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Collaborative Adapter Experts for
Class-Incremental Learning

Sunyuan Qiang , Xinxing Yu , Yanyan Liang , Member, IEEE, Jun Wan , Senior Member, IEEE,
and Du Zhang , Senior Member, IEEE

Abstract—Pre-trained models (PTMs) with parameter-efficient
fine-tuning (PEFT) techniques have been extensively utilized in
class-incremental learning (CIL) scenarios. However, they still
remain susceptible to performance degradation as the individual
PEFT module operates as an independent learning entity during
the incremental process. To this end, this work proposes a novel
class-incremental collaborative adapter experts (CICAE) model,
which incorporates multiple adapters operating collaboratively
to facilitate CIL. Specifically, our model primarily consists of
two phases. Initially, multiple adapters are employed to estab-
lish a multi-expert system aimed at acquiring diverse incremental
knowledge. Through the collaborative knowledge sharing (CKS)
mechanism, the expertise of each adapter expert is transferable,
promoting collaborative development and mutual advancement.
Subsequently, with the category prototype distributions, collabo-
rative classifier alignment (CCA) is proposed to further align the
classifiers with the representation space in a cooperative manner.
Extensive experiments on CIL benchmarks validate the superior
performance of our model.

Index Terms—Class-incremental learning, pre-trained models,
parameter-efficient fine-tuning, collaborative learning.

I. INTRODUCTION

R EMARKABLE successes have been achieved via deep
learning in diverse areas such as computer vision and

natural language processing. Nevertheless, in real-world sce-
narios [1], [2] with dynamic changes, learning is not a one-time
process but is instead an ongoing one. Class-incremental learn-
ing (CIL) [3], [4], [5] specifically addresses the scenario where
a model is trained to learn new classes over time while retaining
the knowledge of previously learned classes.
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However, one key issue of CIL is catastrophic forgetting
(CF) [6]. Upon training a model with newly coming classes,
it tends to overwrite the knowledge related to the old ones,
leading to a significant performance degradation on previously
learned tasks. To alleviate this issue, many methods have been
developed. Regularization methods [7], [8], [9] mitigate CF by
adding penalty terms to limit abrupt variations in parameters.
Replay methods [10], [11], [12] maintain knowledge by training
jointly with old samples or generated data. Dynamic architecture
methods [13], [14], [15], [16] allocate extra modules to adapt
the new tasks while retaining the performance of the old tasks.
Recently, a novel class of approach [17], [18], [19], [20] has sur-
faced that uses pre-trained knowledge with parameter-efficient
fine-tuning (PEFT), significantly boosting the performance of
CIL. Our proposed model also aligns with this promising di-
rection of pre-trained models (PTMs), and further introduces
collaborative multiple adapters.

Notably, despite PTMs based CIL methods benefit from the
extensive generalization of pre-training, performing individually
training within each PEFT module inevitably limits the potential
for cooperation. Recent studies [16], [21] attempted in building
multiple experts [22]. However, they are trained independently
at each task or modules are selectively activated, resulting in
insufficient knowledge sharing and limited performance. Some
others [23], [24] employ low-quality networks, or even require
task IDs and sample memory, which not only constrains model’s
performance but also limits the applications. Instead, we de-
vise a multi-expert framework with PTMs for CIL by facilitat-
ing the sharing and integration of knowledge collaboratively.
Meanwhile, our method avoids both the continual parameters
increase and the preallocation of extensive inactive parameter
spaces. The characteristics of adapter allow for the allocation
of lightweight experts without incurring a substantial parameter
overhead.

To this end, we introduce the class-incremental collaborative
adapter experts (CICAE) model, which utilizes multiple experts
to collaboratively and continuously update category knowledge
for CIL. Specifically, each expert module employs adapter PEFT
technique, which facilitates rapid adaptation to downstream
tasks while conserving parameter usage. Subsequently, collab-
orative knowledge sharing (CKS) loss function is introduced
among experts to enable collaborative progression for CIL.
Finally, collaborative classifier alignment (CCA) is proposed to
align classifiers with sampled category features collaboratively
via CCA loss function.

The main contributions of this work include:
� We propose multi-expert collaborative adapters for CIL to

concurrently learn multiple adapters.
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Fig. 1. Illustration of CICAE model. At each task, the model learns multiple
adapters and heads with frozen backbone usingLCE andLCKS in phase 1, thereby
collaboratively facilitating the acquisition of incremental task knowledge. The
CCA leverages the normal distribution Nc of features for all classes to collabo-
ratively retrain the heads using LCACE and LCCA in phase 2, thereby achieving
alignment between features and all-class categories.

� We present collaborative knowledge share (CKS), which
enables each expert model to acquire collaborative infor-
mation from others and advance together.

� We introduce collaborative classifier alignment (CCA), al-
lowing each expert classifier head to further collaboratively
align the prototype feature spaces.

II. METHOD

A. Notations

In CIL [10], at each task t, only current dataset (x, y) ∼ Dt is
available, where x and y are the sample pair from data and target
space Xt and Yt. The model is required to classify all previously
learned tasks D1:t. Note that label spaces at different tasks are
assumed to be non-overlapping, i.e., Yi ∩ Yj = ∅ for i �= j. |Yt|
denotes the number of class at task t.

B. Class-Incremental Collaborative Adapter Experts Model

The overall architecture of our method is shown in Fig. 1.
This section describes each component in detail and the entire
training process is summarized in Section II-B5.

1) Individual Adapter Tuning: Individual learning by each
expert is the pivotal foundation for synergistically progressing
towards our final multi-expert model. We employ adapter [25],
known for its stable performance in CIL [26], to fine-tune the
model and learn task-specific knowledge at each task t.

x′
� = FFN(x�) + s · ReLU (x� ·Wdown) ·Wup, (1)

where x� denotes feature at �-th attention block given an input
image x. Wdown and Wup are additional learnable parameters.
Then, margin cosine cross entropy loss is used for training
objective and enhance the clustering quality of the features.

LCE = − log
es(cos(wi,z)−m)

es(cos(wi,z)−m) +
∑|Yt|

c �=i e
s(cos(wc,z))

, (2)

where cos denotes the cosine similarity. s andm denote the scale
and margin factor, respectively. wi represents the weight of the
i-th class in the classifier Wcls head. z = Fθ,φ(x) is the output
feature from backbone model θ and adapter module φ.

2) Multiple Collaborative Adapters: To scale the learning of
an individual adapter to a multi-expert collaborative learning
process, we introduce multiple collaborative adapters module.
Formally, give backbone model θ, we developed K adapters
parameterized by {φk}Kk=1. In contrast to the expandable
adapters [16], we avoid the issue of parameters increasing as
tasks grow. Then, features and prediction logits are as follows.

{zk}Kk=1 = {Fθ,φk
(x)}Kk=1, {lk}Kk=1 = {Wclsk · zk}Kk=1.

(3)

However, owing to the inherently limited parameter count of
adapter modules designed for PEFT, the diversity of knowl-
edge within each expert is significantly constrained. Directly
increasing experts and applying ensemble show no substantial
gains in performance, as illustrated in Fig. 2(a). Instead, we
propose to assign different learning rates (LRs) to the adapters,
thereby enhancing the diversity among experts. Intuitively, this
strategy allows experts with higher LRs to efficiently absorb
new knowledge while those with lower LRs help stabilize and
retain existing knowledge, as in Table VI. The objective function
remains CE loss for each expert in (2), i.e., Lk

CE.
3) Collaborative Knowledge Share: In last subsection, each

expert is still learning in isolation. To enable cooperative learn-
ing among multiple adapter experts, collaborative knowledge
share (CKS) is proposed, allowing each expert to assimilate
additional knowledge from its counterparts. Based on the logits
in (3), the probability and CKS loss can be expressed as

pk,c =
elk,c

∑
j e

lk,j
, LCKS =

K∑

k1

K∑

k2,k2 �=k1

KL (pk1
‖pk2

) , (4)

where c denotes the target class index. lk,j denotes the j-th
logits element of k-th expert. KL denotes the Kullback Leibler
divergence, which is employed to ensure the consistency of
the probability space handled by CE loss and to extract the
latent knowledge from the logits. The knowledge of each adapter
maintains a unified foundation based on the pre-trained space,
while simultaneously exhibiting task-specific diversity. With
the proposed CKS module, this knowledge is collaboratively
integrated during the fine-tuning process, thereby facilitating
the effective performance of CIL.

4) Collaborative Classifier Alignment: We extend CA [26],
[27] into a multi-expert learning framework with collabora-
tion for all-class alignment, enabling classifiers to mutually
learn from each another and improve overall model perfor-
mance. Specifically, given class prototypes µc =

1
Nc

∑Nc

n=1 zn

and covariance Σc =
1
Nc

∑Nc

n=1(zn − µc)(zn − µc)
� derived

from the feature data z of the current task after incre-
mental training, multidimensional feature distributions NYt

=
{Nc(µc,Σc)}c∈Yt

can be formulated for each class c ∈ Yt in
current task, which are subsequently integrated with the dis-
tributions NY1:t−1

from previous tasks, thereby enabling the
extraction of all-class features ẑ to mitigate the unavailability
of old data in CIL and facilitate classifier alignment (both old
and new classes), with the training objective defined as

LCACE = − log
ecos(wi,ẑ)/τ

∑|Yt|
c=1 e

cos(wc,ẑ)/τ
. (5)

Note that LCACE is consistently utilized for each expert, i.e.,
Lk

CACE. Then, similar to (3) and (4), we foster collaborative
progression and mutual knowledge integration among different
classifiers, and the probability of k-th classifier and collaborative
classifier alignment (CCA) loss can be expressed as

p̂k,c =
ecos(wk,c,ẑk)

∑
j e

cos(wk,j ,ẑk)
,LCCA =

K∑

k1

K∑

k2,k2 �=k1

KL (p̂k1
‖p̂k2

) ,

(6)
where wk,j denotes the j-th class weight of k-th expert. ẑk are
sampled feature data from k-th expert’s normal distribution.

5) Summary: The overall framework of our model is shown
in Fig. 1, which mainly consists two phases. In the first phase,
collaborative fine-tuning of multiple experts is performed. We
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Fig. 2. Ablations results of the last accuracy ALast on ImageNet-A. (a) Same LRs ensemble and our model with different number of experts. (b) Different LRs
for each expert with 2 experts. (c) Different LRs for each expert with 3 experts. (d) Performance of single and multi. experts on collaboration.

TABLE I
PERFORMANCE COMPARISON ON IMAGENET-R, IMAGENET-A, CUB200, AND CIFAR100 DATASETS

freeze the backbone model and optimize the parameters of the
adapters {φk}Kk=1 and the classifier weights {Wclsk}Kk=1 to
minimize the loss function L1. In the second phase, with the
semantic shift [16], [26], [36] and category distributions, we
exclusively optimize the weights {Wclsk}Kk=1 for collaborative
classifier alignment using the L2.

L1 =

K∑

k=1

Lk
CE + λ1 · LCKS, L2 =

K∑

k=1

Lk
CACE + λ2 · LCCA,

(7)
where λ1 and λ2 are hyperparameters controlling the collabo-
rative knowledge sharing. During the inference, predictions are
made by directly summing the logits across multiple experts,
ŷ = argmaxc∈{1,2,...,C}

∑K
k=1 lk,c, where lk,c is the logit value

at the position of c-th class index and k-th adapter.

III. EXPERIMENTAL RESULTS

Following previous works [26], [34], [35], the experiments
are conducted on six CIL benchmark datasets, and a cross-
domain CIL dataset, i.e., ImageNet-R [37], ImageNet-A [38],
CUB200 [39], CIFAR100 [40], ObjectNet [41], OmniBench-
mark [42], and VTAB [43]. The number of experts is set to
3. Basically, the LRs for each expert are set to 1e-2, 2e-2, and
1e-3. The epoch is set to 20 and 10 in the first and the incremental
tasks. The average accuracy AAvg and the last accuracy ALast

are reported as quantitative metrics.

A. Comparisons With Prior Arts

1) Main Results: We compare our method with prior arts all
on ImageNet-21 k pre-trained ViT model for a fair evaluation.
Tables I and II show AAvg and ALast on six CIL benchmarks.

TABLE II
PERFORMANCE COMPARISON ON OBJECTNET AND

OMNIBENCHMARK DATASETS

Evidently, for metric ALast, our model exhibits state-of-the-art
performance across all datasets, regardless of whether a single
expert or an ensemble of three experts is used. Benefiting from
the shared knowledge of 3 experts, our single expert infer-
ence already reaches a competitive performance. Notably, for
ImageNet-A, we achieve a last accuracy of 65.57 and an average
accuracy of 72.43, exceeding the previous best result of 63.08
(+2.49) and 70.99 (+1.44). Moreover, the training parameters
of 3 experts remain acceptable (about 3.6 M), while offering
noticeable performance enhancements.

2) Cross-Domain CIL Results: The accuracy of each task
on the cross-domain VTAB dataset is shown in Table III. Our
model achieves the superior performance via 3 experts, with an
average accuracy of 95.02. Moreover, the average accuracy of
single expert also exceed other methods, reaching 94.76.
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TABLE III
PERFORMANCE COMPARISON ON CROSS-DOMAIN VTAB CIL DATASET

Fig. 3. Parameter analysis of λ1, λ2 on ImageNet-A and CUB200 datasets.

B. Components Analysis

1) Effect of Multi. Experts (W/o Collab. v.s. W/ Collab.): We
summarize our proposed two KL collaborative loss functions
as Collab. in figures. As in Fig. 2(a), although the multiple
experts use the same 1e-3 LR, employing the collaboration (1e
−3 w/ Collab), results in a further performance boost. Moreover,
Fig. 2(d) shows that, with different LRs, the ensemble predic-
tions from the multiple experts also demonstrate performance
gains. Compared with individually trained ensembles without
collaboration, our model facilitates knowledge sharing among
multiple experts, resulting in performance improvement.

2) Effect of Single Expert (W/o Collab. v.s. W/ Collab.): As
shown in Fig. 2(d), we also evaluate the performance gain of
individual experts. Across all three single expert models, there
is a noticeable and steady performance enhancement following
the utilization of collaboration.

3) Same LRs v.s. Different LRs and Number of Experts: As
illustrated in Fig. 2(a), employing the same LR leads to sim-
ilar performance between single and multiple experts without
collaboration. This phenomenon could potentially be attributed
to a diminished diversity due to the same LRs, alongside the
lack of knowledge transfer. Moreover, our model consistently
outperforms baselines across varying expert numbers, with sta-
ble performance improvements as adapters increase from 1 to
3, demonstrating effective leveraging of multiple adapters. At 4
adapters, performance plateaus, indicating sufficient diversity
in captured collaborative knowledge, and we directly set up
3 adapters to balance performance and parameter efficiency.
Specifically, as shown in Fig. 2(b) and (c), whether utilizing
two experts or three, an ensemble with appropriately different
LRs can typically outperforms the optimal results of ensembles
sharing the same LR (red dotted line).

4) Effect of Loss Weight: The hyper-parameters λ1 and λ2

are responsible for controlling the knowledge sharing among
adapters and classifiers experts. From the results in Fig. 3, we
determine that λ1, λ2 to 25, 400 and 100, 100 for ImageNet-
A and CUB datasets, indicating a balance between individual
model learning and knowledge transfer among experts.

5) Ablation Study of All Components: The ablation results
for each component are provided in Table IV. Our baseline
is directly constructed using 3 Adapters ensemble with default
CA [26]. We report accuracy results of both 3 single experts and

TABLE IV
ABLATIONS RESULTS OF ALL COMPONENTS ON IMAGENET-A

TABLE V
PERFORMANCE COMPARISON ON DIFFERENT EXPERTS ARCHITECTURES

TABLE VI
PERFORMANCE COMPARISON OF NEW AND OLD TASKS ON ADAPTERS

the multiple experts ensemble. The performance of components
is consistently improved, validating the effectiveness of our
proposed method. Particularly, we achieve last accuracy from
62.41 to 65.83 (+3.42) with multiple experts.

6) Expert Architecture: Table V shows the results of different
expert architectures, including incremental experts and entropy
gated MoE. The former continuously allocates modules as tasks
increases, while the latter employs entropy to gate and select
expert for prediction. It can be clearly observed that they remain
limited in performance due to insufficient knowledge sharing,
whereas our method attains superior results.

7) Adapters Preferences: Table VI reveals that adapters with
different LRs inherently induce task-specific preferences: higher
LR prioritizes plasticity, lower LR ensures stability, and minimal
LR can be considered to stabilize the pre-trained knowledge.
Their ensemble further amplifies mutual strengths, leading to
enhanced overall performance.

IV. CONCLUSION

In this study, we propose the collaborative adapter experts
(CICAE) model. Our multiple adapter-based experts model
incorporates the collaborative knowledge sharing (CKS) that
interlinks various experts, thereby enhancing mutual assistance
and fostering a collective improvement. Collaborative classifier
alignment (CCA) is further utilized to align classifier with the
features cooperatively. Experimental results on CIL benchmark
datasets validate the effectiveness of our model.

Future work: While our model demonstrates promising per-
formance, several limitations remain. First, the current experi-
ments are conducted on standard CIL benchmarks with relatively
balanced task distributions. Future work should explore more
complex CIL settings with highly imbalanced data or domain
shifts. Second, the inference overhead introduced by multiple
adapter experts may hinder deployment. Hence, developing
lightweight variants of the collaborative model is the direction
of our future efforts.
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