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[Abstract]

In Domain-Incremental Learning (DIL), models must adapt to domain shifts while mitigating catastrophic
forgetting. While Pre-Trained Models (PTMs) are widely used, existing strategies often bias representations
toward seen domains, failing to effectively mitigate domain shift in unseen domains and inducing
representation drift. To address this, we propose a dual-encoder framework that learns domain-invariant and
class-discriminative representations. A domain-specific encoder extracts prototypes, distilling stable
knowledge into a trainable domain-invariant encoder. Prototype alignment and weight regularization prevent
drift and preserve past knowledge. Furthermore, Representation squeezing and a Gradient Reversal Layer
(GRL) form compact intra-class clusters and explicitly encourage domain-invariant learning. Extensive
experiments on four benchmark datasets (Office-Home, DomainNet, CORe50, and PACS) show our
framework improves unseen domain average accuracy by 1-6% across datasets. Notably, on Office-Home,
it achieves the highest overall performance with 86.32% Last and 86.25% Avg accuracy. It also reaches an

83.17% Unseen Avg and successfully reduces the forgetting measure to 3.83%.

» Key words: Domain-Incremental Learning, Domain-Invariant, Domain Shift, Unseen Domain,
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I. Introduction

Recent advances in deep learning have achieved
strong performance across various real-world
applications. However, in practical scenarios, data
often arrives sequentially from changing domains.
This domain shift frequently occurs due to
differences in data distributions across domains,
such as variations in lighting conditions or
background environments[1, 2]. When a model is to
adapt to these distribution changes, it may
overwrite previously learned knowledge in order to
adapt to the current domain. This leads to

catastrophic  forgetting, where the model’s

performance on earlier domains degrades

significantly[3-7].
Domain-Incremental Learning(DIL) has been

proposed to address this challenge. In this setting,

models must deal with domain shift caused by

distribution = changes, while also mitigating

catastrophic forgetting as new knowledge is
learned. DIL aims to adapt to new domains while
preserving previously learned knowledge.

To address catastrophic forgetting in DIL, recent
studies have increasingly adopted pre-trained
models(PTMs)[8-16], which

representations from large-scale data. In typical

learn generalizable
PTM-based approaches, a pre-trained feature
extractor is frozen to preserve previously learned
knowledge, while lightweight trainable components
are incorporated to adapt to new domain
distributions. Prompt-based approaches, such as
Learning to Prompt(L2P)[11] and DualPrompt[12],
learn task-specific prompts to adapt the frozen
feature representation. Other approaches adopt
domain-specific modeling, where separate
classifiers or components are maintained for each
domain and selectively combined during inference,
as in S-Prompts[13]. In addition, recent approaches
explore cross-domain

integrating knowledge

through alignment or prototype-based
representations to improve consistency across

domains, such as DUCT[14] and PINA[15].

However, these approaches share common
limitations. Although they are designed to preserve
performance within observed domains, the learned
representations often become biased toward seen
domains due to domain-specific adaptation
strategies. This leads to insufficient generalization
across unseen domains. In addition, although the
backbone is frozen, continually updated lightweight
modules can induce representation drift, causing
inconsistencies  between representations and
classifiers and leading to performance degradation
on previously learned domains. These highlight that
both domain generalization and representation
stability remain key challenges in DIL.

To address these challenges, we propose a

framework that learns domain-invariant
representations through a dual-encoder
architecture  while explicitly leveraging the

generalization capability of PTMs. Specifically, we
extract prototypes from a frozen PTM, which serves
as a domain-specific encoder for prototype
extraction, to leverage its generalizable knowledge.
These distilled

domain-invariant encoder, which is trained across

prototypes are into a

all domains to learn domain-invariant
representations. The domain-invariant encoder, on
the other hand, is optimized to learn from current
data while being guided by the distilled prototype
knowledge. Therefore, the proposed framework
enables learning representations that are both
generalizable across domains and discriminative
across classes. To further enhance representation
quality, we

incorporate representation

squeezing[17], along with domain-adversarial
learning using a gradient reversal layer (GRL)[18] to
encourage domain-invariant representations. In
addition, weight regularization is employed to
maintain consistency with previously learned
knowledge. This architecture facilitates learning
representations that mitigate domain shift while
preserving class discriminability and maintaining
performance on previously learned domains.

Our contributions are summarized as follows:
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1. We propose a dual-encoder framework for DIL
that

domain-invariant

separates domain-specific and

representations, enabling

domain-invariant feature learning across domains.

2. We design an alignment strategy that
integrates representation squeezing,
domain-adversarial learning with a GRL, and

prototype alignment to mitigate domain shift and
encourage domain-invariant representations.

3. Extensive experiments on four benchmark
datasets demonstrate that the proposed framework

achieves competitive performance compared to

existing comparison methods, with improved
generalization across unseen domains.
II. Preliminaries
1. Related works
1.1 Domain-Incremental Learning
Early  approaches addressed catastrophic
forgetting using rehearsal-based

approaches[19-21], which store a subset of samples
from previously observed domains and replay them

during training.  Although effective, these
approaches are limited by memory constraints and
privacy  concerns, thereby reducing their

practicality in real-world scenarios.

To overcome these limitations, recent works
have focused on non-rehearsal approaches that
data.

approaches[22-24] constrain parameter updates to

avoid storing past Regularization-based
preserve previously learned knowledge, such as
Elastic Weight Consolidation (EWC)[4].

these approaches often struggle under

However,
large
domain shifts, as they rely on parameter-level
constraints rather than explicitly modeling domain
variations.

More recently, PTMs have emerged as a
promising paradigm for DIL due to their strong
generalization capability learned from large-scale
data.

pre-trained backbone and incorporate lightweight

A common strategy is to freeze the

domain-incremental
PTM-based
approaches, such as SimpleCIL[8], directly learn a

trainable components for

adaptation. In addition, simple
classifier on top of frozen pre-trained features
without modifying the backbone. Prompt-based
approaches, such as L2P[11] and DualPrompt[12],
learn task-specific prompts to adapt frozen feature
representation while

preserving  parameter

efficiency and pre-trained knowledge.
Domain-specific approaches further extend this
idea by maintaining separate components for each
S-Prompts[13]

domain-specific prompts and employs a selection

domain. For example, learns
strategy during inference to apply the appropriate
domain-related components.

Other

relationships or stabilize representations across

approaches model cross-domain
sequential domains. For instance, PINA[15] adopts a
shared classifier to unify semantic concepts across
domains, improving consistency in a common
representation space. In contrast, DUCT[14] focuses
on consolidation by mitigating representation drift
and classifier bias during incremental updates,
thereby preserving representation stability across
domains.

However, these approaches remain focused on
modeling relationships within observed domains,
which limits their ability to generalize under unseen

domain shifts.

1.2 Problem Definition

In DIL, the model is trained on a sequence of
{p',p?% -, D7) task
corresponds to a different domain. The dataset of

domains where each

the #-th domain is denoted as Dl:{(xl-,yl-)}jv’zl
where z;€R? is an input sample and y,€ Y is its
corresponding label. The label space Y remains
fixed across all domains, meaning that the class
label y is shared and consistent across all domains,
while the data distribution changes over time. That
is, for domains ##=¢#, the marginal distributions

differ as p(z|lD') # p(z|D’) where p(zlD') denotes
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Fig. 1. Overall Framework

the marginal distribution of input z in domain ‘.

This discrepancy in marginal distributions is
referred to as domain shift, reflecting variations in
data

training, only data from the current domain is

characteristics across domains. During
accessible, following the exemplar-free setting. The
goal of DIL

generalizes

is to learn a model fe=G that

across domains while preserving

previously acquired knowledge. Formally, the
objective is defined as:
f* :argminfEGlE (

ol = f(2)]

2y
(1)

where G denotes the hypothesis space and I ( - )
is the indicator function. This setting requires the
model to handle both domain shift and catastrophic
forgetting simultaneously.

III. The Proposed Method

In this section, we propose a DIL framework that
shift by
and class-discriminative

mitigates domain learning

domain-invariant

representations.

The proposed framework incorporates five key
First,
consisting of a frozen domain-specific encoder and

strategies. a dual-encoder architecture,
a trainable domain-invariant encoder, is utilized
throughout the base and incremental phases to
extract complementary representations. Second,
class and domain prototypes are constructed and
using the

domain-specific encoder to capture class-level and

maintained representations  from
domain-level knowledge across sequential domains.
Third, an alignment strategy is applied to align
with
simultaneously

current domain-invariant representations

stored class prototypes while
squeezing the representation space to enhance
Fourth,

performed by

intra-class compactness.

domain-adversarial learning is

routing representations through a GRL to explicitly
encourage the extraction of domain-invariant

representation. Finally, weight regularization is

applied to penalize the distance between current

and previous model parameters, thereby

constraining parameter updates and mitigating

catastrophic forgetting. An overview of the
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framework is illustrated in Fig. 1.

1. Overall Architecture

Our framework operates in two phases: a base
phase and an incremental phase. In the base
phase, the dual-encoder architecture is trained on
data from the first domain of this phase. The core
objective of this phase is representation squeezing,
which constrains the representation space to
minimize intra-class variance while maximizing
inter-class  margins, thereby initializing a
discriminative representation space for subsequent
domains.

During the incremental phase, the
domain-invariant encoder and the class classifier
are sequentially optimized to mitigate domain shift
and catastrophic forgetting using data from each
domain of this phase. This optimization process
incorporates three strategies. Specifically,
domain-adversarial learning with a GRL acquires
information from the representations extracted by
the domain-invariant encoder to learn
domain-invariant representations.

Concurrently, prototype alignment and weight
regularization are incorporated into the objective
in both the

representation and parameter spaces to mitigate

function to constrain the model

catastrophic forgetting.
The
architecture

framework  utilizes a  dual-encoder

consisting of a domain-specific

encoder f, and a domain-invariant encoder f, .

Given an input sample x, the two encoders

produce a domain-specific representation z, and a

domain-invariant representation z,,,:

inv (1’)

Zs :fs<'r)’ Ziny
(2)
Both f, and f, are initialized with weights

S

pre-trained on ImageNet. The domain-specific

encoder f, is completely frozen to extract

domain-specific representations. In contrast, the

parameters of the domain-invariant encoder f;,,

are updated across all domains to learn

domain-invariant  representations. For class

prediction, the domain-invariant representation

2z, is fed into a class classifier g to output the

muv

predicted label y:
7= 9(z,,) 3)
Additionally, z;,, is routed to a domain classifier

that is adversarially trained with a GRL and
incorporates a projection layer.

2. Prototype Representation and Update
We construct class and domain prototypes using

the domain-specific representations z, extracted by

the frozen encoder f. For a given domain ¢, the

=t
current class prototype P

Cc

is computed by

averaging the representations of all samples

belonging to class c:

(4)

c | Di
where Df denotes the set of samples belonging

to class ¢ in domain #. Similarly, the domain

prototype Pé is computed by averaging the

representations of all samples belonging to domain
t:

where D' represents the entire set of samples in

domain £.

The class prototypes P’ are sequentially updated

C
across domains using an exponential moving
average(EMA). Specifically, the class prototype for
domain ¢ is updated by combining the class

prototype from the previous domain #—1 with the

=t
current class prototype P.:

c
>t

P'=aP'"'+(1—0)P,
(6)

where @< [0, 1] is the momentum coefficient.
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. =t
The current-domain prototype P. is computed

c
from all samples of class ¢ in domain ¢, and the
EMA wupdate is applied once after training on
domain ¢

is completed. As a result, a single

prototype per class is maintained throughout

training, without accumulating prototypes

separately across domains. The class prototypes PZ
are used to calculate the prototype alignment loss,
and the domain prototypes Pé are stored to be

incorporated into subsequent training batches for

domain-adversarial learning.

3. Alignment Strategies
We introduce two alignment strategies: prototype

alignment and representation squeezing.

3.1 Representation Squeezing
We apply a representation squeezing loss[17] to
distance and maximize

minimize intra-class

inter-class margins. Given a mini-batch of
representations and their corresponding labels, we
define the sets of positive pairs p and negative
pairs » for samples ¢ and j as:

p=6ly,=y, () n=07ly#y. (8

We calculate the intra-class compactness L

compact

and inter-class separation L using cosine

separate
similarity:
1
Lcompaci = ﬁ Z COs <Zi’ Zj)
Pl per
)
1
Lseparaie - m Z COS(ZZ" Zj)‘
(i,7)En
(10)
where z  and z;  represent the target
representations. We formulate the final
representation squeezing loss as:
LRS = <1 o Lcompaci) +4 <1 + Lseparaie)

(11)

where A is a balancing coefficient.

3.2 Prototype Alignment

To penalize representation deviations from the
previous phase, we formulate a prototype alignment
loss between the domain-invariant representation
z;,, and the class prototype. By minimizing the

distance to the prototypes derived from the frozen

domain-specific encoder f, this objective performs

prototype-based distillation. Given an input x with
label y, we define the prototype alignment loss as
the cosine distance:
Lpyy, = 1= cos(z,,(2), B/71)

(12)

where Pyif1 is the class prototype for class v at
domain #—1. This loss is minimized to explicitly
update the parameters of the domain-invariant
encoder f,,. This process distills the stable

representations  previously captured by the
domain-specific encoder f, into f;,, thereby
penalizing the drift of current representations

z.m(x) from the historically accumulated prototype

1

t—1
P

4. Domain-Adversarial Learning

We apply domain-adversarial learning by routing
the domain-invariant representation z;,, through a
projection layer and a GRL to a domain classifier
D. We train D to predict the domain label d while
simultaneously updating the

Sy through the

domain-invariant representations. To compute this

domain-invariant

encoder GRL to extract

objective, we incorporate the stored domain
prototypes into the current training batch. We

formulate the domain classification loss as follows:

1
Ly =— CE(D(R(h,,,;(2;,,))).d)

(13)

where R( e ) denotes the GRL, which acts as an
identity transform during the forward pass and
multiplies the gradients by a negative scalar during

the backward pass, hp denotes the projection

70j
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layer, B denotes the current training batch, P,
denotes the set of domain prototypes, BUPF,

and CE denotes the
cross-entropy loss function.

represents their union,

5. Weight Regularization

We apply weight regularization to constrain the
parameter updates by penalizing the L2 distance
between the parameters of the current phase and
t—1. This

regularization ensures that the domain-invariant

those from  previous phase
encoder and the class classifier preserve existing
knowledge while adapting to new data. The weight

regularization loss is formulated as:
— t—11 2 t—11 2
Lweighi = Ay || O — O, || 9 +/1fc || O, =0y || 9
(14)
where 0,, and 6, denote the parameters of the

domain-invariant encoder f;, and the class

muv
classifier g, respectively. The projection head and
the domain classifier are not included in this

regularization. The two terms are weighted by 4

and A4, respectively.

6. Final Objective

We define the overall training objective as a
weighted combination of the previously defined loss
terms to simultaneously mitigate domain shift and
minimize catastrophic forgetting. The total loss,
L

tota

;. is formulated as follows:

Ly = AceLce T AgriLorr T AprotoLpron
+ AWeightL Weight + ARSLRS

(15)

where Acg, Agrr. Aprotor Aweigne» and Agg are
weighting coefficients that balance the contribution
of each optimization strategy. To strictly enforce
the phase-specific optimization we set Aps =0 for

t>0.

IV. Experiments

1. Experimental Setup

1.1 Datasets

We evaluate the proposed framework on four
widely used domain generalization and DIL
benchmarks:  Office-Home[25],  DomainNet[26],
COReb50[2], and PACS[27]. The Office-Home dataset
consists of 65 classes across four domains, namely
Art, Clipart, Product, and Real-World, with a total
of approximately 15,500 images. The DomainNet
dataset is a large-scale benchmark containing 345
classes and six domains, including Clipart,
Infograph, Painting, Quickdraw, Real, and Sketch,
with over 580,000 images in total. The COReb0
dataset contains 50 classes taken under 11
different domains with varying background, pose,
and illumination conditions, comprising
approximately 164,000 images. The PACS dataset
includes 7 classes across four domains, including
Art Painting, Cartoon, Photo, and Sketch, with a

total of around 9,900 images.

1.2 Comparison methods

We compare the proposed framework with
several incremental learning methods, including
EWC[4], SimpleCIL[8], DUCT[14],
EASE[16]. Finetune sequentially trains the model

Finetune, and

without any strategy to prevent forgetting. EWC is a
method.
SimpleCIL, DUCT, and EASE are recent approaches

representative regularization-based
designed for incremental learning scenarios and
provide strong baselines for comparison. Although
SimpleCIL and EASE were originally developed for
class-incremental learning, we include them as
PTM-based baselines,
work[14].
implementations are unavailable, we adapt the

consistent with prior DIL

Since  official domain-incremental

official class-incremental implementations as
follows: each domain is treated as a single task
label SimpleCIL

constructs frozen class prototypes and EASE

with a fixed, shared space,

expands a domain-specific subspace. For a fair



36

Journal of The Korea Society of Computer and Information

Table 1. Comparison with comparison methods on
shown in bold and second-best is underlined.

four benchmark datasets. The best performance is

Office-Home DomainNet CORe50 PACS

E Un For Un For Un For Un

Methods Last Avg Z: seen | Last Avg Zt seen | Last Avg Zt seen | Last Avg th seen
() ?“ g | (D) (h) f“ Avg | (1) (1) fl) avg | (1) () T Ave

(1) (1 M (1)

Finetune |83.69 8382 6.67 80.08 4344 5020 3279 3413 9589 9632 449 9216 9673 9778 2.0 70.96
EWCI[4] 8404 8375 5.72 7940 4794 5444 2738 3895 9552 97.02 491 9167 96.63 9758 1.99 6855
SimpleCIL[8] | 81.29 8147 3.62 8206 5263 53.69 11.60 4484 7144 7673 0.00 6803 86.66 9287 251 6456
DUCT[14] |86.26 8358 0.01 80.71 6038 57.92 293 46.67 9671 9805 250 9246 85.04 9274 1.27 53.95
EASE[16] | 77.70 7922 1348 79.11 4819 50.94 30.37 3657 8590 90.17 1547 86.39 83.68 87.34 1627 49.55
OURS 86.32 8625 3.83 83.17 5791 6262 13.08 5244 9797 98.03 2.04 9359 9660 9753 1.20 70.44
comparison, all comparison Emethods are alignment loss weight 4., is set to 0.1, and the

implemented without memory replay and are
trained under the exact same configurations as
the

batch size,

our
ViT
and

proposed method, including same
backbone, number of epochs,

optimizer budget.

1.3 Implementation Details

We adopt a DIL setting in which each domain is
treated as a separate incremental task and learned
the
training order is Art, Clipart, Product, Real-World.

sequentially. For the Office-Home dataset,

For DomainNet, the domains are learned in the
order of Clipart, Infograph, Painting, Quickdraw,
Real, Sketch. For COReb0, we use the standard
sequential setting with 11 incremental domains. For
PACS, the domain order is Art Painting, Cartoon,
Photo, Sketch. Following standard protocols in
DIL[14], we adopt a single fixed domain order for
the experiments.

We ViT-B/16  model
ImageNet-21K as the backbone network. The model

use pre-trained on
is trained using the SGD optimizer with a batch size
of 64 for 15 epochs. The initial learning rate is set
to 0.1, and the weight decay is 0.0005. A sensitivity
analysis on the learning rate is provided in
Appendix Table 7. The loss weights are determined
via a grid search. A sensitivity analysis on the loss
weights, together with their search ranges, is
provided in Appendix Table 8. The cross-entropy
loss weight A is set to 0.3, the domain-adversarial

loss weight A, is set to 0.3, the prototype

representation squeezing loss weight 4,4 is set to
0.01. For weight regularization, we use 4, = 0.1 and
A= 0.001. The EMA momentum is set to 0.9. For
data
protocols summarized in Appendix Table 6. All four

partitioning, we follow dataset-specific
datasets adopt a 7:3 train-test ratio. DomainNet
provides official train-test splits, which we use
directly. For Office-Home, CORe50, and PACS, no
official split is available, so we construct a 7:3
train-test split with a fixed random seed. In these
three cases, the split is stratified by class within
each domain. Specifically, the 7:3 ratio is preserved
for every class inside each domain, so that both
the per-domain class distribution and the domain
boundaries are strictly maintained. All experiments
are conducted on an NVIDIA A40 GPU. Importantly,
at each task ¢, only the training set of the current
domain D’ is accessible to the model. Data from
future domains D'*', --.DT is never used during
training, computation  or
batch

hyperparameter selection.

prototype update,

domain-adversarial construction, or

1.4 Evaluation

We evaluate performance using classification
accuracy across incremental domains, following
standard protocols in incremental learning[7, 28].
Specifically, we report the following metrics. The
the
averaged over all seen domains. The Avg metric

Last metric denotes final-task accuracy

represents the average accuracy over all domains
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Fig. 2. Visualization of class—domain centroids across different frameworks on the CORe50 dataset.

across all training tasks. The Forget metric
quantifies the performance degradation from the
best accuracy to the final accuracy. In our

domain-incremental setting, the domains are
learned in a fixed sequence, and the domains that
have not yet been encountered at a given task ¢
are referred to as unseen domains. Additionally, we
report the Unseen Avg metric, which measures the
average accuracy on these unseen domains.
Specifically, at each task ¢, the model M, trained
on D1, .-, D'is evaluated on the test set of every
unseen domain D'"!, .-, DT in a zero-shot manner,
without any further adaptation or parameter
update. The per-task unseen accuracy is computed
as the mean accuracy over all unseen domains at
task ¢, and the final Unseen Avg is obtained by
averaging across tasks ¢t=1,--, T—1. The final task
t= T is excluded since no unseen domain remains.
The

Appendix Algorithm 1.

complete procedure is summarized in

2. Experimental results

2.1 Overall Performance

Table 1 presents overall performance across all
benchmark datasets. The proposed framework
outperforms the comparison methods in most

cases, particularly achieving the highest results on

the Office-Home dataset with 86.32 on Last and
86.25 on Avg. Detailed visualizations of these
performance trends, including forget metrics and
the stage-wise mean accuracy on seen domains,
5-8.
figures, the accuracy at each incremental task is

are provided in Appendix Figs. In these

averaged over all domains learned so far. While
some comparison methods achieve comparable
results on specific datasets, our framework
consistently demonstrates the highest Unseen Avg
COReb0,

confirming its robust generalization capability. To

on Office-Home, DomainNet, and

further examine robustness, we evaluate the
sensitivity of each method to domain ordering on
Office-Home, as reported in Appendix Table 9 and
the

a mean Last

10. Across four different domain orders,
proposed framework achieves
accuracy of 86.11% and a mean Average accuracy
of 87.45%. In addition, the proposed framework
shows inference cost identical to the comparison
EASE, with a detailed

comparison provided in Appendix B.

methods except for

2.2 Generalization to Unseen Domains

To evaluate generalization to unseen domains,
we report the Unseen Avg performance in Table 1.
and Fig. 3. As shown in the figure, the proposed
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Unseen Domain Accuracy Comparison
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Fig. 3. Unseen Domain Accuracy Comparison.

framework consistently achieves the highest

performance across most datasets, including
Office-Home, DomainNet, and CORe50. Specifically,
the framework improves performance on unseen
domains by approximately 1% to 6% compared to
While

achieve competitive performance on seen domains,

comparison methods. several baselines
their performance degrades significantly when
evaluated on unseen domains. In contrast, the
proposed framework maintains stable performance

across unseen domains.

2.3 Visualization

We visualize the learned representation space by
extracting class-domain centroids from the
representations, as shown in Fig. 2. Each point
represents a centroid corresponding to a specific
class and domain, where colors denote class labels
Ideally, the

representation space should be partitioned into

and markers indicate domains.
evenly distributed and distinct decision regions,
where centroids of the same class are tightly
clustered regardless of their domain.

However, as shown in the figure, the comparison
methods exhibit significant structural limitations.
Specifically, in DUCT (a), EASE (b), and SimpleCIL
(f), the centroids for classes 1, 2, 3, and 4 exhibit
severe overlap, failing to achieve sufficient spatial
separation. Consequently, the representation space
is not effectively partitioned, resulting in indistinct
decision boundaries.

In contrast, our proposed framework (e) exhibits
a more structured representation distribution. The
overlap among classes 1, 2, 3, and 4 is reduced,
allowing each class to form a distinct decision
region with minimal interference. Furthermore,
same-class centroids form compact clusters across
domains, whereas they are widely scattered in
These

quantitatively

comparison methods. qualitative

observations are validated in

Appendix Table 4.

Table 2. Ablation Study on Office-Home dataset.

Unseen
Last Avg Forget
Meth A
ethods Mmoo
Baseline (w/o all) 85.61 85.57 453 82.54
+ GRL 85.84 85.55 443 82.55
+ Prototype 8538 8564 498 8271
Alignment
+ Weight 8588 8590 398  83.10
Regularization
+ Representation
Squeezing (FULL) 86.32 86.25 3.83 83.17

2.4 Ablation Study
This experiment analyzes the contribution of
each component within the proposed framework.
Table 2, the

improves as each component is

As shown in performance
progressively
integrated. The baseline model obtains a Last of
85.61 and an Unseen Avg of 82.54. Incorporating
GRL leads to a slight improvement, increasing Last
to 85.84 and Unseen Avg to 82.55. The addition of
prototype alignment improves Unseen Avg to 82.71,
indicating the alignment of class-level features
across domains. Applying weight regularization
further increases Last to 85.88 and an Unseen Avg
to 83.10, while reducing forgetting from 4.93 to
3.98, confirming its role in preserving previously
learned knowledge. Finally, integrating
representation squeezing achieves the highest
performance, reaching 86.32 on Last, 83.17 on
Unseen Avg and reducing Forget to 3.83. These
results indicate that each component contributes to
the overall performance gains and generalization

capability.
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In addition, we examine the effect of restricting
representation squeezing to the base phase. As
in Table 3, applying
squeezing at all stages achieves a Last of 84.66,

shown representation
comparable to 84.70 obtained when it is restricted
to the base phase, but increases the Forget from
3.71 to 4.16.

Table 3. Effect of restricting representation squeezing
to the base phase, evaluated on Office-Home

Setting Last Avg Forget
t =0 only 84.70 83.00 3.71
all stage 84.66 83.09 416

V. Conclusion and Future Work

In this paper, we propose a DIL framework that
learns domain-invariant and class-discriminative
shift. To
the proposed

representations to mitigate domain
effectively address domain shifts,
framework explicitly encourages domain-invariant

learning through a GRL and prototype-based

alignment. This architecture facilitates the
distillation of stable knowledge from a
domain-specific  encoder into a trainable
domain-invariant encoder, while utilizing

representation squeezing to ensure class-level

compactness and  discriminability.  Extensive

experiments on four benchmark datasets
demonstrate that the proposed framework achieves
competitive performance in DIL while maintaining
strong generalization across unseen domains.
Furthermore, representation space analysis reveals
that our framework produces highly discriminative
representation spaces where samples from the
same class are consistently grouped across
different domains, ensuring superior cross-domain
consistency. Future research will focus on
extending this framework to real-world applications
with more complex domain variations, such as
medical imaging, to further validate its practical

utility.

Appendices

A. Comparison of metrics
A.1 Forgetting Measure
Fig. 4 presents the Forget metric across different

datasets, including Office-Home, DomainNet,

COReb0, and PACS. The Forget metric quantifies

the performance degradation on previously learned

domains after sequential training. As shown in the
figure, the proposed framework achieves lower
forgetting compared to the comparison methods on

CORe50 and PACS. On

DomainNet,

Office-Home  and
although some comparison methods
exhibit slightly lower forgetting, the proposed
framework still maintains comparable forgetting
values. These results indicate that the proposed
framework reduces catastrophic forgetting while

sequentially adapting to new domains.

Forgetting Comparison

Office-Home DomainNet

15 13.48

EWC SimpleCILDUCT EASE  OURS

FT  EWC SimpleCILDUCT EASE OURS FT

CORe50 PACS

15.47 1627

—
FT  EWC SimpleCILDUCT EASE OURS FT  EWC SimpleCILDUCT EASE OURS

Fig. 4. Comparison of forget metrics.

A.2 Representation Metrics and Accuracy Matrix

Table 4 presents the representation metrics
across different datasets. Class-pairwise Maximum
Mean Discrepancy (MMD) measures the distribution
discrepancy between representations for each class
across different domains. Intra-class compactness
evaluates how closely samples of the same class
are clustered, while inter-class separation
measures the distance between different classes.
Finally, prototype distance quantifies the spatial
distance between representations and their
corresponding class prototypes.

The proposed framework consistently achieves
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Table 4. Comparison of Representation Metrics. Lower values(|) are better for Class-pairwise MMD,
Prototype distance, and Intra-class, while higher( 1) values are better for Inter-class.

Datasets Metrics OURS FT EWCI4] S'"‘E'TCIL DUCT[14]  EASE[16]
Class-Pairwise MMD () 0.1045 0.0798 0.0790 0.0948 0.0889 0.0881

OfficeHome Prototype distance () 0.3315 0.4381 0.4299 0.4620 0.4968 0.5151
Intra-class (Compactness) () 0.2720 0.4862 0.4749 0.4504 0.5398 0.5916

Inter-Class (Separation) (1) 0.9029 0.9772 0.9819 1.0213 0.8814 0.8242
Class-Pairwise MMD () 0.2435 0.1874 0.1754 0.2828 0.2507 0.1884

DomainNet Prototype distance () 0.4137 0.8092 0.7892 0.8372 0.8512 0.8479
Intra-class (Compactness) () 0.1860 0.5732 0.5614 0.4909 0.5307 0.5989

Inter-Class (Separation) (1) 0.5481 0.7414 0.7635 0.5537 0.7491 0.7165
Class-Pairwise MMD () 0.3527 0.3382 0.3436 0.3497 0.3070 0.3378

CORe50 Prototype distance () 0.1815 0.6318 0.4856 0.6600 0.6038 0.7454
Intra-class (Compactness) () 0.0424 0.4011 0.2738 0.3996 0.3866 0.5177

Inter-Class (Separation) (1) 0.8026 1.0087 1.1612 0.6523 0.9524 0.8129
Class-Pairwise MMD () 0.3428 0.3604 0.3317 0.3540 0.4486 0.3769

PACS Prototype distance () 0.3896 0.6338 0.6006 0.6775 0.7173 0.7371
Intra-class (Compactness) () 0.2190 0.4431 0.4501 0.4407 0.2557 0.3807

Inter-Class (Separation) (1) 0.7130 0.7742 0.8406 0.7584 0.1970 0.5364

lower intra-class compactness compared to other
comparison methods, indicating that samples within
the same class establish more compact clusters in
the representation space. Such compact clustering
across samples from different domains
demonstrates that domain-specific variations are
effectively reduced within each class. In terms of
prototype distance, the proposed framework shows
competitive values on several datasets, indicating
effective alignment of class-level representations.
However, the framework does not always achieve
the best performance in class-pairwise MMD and
inter-class separation. In particular, inter-class
separation tends to be lower compared to some
baselines, indicating that the distances between
different classes are relatively smaller. Overall,
these results indicate that the proposed framework
forms compact intra-class clusters across domains
while maintaining the reported inter-class
distances.

Fig. 5-8 present the stage-wise average accuracy
on seen domains for Office-Home, DomainNet,
COReb0, and PACS. At each incremental task, the
accuracy is averaged over all domains learned so
far, illustrating the performance trend of each

method.

B. Computational Cost

We compare the computational cost of all
methods on Office-Home. Table 5 reports the
number of parameters, FLOPs, inference speed at a
batch size of 32, and the cumulative training time
over all four domains. All methods use the same
backbone. The proposed framework uses only the
domain-invariant encoder and the class classifier
at inference, so its parameter count, FLOPs, and
inference speed are identical to those of
comparison methods. EASE, however, additionally
expands a subspace for each domain, requiring
499 times more FLOPs and 2.46 times longer
inference time. In terms of training time, the
proposed framework takes 47.0 minutes, which is
longer than the comparison methods except for

EASE, while the inference cost remains unchanged.
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Fig. 7. Stage—wise average accuracy on seen domains
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Algorithm 1. Unseen Avg Computation

Algorithm 1: Unseen Avg Computation
Input: Trained models {Mi, ..., Mr_;}, domains {D',...,DT}
Output: Unseen Avg
fort=1toT —1do

Uy + {D™*1,...,DT};
for each D* € U, do
| atu ¢ Accuracy(M;, D) ;

AcCunseen(t) 75 Y, Gt

P
Unseen Avg « ﬁ Zt:ll Accynseen(t);
return Unseen Avg

// future (unseen) domains at task ¢

// zero-shot evaluation

Table 5. Computational cost on Office-Home.

Params | FLOPs Inference Training
Method (M) (G) | (ms/batch) | (min)
Finetune 85.65 16.86 193.56 35.0
EWCI[4] 85.65 16.86 182.66 30.6
SimpleCIL[8] 85.65 16.86 207.51 5.4

DUCTI[14] 85.65 16.86 180.04 32.3
EASE[16] 87.29 84.08 436.65 50.6

OURS 85.65 16.86 178.35 47.0

Table 6. Data Split Protocol

Dataset Ofﬂc.lal Traln-Test Stratification | Seed
Split Ratio

Office-Home | X | 7:3 (custom) | P Class within |
each domain

DomainNet 0 7:3 (official) | Per official split -

CORe50 X | 73 (custom) | PE class within |
each domain

PACS X | 7:3 (custom) | PE" Class within |
each domain

Table 7. Performance on Office-Home under different
initial learning rates. The selected value (0.1) is shown
in bold.

LR Last Avg Forget
0.001 38.72 18.45 0.00
0.01 83.04 73.06 1.79
0.03 84.84 82.81 3.31

0.1 86.32 86.25 3.83

0.3 83.50 81.65 411

1.0 78.80 73.55 2.37

Table 8. Loss weight sensitivity on Office-Home. Each
cell reports Last accuracy when the given weight is varied
with all others fixed. A/C uses a separate range.

WLe"iZf]t 0.01 0.1 0.3 1.0 | Selected
Acg | 7959 | 8445 | 8632 | 84.17 0.3
Acrr | 8625 | 8572 | 8632 | 8533 0.3
Apros | 8643 | 8632 | 8557 | 86.48 0.1
Aps | 8632 | 8588 | 86.17 | 86.06 0.01
Ay | 8591 | 8632 | 8573 | 84.88 0.1
WLe"iZf]t 0.0001 | 0.001 | 001 0.1 | Selected
A, | 8521 | 8632 | 8616 | 8584 | 0001

Table 9. Last accuracy on Office-Home under four
domain orders (A: Art, C: Clipart, P: Product, R:

Real-World).

Methods ACPR | PACR | RACP | RAPC | mean=std
Finetune 83.69 | 84.05 | 83.26 | 83.83 | 8371+033
EWC[4] 84.04 | 8495 | 83.51 | 82.84 | 83.84+089
SimpleCIL[8] | 81.29 | 79.78 | 78.52 | 77.71 | 79.33+156
DUCTI[14] 86.26 | 85.83 | 86.31 | 86.06 | 86.12+022
EASE[16] 7770 | 77.95 | 76.77 | 80.60 | 7826+ 164
OURS 86.32 | 85.87 | 86.30 | 85.97 | 86.11+023
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Table 10. Average accuracy on Office-Home under
four domain orders (A: Art, C: Clipart, P: Product,
R: Real-World).

Methods ACPR | PACR | RACP | RAPC | mean=std
Finetune 83.82 | 86.57 | 84.60 | 86.06 | 85.26+127
EWC[4] 83.75 | 87.58 | 84.92 | 85.76 | 8550+ 1.61
SimpleCIL[8] | 81.50 | 84.32 | 82.83 | 85.18 | 83.46+1.43
DUCTI[14] 83.58 | 88.25 | 86.75 | 88.41 | 86.75+224
EASE[16] 79.55 | 83.63 | 83.33 | 85.02 | 82.88+234
OURS 86.25 | 88.27 | 87.02 | 88.26 | 87.45+0.99
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