2

Appendix for Learning Expandable and Adaptable

Representations for Continual Learning

Anonymous Author(s)
Affiliation
Address

email

Contents

A The Additional Information for the Related Work

B The Detailed Pseudocode

C Additional Information for the Experiment Setting

C.1

C2

Implementdetails . . . . . .. ... ...

Analysis of Multi-domain Continual learning MDCL) . . . ... ... ... ...

D Additional Experimental Results

D.1

D.2

D3

D4

D.5

D.6

D.7

D.8

The results of CIL settings . . . . . . . . . . ... .. ... ... ... .....
The results of TRC and analysis of forgetting effect . . . . . . ... ... .. ...
The impact of individual components in LEAR. . . . . . . .. ... ... ... ..
Performance comparison of different backbone fine-tuning configurations in LEAR
Visualization of the HSICBCO approach. . . . . . ... ... ... ........
Visualization of the ESM’s memory distributions. . . . . . . ... ... ... ...
Analysis of other distance metricsin ESM . . . . . . ... ... 00000

Other clarifications . . . . . . . . . . . . . e e

E Discussion of Contributions, Limitations and Societal Impacts

E.1

E.2

Contributions and Limitations . . . . . . . . . . . . . . .. e

Societal Impacts . . . . . . . . . L

10

11

11

12

12

12

Submitted to 39th Conference on Neural Information Processing Systems (NeurIPS 2025). Do not distribute.



20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

A The Additional Information for the Related Work

Rehearsal-based techniques. The rehearsal approaches enable the network to have partial access to
data from historical tasks. In addition to experience replay methods which retain authentic train-
ing samples [4, 6, 58], numerous studies have advocated for the development of generative models,
such as Variational Autoencoders (VAEs) [23] or Generative Adversarial Networks (GANSs) [15],
utilizing historical data samples to maintain historical context [, 44, 48, 66, 22]. Compare to ex-
perience replay methods, generative replay methods enhance privacy and efficiency by eliminating
the need for direct data storage. However, the generalization capabilities of these methodologies are
contingent upon the quality of the generative replay samples. Furthermore, these approaches incur

additional training expenses relative to experience replay methods.

Parameter-efficient tuning (PET) techniques. In continual learning (CL), the adaptation of pretrained
models to new tasks often results in catastrophic forgetting, wherein the acquisition of new knowl-
edge overwrites previously learned representations [69]. Furthermore, storing fine-tuned models for
each task incurs substantial computational overhead and memory costs [67]. These challenges have
motivated the recent emergence of parameter-efficient tuning (PET)-based continual learning ap-
proaches as a promising research direction [55]. Nowadays, prompt-based techniques have become
the predominant stratege in PET-based CL, including L2P [60] (prompt retrieval), Dual-Prompt [59]
(task-shared and task-specific prompts), CODA-Prompt [49] (attention-based prompt combination),
DAP (adaptive prompt generator), S-Prompt [57] and HiDe-Prompt [54] (only task-specific prompt).
Furthermore, PET approaches based on Low-Rank Adaptation (LoRA) [33, 61] and adapter archi-
tectures [38, 14] (inject lightweight trainable units between backbone layers) have also been actively
explored in CL. Notably, LAE [13] and HiDe-PET [55] propose unified frameworks that systemat-
ically integrate these three methodologies in PET. However, prompt-based methods exhibit limi-
tations in fine-grained tasks [35] and self-supervised pretraining [64]. HiDe-PET [55] proves that
LoRA/adapter-based PET outperform prompt-based PET within both task-specific and task-shared
approaches, but their evaluation does not cover model performance in domain-incremental learning

scenarios.

Knowledge distillation (KD) techniques were initially developed for model compression. The fun-
damental concept of the KD framework involves establishing a teacher-student architecture, wherein
a loss function is employed to align the predictions of the teacher and student models. This process
aims to facilitate the transfer of knowledge from the complex teacher model to the simpler student
model [16, 19]. KD has found extensive applications in deep learning, yielding substantial results.
Given its advantageous properties and performance, KD has also been utilized to mitigate network
forgetting in continual learning scenarios. The primary objective of integrating KD within continual
learning is to minimize the divergence between the predictions of the student and teacher models
during task learning, as outlined in Learning Without Forgetting (LWF) [32]. Moreover, rehearsal-
based approaches can be synergistically combined with KD to form a unified learning framework,
which has demonstrated enhanced model performance, as illustrated in [46]. Additionally, the self-
KD approach has been proposed to maintain previously acquired representations, thereby alleviating

network forgetting, as discussed in [5]



59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

Expansion-based approaches. Unlike rehearsal and knowledge distillation methods, which struggle
to maintain optimal performance on prior tasks, expansion-based approaches effectively circumvent
network forgetting by preserving all previously acquired network weights while adaptively gener-
ating new sub-models or parameters for learning new tasks [21, 50]. Two stage method FOSTER
[53] first dynamically expands new modules to fit the residuals between the target and the output of
the original model, then executes effective distillation strategy to remove redundant parameters. The
energy-based expansion and fusion approach BEEF [52] achieves bi-directional compatibility by
training decoupled modules with forward (pf) and backward (pb) prototypes, enabling robust learn-
ing of new tasks while mitigating catastrophic forgetting through energy-based joint distribution
modeling. More recently, advancements have been made utilizing pre-trained ViT models, exem-
plified by the approach in [38], which suggests the integration of a frozen random projection layer
between the output head and the feature representations of the pre-trained model, thereby enhanc-
ing linear separability for class-prototype-based continual learning. A notable ViT-based dynamic
expansion model is introduced in [ 1], which dynamically constructs self-attention blocks and clas-
sifiers to accommodate new tasks. A similar concept is presented in [63], which incorporates a
meta-attention mechanism to capture task-specific information. Besides, a parameter-efficient train-
ing framework for vision-language models is introduced in [65], which employs a MoE-Adapters
based dynamic expansion architecture for enhanced adaptability and efficiency in response to new

tasks.

Dual-branch approaches. These methods are biologically grounded in the Complementary Learning
Systems (CLS) theory [37] from neuroscience, which proposes two distinct but interacting memory
systems: (1) a fast-learning hippocampal system for rapid encoding of new information, and (2)
a slow-learning neocortical system for gradual knowledge consolidation. DualNet [43] couples
a supervised fast learner with a self-supervised slow learner, they complement each other while
working synchronously. CLS-ER [2] employs a dual-memory learning mechanism with interaction
whereby the episodic memory stores the samples and the semantic memories build short-term and
long-term memories of the learned representations of the working model. Nevertheless, existing
dual-branch approaches might suffer from limited plasticity for drastically varying data domains
due to their fixed network architectures, while also struggling with slow adaptation to rapid domain

shifts and heavy reliance on data replay for historical knowledge retention.

The key distinctions between our method and prior approaches. The proposed LEAR funda-
mentally advances continual learning by synergistically addressing five critical limitations of exist-

ing paradigms:

(1) Unlike rehearsal-based methods that depend on data replay (with inherent privacy/storage over-
heads) or generative models (constrained by sample quality), LEAR achieves stability through
MIBPA in prediction level and KLDBFA in feature representation level, eliminating explicit data

retention while preserving historical knowledge.

(2) While PET approaches like prompt tuning struggle with domain shifts due to frozen feature ex-
tractors, LEAR’s interactively optimized collaborative backbone architecture enables adaptive fea-

ture learning across distinct data domains, enhancing model plasticity.
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(3) Compared to KD techniques that assume stable decision boundaries and often require exemplars,
LEAR preserves learned task-shared (auxiliary model Fj,) and task-specific knowledge (auxiliary
model Fj,) at the end phase of each task, employing MIBPA and KLDBFA to maintain model sta-
bility during subsequent task training. LEAR also enforces representation disentanglement between

global backbone and local backbone through HSICBCO, ensuring complementary feature learning.

(4) While other dynamic network methods suffer from parameter redundancy and limited histori-
cal knowledge transfer, LEAR’s ESM simultaneously preserves knowledge through expert-specific
memory distributions \; and achieves parameter-efficiency by reusing the most relevant expert’s

parameters based on feature-level similarity in Eq.(12).

(5) Compared to existing dual-branch approaches’ fixed network architectures, dependence on data
replay and slow adaptation to rapid domain shifts. LEAR simultaneously achieving plasticity (adap-
tive backbones and parameter-efficient network expansion) and stability (historical knowledge align-

ment constraints) without data replay.

B The Detailed Pseudocode

We provide the detailed pseudocode in Algorithm 1. The equation numbers here are taken from the

main paper.

Algorithm 1 Learning Process of LEAR
Input: Task sequence {71, ..., 7., }, datasets {Df, ..., D3}, training epoch n’
Output: Trained model parameters {67, 6", {(p]f 95 =1

1: Step 1: Collaborative backbone initialization.

2: Initialize global backbone Fjs and local backbone Fy: with pre-trained ViT and freeze all layers

except the last three layers.

3: for each task 7; in sequence do

4 Step 2: Dynamic expert creation and selection
5. if j > 1 then
6.
7

Sample {x;}7, from D and extract features {2 = For(x))}7%,

For [-th representation z;, employ {ng }Z1 to generate transformed features {z{ =
j—1

For(z)yem

8: Compute Mahalanobis distances between {zj = F_;(z/ )}Z1 and the corresponding
memory distributions{\, = N (g, 3.)}’_] to select the most relevant expert .. using
Eq.(12)

9: Initialize new expert &£; with gpg — <p£ P < Qo

10:  else

11: Randomly initialize the first expert &;

12:  endif

13:  Step 3: Interactive optimization with alignment constraints
14:  while current epoch number ¢t <= n’ do
15: Given the data batch X = {xi, ..., x,} from D7, compute representations z, = Fys (X),
z; = Fi(X), then compute predictions Y = Fe(zg @ F_s(z1))
J

16: Update parameters {09, 0", <p§, ©5} using Leinar in Eq.(13):

17:  end while

18:  Duplicate and frozen the last three layers of Fys and Fy to auxiliary model Fj, and Fy
respectively.

19:  Frozen the expert £; and construct memory distribution \/; for £; using Eq.(11)

20: end for
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(a) Feature visualization of CDM with T-SNE.
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(b) Feature visualization of ETI with T-SNE.

Figure 1: The visualizations of feature representations derived from the FSO s of each expert j,Vj =
J
1,---,10 after learning 10 tasks in CDM and ETI.

C Additional Information for the Experiment Setting

C.1 Implement details

Device Configurations. All experiments were conducted on the same hardware environment run-
ning Ubuntu 22.04.2 LTS, with 256 GB of RAM and Intel Xeon Silver4320. A single NVIDIA

A100 GPU provides the computing acceleration in experiments.

Training details of LEAR. We initialize both the global backbone and the local backbone using a
ViT-B/16 model pre-trained on ImageNet-21K. Throughout the training phase, the dual backbone
structure remains frozen except the last three layers of the each backbone are activated. We employ
the Adam optimizer to optimize our network parameters. The learning rate is set to 0.03, and the
batch size is set to 32. The model is trained for 10 epochs on each data domain. The calculation of
HSIC employs a standard Gaussian kernel K (x1,x3) = exp(—||x1 — X2 ||2/02), where we adopt
o = 1 in the experiments. Each expert is composed of two distinct modules: the first is a fully
connected layer comprising 500 hidden units while the second is a linear classifier realized through
a fully connected layer with 1,268 hidden units. The hyper-parameter configuration (A1, A2, A\3) =
(2,1,1) was empirically determined to optimize model performance. The sample number m and m’
in ESM are set to 100 and 50 (before multiplying by the batch size), respectively. Furthermore, We

regularize the covariance matrix ; by adding 7/ (n = 1075) to ensure positive definiteness.

C.2 Analysis of Multi-domain Continual learning (MDCL)

Most current researches in continual learning predominantly emphasize Class-Incremental Learning
(CIL) within a singular data domain [10, 4, 60, 5], which fails to capture the complex dynam-
ics of real-world scenarios where learning occurs across multiple domains, which called Domain-
Incremental Learning (DIL). S-Prompt [57] perform experiments on three standard DIL benchmark
datasets: CDDB [30], CORe50 [ 1. ZSCL [

Multi-domain Task Incremental Learning (MTIL), comprising 11 domain tasks: Aircraft [

] and DomainNet [ ] proposes a benchmark called

], Cal-
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tech101 [12], CIFAR100 [26], DTD [&], EuroSAT [17], Flowers [40], Food [3], MNIST [29], Ox-
fordPet [41], StanfordCars [24] and SUN397 [62]. CoLeCLIP [31] also employ this benchmark to
evaluate its performance. DAP [20] conducts experiments across 7 data domains in 3 fields: natural
domains include CIFAR100 and OxfordPet; aerial domains comprise EuroSAT and RESISC45 [7];
medical domains consist of CropDiseases [39], ISIC2018 [9] and ChestX [56]. DIL represents a
more authentic learning scenario than CIL, as it inherently assumes new samples will originate from

previously unseen data domains.

Although the aforementioned methods employ task sequences with significant domain shifts, which
seemingly increases the difficulty of continual learning for the model, we observe two key limita-

tions:

(1) The pre-trained Vision Transformers (ViT) have already achieved over 90% classification accu-
racy on certain data domains (e.g., Aircraft, MNIST, EuroSAT), suggesting that testing solely on

these relatively simple datasets may not adequately reflect the model’s continual learning capability.

(2) Due to the substantial semantic differences across domains, prompt-based continual learning
approaches or dynamic network methods can easily distinguish between different types of data do-
mains, enabling the training of task-specific modules for more accurate predictions. This character-

istic paradoxically reduces the overall complexity of model training.

Therefore, we propose this challenging Multi-domain Continual learning (MDCL) scenario to ad-
dress these two limitations. Building upon the domain categorization in DAP, we further introduce
three challenging domains: TinyImageNet [28], ImageNet-R [18], and CUB200 [51]. Moreover,
compared to traditional DIL scenarios, certain domains in MDCL exhibit higher semantic similarity
(e.g., CIFAR10, CIFAR100 and TinyImageNet), making the learning task more demanding due to
the increased domain overlap and discrimination difficulty. Nevertheless, MDCL still exhibits sub-
stantial domain discrepancies across the entire task sequence (e.g., from EuroSAT to TinyImageNet),
which maintain a significant level of challenge for DIL. Specifically, we employ three MDCL task
sequences in different order, each comprising 10 data domains from natural, medical and aerial
image classification: CDM (C10, Disease, MNIST, RESISC45, EuroSAT, TImg, C100, ChestX,
ImgR, CUB200), ETI (EuroSAT, TImg, ImgR, CUB200, C100, MNIST, RESISC45, ChestX, C10,
Disease) and TRI (TImg, RESISC45, CUB200, ChestX, ImgR, EuroSAT, MNIST, C10, Disease,
C100). We explore various combinations of domain orders to assess the generalization performance
of different models under varying domain configurations. Additionally, MDCL can be further ex-
tended by introducing new types of data domains or allowing existing domains to reappear, thereby
increasing the complexity of the continual learning scenario and making it more reflective of real-

world applications. This also represents a direction for our future research.

Datasets. We consider 10 widely used benchmarks to assess the proposed LEAR, natural domains
including CIFAR-10 [25], MNIST [29], CIFAR-100[26], CUB200[51], TinyImageNet[28] and
ImageNet-R[18]; aerial domains consist of RESISC45 [7] and EuroSAT [17]; medical domains
comprise CropDiseases [39] and ChestX [56]. The CIFAR-10 dataset consists of 60,000 32x32
color images, evenly distributed across 10 distinct categories. The CIFAR-100 dataset also con-

tains 60,000 32x32 color images but divided into 100 fine-grained classes, and these 100 classes
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Table 1: Performance Comparison of LEAR and baselines on CIL settings

Method CIFAR100 CUB200 ImageNetR TinyImageNet
RanPAC 92.23 90.32 78.11 72.89
MoE 85.21 82.26 76.77 80.23
L2P 82.76 79.23 73.73 76.37
DualPrompt 84.12 83.21 78.47 81.38
CODAPrompt 86.33 83.36 74.45 82.80
LEAR 95.80 88.38 77.67 85.86

are further grouped into 20 superclasses, providing both fine and coarse labels for each image. The
CUB200 dataset is a fine-grained dataset focused on bird species, containing 11,788 images across
200 classes. TinylmageNet is a simplified version of the ImageNet dataset[27], designed for effi-
cient experimentation with limited computational resources. It includes 200 classes, each with 500
training images, 50 validation images, and 50 test images, all resized to 64x64 pixels. ImageNet-R
(Rendering) is a subset of the ImageNet dataset, specifically designed to evaluate the robustness of
models to various image transformations. It includes images from 200 ImageNet classes, with each
class containing multiple renditions, such as cartoons, sketches, and paintings, to test the general-
ization capabilities of models across different visual styles. The MNIST dataset contains 70,000
grayscale images of handwritten digits (0-9), each 28x28 pixels, divided into 60,000 training and
10,000 test images. It serves as a foundational benchmark for digit recognition tasks. The RE-
SISC45 dataset includes 31,500 high-resolution (256x256 pixels) remote sensing images across 45
scene categories, such as “airplane” and “desert,” offering diverse challenges for aerial domain clas-
sification. The EuroSAT dataset consists of 27,000 geo-referenced RGB satellite images (64x64
pixels) from 10 land use and land cover classes, like “highway” and “river”, designed to assess
model performance on real-world satellite imagery. The CropDiseases dataset includes 54,306 im-
ages of diseased and healthy plant leaves from 14 crop species and 26 disease types, it supports
the training of deep learning models for accurate plant disease diagnosis. The ChestX dataset com-
prises over 108,948 frontal-view chest X-ray images annotated with up to 8 thoracic disease labels,

enabling the training and evaluation of deep learning models for thoracic disease diagnosis.

D Additional Experimental Results

In this section, we provide additional experimental results to further analyze the performance of the
proposed LEAR.

D.1 The results of CIL settings

As MDCL is indeed more challenging than standard CIL, comparing with existing methods under
the CIL setting would further demonstrate and strengthen the superiority of LEAR. Therefore, we
have further supplemented the comparison of LEAR with relevant methods on CIL performance over
CIFAR-100, CUB-200, ImageNet-R, and TinyImageNet, each partitioned into 10 tasks. The results
in Table 1 demonstrate LEAR’s excellent adaptability to CIL settings, where it achieves competitive

performance among baseline methods.
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Table 2: The classification accuracy of all testing datasets after learning the TRC task sequence.
Methods  TImg RESISC45 CUB200 ChestX ImgR EuroSAT MNIST C10 Disease C100 Avg

DER++(Re) 7.79 17.68 5.52 1499 2.01 16.70 33.12 53.72 74.20 78.14 30.39
CLS-ER 9.73 26.43 15.61 16.34 1594  22.62 22.15 57.09 77.20 76.65 33.98
RanPAC 71.28 83.85 56.56  40.27 44.18 92.66 87.31 86.85 96.74 51.99 71.17

MoE 0.63 49.60 19.85  31.11 59.74 6391 97.85 96.92 78.14 88.42 58.62
L2P 2.98 4.75 6.35 10.44 498  12.46 18.25 54.15 84.78 88.48 28.76
DAP 0.87 4.85 2.80 1584 9.83 2746 31.81 40.73 64.12 88.85 28.71
D-Prompt  4.26 8.83 11.58 15.63 6.60  23.58 40.50 58.16 77.30 89.66 33.61
C-Prompt 1.96 3.76 7.13 1293 287 16.76 14.86 38.10 56.20 85.78 24.04
LEAR 80.30  92.41 8349  44.67 69.28 96.62 98.53 95.84 99.16 86.22 84.65
: PN . = I

. e Y / Kooy I\ P
// s B N s '
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(a) The forgetting curve of CDM. (b) The forgetting curve of ETI. (c) The forgetting curve of TRC.
Figure 2: The comparison of the forgetting rates between LEAR and other baseline methods.

D.2 The results of TRC and analysis of forgetting effect

Table 2 demonstrates the additional results in the TRC scenario, LEAR achieves a remarkble av-
erage accuracy of 84.65%, significantly outperforming the performance of other methods such as
dual-learner approach CLS-ER (33.98%), prompt-based method DualPrompt (33.61%). The Fig-
ure 2 provides a comprehensive comparison of the forgetting effect between LEAR and other ap-
proaches under three MDCL scenarios. The results indicate that LEAR maintains stable robustness

and generalization capabilities compared to other methods across distinct task sequences.

D.3 The impact of individual components in LEAR.

Table 3 clearly demonstrates the contribution of each module or their combinations in LEAR in TRC

and we present the following analysis :

(1) “UpperBound” denotes the results in a single-domain setting, which closely approximates
LEAR’s performance upper bound in MDCL;

(2) “CB” denotes using only the collaborative backbone with a single shared expert network across

all datasets;

(3) “CBE” extends “CB” with task-specific expert network expansion and ESM expert selection.
The results demonstrate that the dynamic expert network expansion and selection (“CB”—“CBE”)

significantly enhance model performance in TRC;

(4) “SBE” denotes the configuration where “CBE’’s dual-backbone architecture is replaced with a
single backbone. The dual-backbone design yields about a 4% performance gain over the single-
backbone counterpart (“SBE”—*“CBE”);
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Table 3: The classification accuracy of LEAR and its variants in three distinct MDCL scenarios.

Methods TImg RE45 CUB ChestX ImgR ES MNIST C10 Disease C100 Avg
UpperBound 82.77 93.72 85.08 50.14 72.81 96.71 98.97 96.49 99.35 86.39 86.24
CB 8.43 22.67 3945 23.51 25.67 42.74 6095 64.50 93.45 84.87 46.62
SBE 72.58 81.94 70.12 3293 57.85 91.19 89.80 89.66 93.96 84.59 76.46
CBE 79.01 89.72 80.68 30.26 64.06 92.34 94.15 9444 97.05 86.19 80.79
CBE+MI 81.24 90.76 82.51 40.13 67.98 95.19 97.68 95.64 98.03 85.77 83.49
CBE+KL 78.77 90.36 80.22 40.21 66.52 94.67 97.01 95.27 98.40 87.02 82.85

CBE+HSIC 79.14 90.21 80.54 42.12 66.21 9326 9424 9448 9725 8541 82.29
CBE+MI+KL  81.24 90.39 82.60 44.11 68.58 96.01 98.37 96.22 98.86 86.17 84.25
CBE+MI+HSIC 82.21 90.43 83.05 44.74 68.41 95.18 95.86 96.09 9891 85.85 84.07
CBE+KL+HSIC 79.67 89.88 81.44 4247 6627 95.07 96.23 9554 9891 86.74 83.22
LEAR 80.30 92.41 83.49 44.67 69.28 96.62 98.53 95.84 99.16 86.22 84.65
LEAR w/o ESM 427 483 6849 942 376 1459 198 633 1.64 9.25 1246

Table 4: The classification accuracy (%) of LEAR and its variants in ETT and TRC.

Methods ES TImg ImgR CUB C100 MNIST RE45 ChestX C10 Disease Avg TrainParms

LEAR+FT1 80.42 90.02 82.68 37.14 65.76 9521 97.17 95.62 98.54 84.17 82.67 14.26M
LEAR+FT2 81.06 90.54 82.53 38.92 67.63 9537 98.17 9594 98.90 8541 83.45 28.43M
LEAR+FT3 80.30 92.41 83.49 44.67 69.28 96.62 98.53 95.84 99.16 86.22 84.65 42.54M
LEAR+FT4 81.65 91.76 82.87 44.89 69.94 96.18 97.63 96.43 99.14 86.80 84.73 56.80M

Methods TImg RE45 CUB ChestX ImgR ES MNIST C10 Disease C100 Avg TrainParms

LEAR+FT1 94.52 79.83 65.42 8092 82.89 97.29 90.51 4090 9537 9829 82.60 14.26M
LEAR+FT2 9490 80.94 67.05 83.21 84.67 98.16 90.63 44.31 95.78 98.82 83.85 28.43M
LEAR+FT3 95.89 81.25 69.57 84.12 8530 98.56 92.92 4545 96.60 99.30 84.90 42.54M
LEAR+FT4 96.01 81.96 69.44 83.80 86.05 98.49 92.98 47.86 96.34 99.22 8522 56.80M

(5) “CBE+MI/KL/HSIC” represents “CBE” augmented with individual components or combina-
tion of components. Each regularization component and its respective combinations yield effective

performance enhancements relative to “CBE” in TRC;

(6) “LEAR” denotes the complete framework, while “LEAR w/o ESM” represents the variant where
experts are randomly selected during both the initialization and testing phases of each task. This
configuration explains the observed significant performance degradation (“LEAR”—“LEAR w/o
ESM”).

D.4 Performance comparison of different backbone fine-tuning configurations in LEAR

The rationale for selecting the final three layers lies in the fact that high-level representation lay-
ers capture semantically enriched features, which are advantageous for a variety of downstream
applications [47]. [45] also find that deeper layers are disproportionately the source of forgetting.
Empirical evidence presented in Table 4 further substantiates that utilizing the last three trainable
layers of the global backbone yields robust performance with limited parameter growth compared

to other choices, where “FTX” denotes that we activate the final “X” layers of the ViT backbone.

In addition, we clarify that both DER++(Rresh) [58] and CLS-ER [2] were originally implemented
using a single ResNet-18 backbone without frozen parameters. To ensure fair comparison when
migrating these baselines to ViT, we adopt the consistent backbone configurations between LEAR
(keep last three layers of both backbones trainable) and these two approaches. This results in com-
parable scales of trainable parameters across all three methods. In practice, we have also conducted

comparative experiments by activating the last three layers of ViT backbones for other baselines.
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Table 5: The comparison of LEAR and baselines in ETI under identical fine-tuning settings.

Methods EuroSAT TImg ImgR CUB200 C100 MNIST RESISC45 ChestX C10 Disease Avg
DER++(Re)+FT3 51.82 36.25 232 620 23.08 65.97 40.45 27.41 82.69 97.77 43.40
CLS-ER+FT3 4576 2933 16.19 33.08 30.74 67.10 46.44 30.26 80.29 97.62 47.68
RanPAC+FT3 97.83 4449 2144 16.76 22.05 87.94 78.94 40.06 74.41 95.84 57.97
L2P+FT3 11.15 206 150 190 1497 21.12 31.94 11.72 89.01 98.32 28.37
DAP+FT3 1486 0.83 202 4.66 18.48 30.66 27.34 15.91 90.01 9891 30.37
D-Prompt+FT3 1269 0.69 030 0.69 093 1453 3.09 15.84 25.55 96.72 17.10
C-Prompt+FT3 1416 051 1.02 0.64 230 13.02 8.80 9.52 39.79 95.61 18.54
LEAR+FT3 95.89 81.25 69.57 84.12 85.30 98.56 92.92 4545 96.60 99.30 84.90
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(a) The features without HSICBCO. (b) The features with HSICBCO.

Figure 3: The comparison of backbone features between “W/O HSIC” and LEAR.

As shown in Table 5, the results indicate that merely scaling up model parameters cannot guarantee
performance gains in MDCL scenario, which necessitates the incorporation of regularization con-
straints during backbone adaptation to mitigate adverse parameter optimization caused by domain
shift.

D.5 Visualization of the HSICBCO approach.

Both the global and local backbones are initialized with identical pretrained weights. Under the
guidance of MIBPA and KLDBFA, they learn task-general and task-specific representations, re-
spectively. However, their feature representations still exhibit strong correlations. At the end phase
of the task CUB-200 in the TRC scenario, we randomly sampled 100 training images from CUB-200
and fed them into both the global and local backbones to extract features. These features were then
visualized using T-SNE dimensionality reduction, resulting in Figure 3. The proposed HSICBCO
module effectively decouples these representations, demonstrating its capability to promote distinct

and complementary feature learning.

D.6 Visualization of the ESM’s memory distributions.

The file “ETI _distributions.html” in “SupplementaryMaterial.zip” provides an interactive 3D vi-
sualization of all memory distributions generated by ESM after learning the ETI task sequence.
These distributions are projected into a 3D space using Principal Component Analysis (PCA), with

diamond marker representing the mean vector of a distribution and ellipsoidal surface encodes the
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corresponding covariance matrix. ESM computes Mahalanobis distances between stored distribu-

tions and incoming task samples to select experts for either network expansion or test-time inference.

D.7 Analysis of other distance metrics in ESM

Since the model cannot access other test samples while processing a given test sample during infer-
ence, it is unable to generate a gaussian distribution for the test samples as done at the end phase
of training. Consequently, metrics such as Maximum Mean Discrepancy (MMD) and Wasserstein
distance between the test sample distribution and memory distributions cannot be computed to select
the appropriate expert. Therefore, we consider calculate the normalized entropy for each resulting
distribution from [V trained experts when processing testing data x;, and mitigate class-imbalance

bias in entropy computation by incorporating the class number C; saved from the expert &£;’s training

C; ] t,J
. . (— S o 10gp§f”> M)

domain :

log C;

where the expert £« is chosen for the prediction and pff’j ) denotes the prediction on the j-th sample
made by the ¢-th expert. This method is capable of estimating the uncertainty of each expert with
respect to the current test sample. However, in practice, we observe that it performs well only
for experts trained on relatively easy datasets (e.g., CIFAR10, CropDiseases), while its stability
remains limited on data domains with higher classification difficulty (e.g., ChestX or ImageNet-
R). Therefore, in the MDCL scenarios, computing the Mahalanobis distance between test samples
and memory distributions is the most appropriate way to select expert for LEAR. Specifically, we
perform expert selection only during the inference of a small subset of test samples (e.g., the first 50
samples of each task), while the remaining samples are processed without further selection, thereby

reducing computational overhead.

D.8 Other clarifications

Storage at the end of the task. Following the network’s input-output pipeline, we preserve the
following components per task: (1) The last three layers of both global and local backbones, which
are saved and frozen as Frozen-Global and Frozen-Local backbones (overwrite their corresponding
components saved from the previous task); (2) Task-specific mean vectors and covariance matrices
which computed from the features extracted by the Static backbone for a random subset of training

samples.

Total parameter count. The total parameter count reaches approximately 241.7M, with the fol-
lowing detailed composition: (1) Two complete ViT backbones (Global and Local) comprise 172M
(86M*2) parameters; (2) Three backbone variants (Frozen-Global, Frozen-Local, and Static) col-
lectively contribute 63.6M (21.2M*3) parameters; (3) 10 task-specific expert networks account for
about 4.8M (0.38M*10 for 10 fc layers + 1M for all classifiers) parameters; and (4) Mean vectors

and covariance matrices for 10 tasks sum to 1.3M (0.13M* 10 for 10 mu & sigma) parameters.

11
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E Discussion of Contributions, Limitations and Societal Impacts

E.1 Contributions and Limitations

In this paper, we propose LEAR, a novel framework for Multi-Domain Continual Learning that si-
multaneously addresses stability and plasticity. Specifically, built on a collaborative backbone struc-
ture, we introduce MIBPA and KLDBFA to maintain history prediction consistency and task-specific
feature alignment during model updates, while HSICBCO ensures disentangling representations be-
tween the global and local backbone. Additionally, ESM dynamically selects relevant experts for
efficient network expansion and test evaluation. The empirical results demonstrate the effectiveness
of the proposed approach. The primary limitation of this paper is that the proposed approach would
contain a considerable number of parameters due to fine-tuning the backbones. To address this is-
sue, we will further propose a novel expert merging technology with teacher-student distillation for

effective model compression as our future work.

E.2 Societal Impacts

The proposed LEAR framework demonstrates significant societal benefits by advancing multi-
domain continual learning (MDCL) in critical areas. Its dynamic expansion mechanism and
parameter-efficient design enable rapid adaptation to novel tasks (e.g., medical diagnosis on ChestX
and CropDiseases datasets, environmental monitoring via EuroSAT and RESISC45, while maintain-
ing high accuracy across various domains. By reducing computational overhead (lowest GPU/CPU
utilization among baselines), the framework can be easily deployed on resource-constrained edge
devices, thereby lowering energy consumption. Furthermore, the method’s emphasis on stability-
plasticity trade-offs ensures robust performance in evolving real-world scenarios like autonomous
systems and personalized education, enabling the development of algorithms that actively leverage

(rather than passively adapting to) domain structures like MDCL.
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