (1− σ)C+ σC∗. (13)

Iterative Procession. The above processes of graph con-
struction, label propagation and prototype updating are re-
peated nstep times (nstep = 25 in our implementation) to
obtain the estimated soft domain labels of query nodes. The
predictions produced by different prototype-based classi-
fiers are fused via a weighted sum, where the fusion weights
come from the soft labels as possibility belonging to this do-
main, thereby forming the domain-level prediction for each
query image.

4.2.2. Category-aware Graph Calibrator (CGC)
Non-parametric classifiers that further utilize local semantic
features have shown good potentials in addressing domain
gaps [57]. Category-aware Graph Calibrator (CGC) aims
to incorporate local semantic features of the data samples
in addition to global semantic features of the prototypes, to
improve the performance of the model.

CGC constructs a category-aware graph consisting of
sample nodes and query nodes. Instead of utilizing domain
features as in DGF, the local semantic features extracted
from the last block of the ResNet are used to represent nodes
in CGC. The sample nodes are with their corresponding
pseudo-labeled category labels, while the query nodes are
to be inferred. The graph construction and label propaga-
tion processes are similar to DGF. The category labels from
the sample nodes are propagated to the query nodes by per-
forming Eq. 11. The resulting category labels of the query
nodes obtained with the guidance of high-quality pseudo-
labels from data samples after CGC are denoted as yCGC .

To obtain the final inference results, CGC adopts an
Shannon entropy-based strategy [40]. The prototype-based
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Table 1. Comparisons on the PACS, Digits-five, and DomainNet datasets for different state-of-the-art methods in TDA, TDG, FA, and All.
The results are averaged over 10 different orders from each dataset. The results of the baseline models are referenced from [7]. The best
results are highlighted in bold. Our method outperforms all the baselines across all datasets and evaluation metrics tested.

Dataset Metric SHOT+ SHOT++ Tent AdaCon EATA L2D PDEN RaTP CoDAG Ours

PACS

TDA 81.9±9.2 84.4±8.0 78.7±6.9 79.9±5.9 80.3±7.1 78.8±5.6 77.8±5.2 84.7±5.1 87.6±4.0 89.7±2.8

TDG 54.9±13.1 56.0±10.9 65.8±11.5 65.2±10.5 64.1±12.1 65.8±9.6 64.4±9.8 70.6±9.1 72.2±8.3 74.2±6.9

FA 74.9±8.1 83.0±4.0 81.0±6.2 81.6±5.9 82.6±7.0 77.6±4.6 76.3±4.0 83.9±4.7 88.8±3.0 90.7±2.2

All 70.6±9.2 74.5±5.7 75.2±7.8 75.6±7.1 75.7±8.6 74.1±6.2 72.9±5.9 79.7±5.7 82.9±4.8 84.9±3.5

Digits-five

TDA 78.6±13.2 81.3±14.0 68.7±11.0 71.6±9.2 72.0±9.8 84.3±5.4 82.3±5.8 88.7±1.8 92.7±1.7 94.3±1.9

TDG 61.0±14.9 62.3±13.8 64.0±13.6 63.3±13.1 64.0±12.9 70.9±6.8 69.7±7.0 76.8±3.9 77.4±4.3 79.3±3.0

FA 58.2±14.9 64.5±13.3 66.1±15.7 72.2±11.2 73.0±10.9 76.5±3.8 74.0±4.0 85.0±2.2 87.1±2.1 88.8±2.6

All 65.9±13.5 69.4±12.9 66.2±13.3 69.1±11.0 69.6±10.9 77.2±4.8 75.3±5.1 83.5±2.1 85.7±2.2 87.5±2.4

DomainNet

TDA 66.0±8.8 66.9±8.7 53.6±13.2 62.2±7.7 62.5±7.3 56.2±6.2 55.6±6.6 65.4±5.1 71.0±5.7 73.5±3.9

TDG 47.3±11.0 48.1±10.7 47.7±11.0 51.3±10.0 52.1±9.9 50.7±9.1 49.3±9.1 55.2±7.4 56.2±7.2 58.8±6.5

FA 58.5±8.3 66.9±6.0 56.1±14.5 61.8±9.0 62.8±8.8 52.2±9.4 50.2±9.5 63.5±6.6 70.9±6.6 73.4±4.4

All 57.3±8.9 60.6±8.0 52.5±12.4 58.4±8.6 59.1±8.3 53.0±7.6 51.7±7.8 61.4±6.0 66.0±6.2 68.6±4.7

Table 2. Ablation studies on the PACS, Digits-five, and DomainNet datasets.

ExpID Methods PACS Digits-five DomainNet ALLMPL DGF CGC TDA TDG FA ALL TDA TDG FA ALL TDA TDG FA ALL

#1 ✓ ✓ ✓ 89.7 74.2 90.7 84.8 94.3 79.3 88.8 87.5 73.5 58.8 73.4 68.6 80.3
#2 ✓ ✓ ✗ 89.3 73.9 90.4 84.5 94.1 79.0 88.6 87.2 72.2 58.0 72.4 67.5 79.7 (-0.6)
#3 ✓ ✗ ✗ 88.9 73.6 90.0 84.2 93.9 78.7 88.3 87.0 71.3 57.4 71.7 66.8 79.3 (-1.0)
#4 ✗ ✗ ✗ 87.6 72.2 88.8 82.9 92.7 77.4 87.1 85.7 71.0 56.2 70.9 66.0 78.2 (-2.1)

inference results yProto, which are based on global seman-
tic features, and the CGC inference results yCGC are com-
bined using weighted averaging. The weights are deter-
mined by the entropies of the respective inference results.
The final inference result y is computed as:

y =
yProto · eProto + yCGC · eCGC

eProto + eCGC
, (14)

where eProto is the entropy of the prototype-based infer-
ence results yProto, and eCGC is the entropy of the CGC
inference results yCGC . The entropy [40] can be calculated
as: e = −

∑
K p̂k log p̂k, for the probability p̂k of class k.

This strategy allows for the integration of both global and
local semantic information, resulting in robust performance.

5. Experiment
5.1. Experimental Setup
To ensure fair comparisons, we adopt the experimental set-
tings used in previous studies [7, 25]. We evaluate our ap-
proach on three benchmark datasets: PACS [17], Digits-
5 [9, 13, 16, 33], and a subset of DomainNet [36]. For

the source domain, we randomly assign 80% of the data
for training and the remaining 20% for testing. For the tar-
get domains, all available data is used for training and test-
ing, assuming the absence of label information. The experi-
ments are repeated three times with different seeds, and the
reported performance is the average result with the corre-
sponding standard deviation.

Evaluation Metrics. We follow [7] to employ TDA,
TDG and FA as the evaluation metrics to assess the model
performance. TDA (Target Domain Adaptation) measures
the performance of the model on each target domain imme-
diately after its adaptation. TDG (Target Domain General-
ization) evaluates the average performance of the model on
each target domain prior to its training stage. FA (Forget-
ting Alleviation) measures the average performance of the
model on each target domain after it has been trained on
subsequent domains. For the purpose of comparative analy-
sis among different models, we calculate the average value
of each metric across all domains. Furthermore, we intro-
duce a composite score (referred to as “All”) which repre-
sents the average of all the metrics combined.

Implementation Details. For the Digits-five dataset,
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Figure 4. Sensitivity analysis regarding λ, σ and nstep on Do-
mainNet dataset. Accuracy of CoDAG baseline is shown as the
dotted black lines. Our model consistently outperforms CoDAG
for different hyper-parameters.

DTN [22] is utilized as the feature extractor, while for both
PACS and DomainNet, ResNet-50 [12] is employed. Our
prototype classifier requires the same data dimension as the
data processed by the feature extractor. The SGD optimizer
is utilized with a batch size of 64 for all experiments. The
replay buffer size is set to 200 for all datasets. Further de-
tails can be found in the supplementary material.

5.2. Experimental Results
Main Results. We present a comprehensive evaluation of
our MPM framework compared to state-of-the-art models
on three benchmark datasets: PACS, Digits-five, and Do-
mainNet. To ensure the reliability of our findings, we con-
duct the evaluation over 10 different dataset orders and aver-
age the results. Table 1 showcases the overall performance
of our method compared to the baseline models including
Source-Free DA (SHOT+ [23] and SHOT++ [23]), Test-
Time/Online DA (Tent [46], AdaCon [5] and EATA [34]),
Single DG (L2D [48] and PDEN [18]), and UCDSL
(RaTP [25] and CoDAG [7]). Across all datasets and eval-
uation metrics, our MPM framework consistently outper-
forms the baselines. It is also worth noting that our model
achieves the lowest standard deviation in most cases. These
results highlight the effectiveness and robustness of our ap-
proach in addressing the challenges posed by unsupervised
continual domain shift learning. The details of the main ex-
periments are provided in the supplementary material.

Effect of Model Components. We present ablation
studies in Table 2 to assess the effectiveness of the proposed
Multi Prototype Learning (MPL), Domain-aware Graph
Fuser (DGF), and Category-aware Graph Calibrator (CGC)
on the PACS, Digits-five, and DomainNet datasets. Across
all datasets, these components consistently enhance the per-
formance of the baseline model. Our complete model (Ex-
pID #1) achieves the highest performance. By comparing
the results of ExpID #1 and #2, we demonstrate the effec-
tive calibration of the model’s inference results by CGC.
We also observe that DGF leverages domain-level guidance
to fuse predictions from multi-domain prototypes, resulting
in improved accuracy (ExpID #2 v.s. #3). For the base-
line without DGF (ExpID #3), we apply average weighting
to obtain the final predictions. Notably, MPL (ExpID #3)
significantly enhances the model’s performance compared
to previous baselines that directly employ a single domain-

(a) CoDAG (b) MPM (Ours)

Figure 5. t-SNE visualization of features extracted by (a) CoDAG
and (b) MPM on PACS dataset. Distinct colors indicate different
categories, while diverse shapes represent different domains.

invariant classifier (ExpID #4).
Hyper-parameter sensitivity. We investigate the sensi-

tivity of MPM to the cost balance coefficient λ (cf. Eq. 11),
the exponential running average σ (cf. Eq. 13) and the num-
ber of iteration steps nstep. As shown in Fig. 4, MPM is in-
sensitive to the hyper-parameters and consistently improves
upon CoDAG with different hyper-parameters. We choose
λ = 0.7, σ = 0.4 and nstep = 25 for best performance.

Visualization of learned feature distribution. The
learned feature embeddings are visualized using t-SNE in
Fig. 5. Distinct colors indicate different categories, while
diverse shapes represent different domains. The CoDAG [7]
learned features of different categories are not well sepa-
rated, and some test samples are hard to distinguish due to
the large domain shift. In comparison, our method gener-
ates compact and discriminative feature embeddings with
tight clusters, demonstrating the superiority of MPM.

6. Conclusion
This study introduces Multi-Prototype Modeling (MPM)
for addressing unsupervised continual domain shift learning
(UCDSL). Theoretical and empirical findings indicate that
our proposed Multi-Prototype Learning (MPL) outperforms
previous studies that enforce domain-invariant alignment in
the UCDSL setting. Additionally, the Bi-Level Graph En-
hancer (BiGE) is proposed to enhance domain-level and
category-level representations. The Domain-aware Graph
Fuser (DGF) learns to fuse multi-domain prototypes using
domain-level cues, while the Category-aware Graph Cal-
ibrator (CGC) leverages local semantic representations to
calibrate inference results. These contributions can serve as
inspiration for future research in this field. While similar to
previous UCDSL methods, this study is currently applied to
classification tasks and has not been adapted for regression
problems, such as object detection. We believe that MPM
holds promising potential for future research and develop-
ment in related domains.
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