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Abstract

Continual learning (CL) in vision-language models (VLMs)
faces significant challenges in improving task adaptation and
avoiding catastrophic forgetting. Existing methods usually
have heavy inference burden or rely on external knowledge,
while Low-Rank Adaptation (LoRA) has shown potential in
reducing these issues by enabling parameter-efficient tuning.
However, considering directly using LoRA to alleviate the
catastrophic forgetting problem is non-trivial, we introduce
a novel framework that restructures a single LoRA module
as a decomposable Rank-1 Expert Pool. Our method learns
to dynamically compose a sparse, task-specific update by se-
lecting from this expert pool, guided by the semantics of the
[CLS] token. In addition, we propose an Activation-Guided
Orthogonal (AGO) loss that orthogonalizes critical parts of
LoRA weights across tasks. This sparse composition and or-
thogonalization enable fewer parameter updates, resulting in
domain-aware learning while minimizing inter-task interfer-
ence and maintaining downstream task performance. Exten-
sive experiments across multiple settings demonstrate state-
of-the-art results in all metrics, surpassing zero-shot upper
bounds in generalization. Notably, it reduces trainable param-
eters by 96.7% compared to the baseline method, eliminating
reliance on external datasets or task-ID discriminators. The
merged LoRAs retain less weights and incur no inference la-
tency, making our method computationally lightweight.

Code — https://github.com/Fazhan-cs/DAC

Introduction
Vision-Language Models (VLMs) are vital for real-world
multi-domain tasks as they possess the ability to address
the challenging problem of aligning visual and language
modalities (Parelli et al. 2023; Antol et al. 2015; Hong et al.
2024). In real-world scenarios, continual learning (CL) in
VLMs is imperative due to the dynamic and evolving na-
ture of real-world data, and systems need to adapt continu-
ously to new information (Zheng et al. 2023; Jha, Gong, and
Yao 2024). Leveraging pre-trained VLM like CLIP (Radford
et al. 2021), recent CL advancements enhance downstream
task performance via continual fine-tuning (Jha, Gong, and

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Advantages of our method over previous works:
(a) ZSCL and GIFT introduce large external datasets or syn-
thetic images from generative models for model regulariza-
tion. (b) MoE-a and RAIL introduce additional components
and utilize prior knowledge during testing. Our method uses
NO external data knowledge and introduces NO additional
burden. Meanwhile, it has fewer training parameters and
lower GPU cost, with Transfer, a metric to measure the gen-
eralization ability of VLMs, exceeding the upper bound of
the original CLIP zero-shot performance.

Yao 2024; Thengane et al. 2022; Lee, Zhong, and Wang
2023). In this paper, we center on multi-domain continual
learning of VLMs, aiming to boost downstream tasks and
maintain the transfer ability of pre-trained CLIP models.
Many works have explored the learning and forgetting prob-
lems of VLMs (Wu et al. 2025a; Yu et al. 2024; Xu et al.
2024). Previous works, as depicted in Figure 1, have tangi-
ble limitations in the training and inference stages of con-
tinual learning: (a) Training burden: Works such as ZSCL
(Zheng et al. 2023) and GIFT (Wu et al. 2025a) heavily rely
on external data sources. ZSCL uses over 100K images in
large-scale datasets like ImageNet (Deng et al. 2009) for
model regularization, while GIFT utilizes Stable Diffusion
(Rombach et al. 2021) to generate synthetic images for over
10 hours for data replay. (b) Inference burden: Methods
like MoE-a (Yu et al. 2024) and RAIL (Xu et al. 2024) in-
troduce additional complexity during inference. They add
adapters to the pre-trained model, and the size of these addi-
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tional components increases linearly with task numbers, i.e.,
11 tasks here, bringing a great inference overhead. More-
over, they obtain prior knowledge such as task-id through
discriminators during inference, which is difficult to obtain
under real-world scenarios.

Moreover, some previous works have attempted to use
LoRA to address continual learning problems (Wei, Li, and
Marculescu 2024; Wang et al. 2023; Yang et al. 2024a), of-
ten by isolating training stage updates into multiple separate
low-rank matrices. However, directly relying on LoRA to
alleviate catastrophic forgetting is non-trivial. As previous
studies have shown (Jiang et al. 2025; Gekhman et al. 2024),
LoRA still suffers from redundant parameter updates despite
its low-rank characteristics. While many LoRA-based stud-
ies have focused on static rank pruning to reduce this re-
dundancy (Jiang et al. 2025; Zhang et al. 2023a; Valipour
et al. 2022; Ding et al. 2023; Meng, Wang, and Zhang 2024),
such approaches are not suitable for dynamic data injection
and changing task domains in continual learning. To address
this, we introduce a dynamic learning approach. We innova-
tively restructure a single LoRA module as a decomposable
Rank-1 Expert Pool. The key insight behind our method is
the equivalence that a single LoRA with rank r is equiv-
alent to using r LoRAs with rank 1. This decomposition
allows us to solve the parameter redundancy problem from
a new perspective: instead of updating the entire low-rank
matrix, we can dynamically compose a sparse, task-specific
update by selecting only the most relevant experts from the
pool. This process makes the parameter updates more tar-
geted and efficient, significantly reducing unnecessary in-
terference and leading to better performance. Our frame-
work exploits this efficient update mechanism while retain-
ing the core advantages of LoRA. The training process re-
mains highly parameter-efficient, and after each task, the
composed sparse LoRA weights are merged back into the
original model. This ensures our method introduces no ex-
tra components or latency during inference, creating a truly
lightweight and effective solution for continual learning.
To implement the dynamic selection, we then employ the
semantic-rich [CLS] token (Liang et al. 2022; Wang et al.
2024) to guide a lightweight router, enabling the selection of
appropriate experts to adapt to different task domains.

In addition, considering that the orthogonality of param-
eter update directions is helpful for isolating task optimiza-
tion objectives (Wang et al. 2023; Yang et al. 2024a; Feng
et al. 2025), we innovatively propose an Activation-Guided
Orthogonal (AGO) loss. Our approach uses the expert acti-
vation frequency recorded during our dynamic composition
process. When updating for each task, we leverage this pre-
recorded information to calculate the orthogonal loss with
all previous trained LoRAs. Unlike previous works that use
additional components to determine domain information,
our orthogonal strategy isolates domains in the parameter
space, considering that LoRA parameters are not merely nu-
merical adjustments but encapsulate crucial model update
directions (Wang et al. 2023). Therefore, by directly zero-
ing the weights of low-activation-frequency experts, the task
can focus on being orthogonal to the crucial parts of previ-
ous tasks, without causing excessive interference to the cur-

rent task. This can avoid the problem of parameter collision
(Yang et al. 2024a) to a certain extent.

In general, the contributions of our work are as follows:
• We systematically analyze the training and inference bur-

dens in prior VLM continual learning works and design
an efficient framework to address them.

• We propose a novel method that restructures a single
LoRA module as a decomposable Rank-1 Expert Pool,
allowing for the dynamic composition of sparse, task-
specific subspaces and reducing critical burden.

• We design a synergistic Activation-Guided Orthogonal
(AGO) loss that leverages expert activation frequencies
to reduce inter-task interference precisely.

In diverse experimental settings, despite reducing training
parameters by 96.7% compared to the baseline (570.76 MB
vs. 18.99 MB), our method achieves state-of-the-art (SOTA)
results across all metrics, with the transfer metric even ex-
ceeding CLIP’s zero-shot performance by 0.9%.

Related Works
Existing continual learning methods primarily focus on
solving Class Incremental Learning (CIL) or Task Incre-
mental Learning (TIL) based on the domain changes of data
(Rebuffi et al. 2017; Agarwal et al. 2022; Wortsman et al.
2022; Ding et al. 2022). Traditional continual learning meth-
ods encompass replay-based methods (Rebuffi et al. 2017;
Lavda et al. 2018), distillation-based methods (Ding et al.
2022; Li and Hoiem 2017), regularization-based methods
(Wortsman et al. 2022; Aljundi et al. 2018), and architecture-
based methods (Li et al. 2019; Douillard et al. 2022). Here
we focus on the setting of Multi-Task Incremental Learning
(MTIL) (Zheng et al. 2023; Yu et al. 2024), which enables
VLMs to sequentially learn in different domains while re-
taining the pre-trained generalization ability for previously
seen tasks. Recent works have focused on the continual fine-
tuning of pre-trained VLMs: ZSCL (Zheng et al. 2023) adds
a regularization term to the cross-entropy loss function to
penalize changes in model parameters or feature space and
regularize the parameter space using a large-scale reference
dataset. MoE-a (Yu et al. 2024) cooperates the pre-trained
CLIP with a Mixture of Experts (MoE) adapters and uses
the reference dataset to discriminate task-ID, enabling the
model to distinguish between unseen and seen tasks. More-
over, RAIL (Xu et al. 2024) uses the principle of ridge re-
gression to add an additional high-dimensional classification
adapter to CLIP and consolidates the learned knowledge us-
ing task IDs. GIFT (Wu et al. 2025a) uses a pre-trained dif-
fusion model to generate replay images for the text inputs of
past tasks to enhance memory.

These methods either introduce additional model compo-
nents and datasets or require a large amount of prior knowl-
edge for inference, which brings great training and infer-
ence burden. However, with the rapid development of LoRA
in the era of pre-trained models (Meng, Wang, and Zhang
2024; Mao et al. 2024; Zhang et al. 2023b; Yang et al.
2024b; Ren et al. 2024), we leverage its principles in contin-
ual learning scenarios. Considering that LoRA can fine-tune
VLM in a low-rank characteristic and merge the weights
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Figure 2: The overall framework of our proposed method. LoRA is configured for all linear layers of the CLIP text and image
encoder transformers, with the original parameters frozen. Each LoRA module is treated as a Rank-1 Expert Pool. For each
input, the [CLS] token is extracted to guide a router that composes a sparse update by selecting critical experts from this pool.
During training, an Activation-Guided Orthogonal loss is calculated between the current LoRA and those from past tasks.
After training, the composed LoRA weights are merged back into the original model for zero-overhead inference.

back into the original weights when training is completed,
our method introduces no additional burdens during training
and testing, making it more lightweight and more suitable
for practical task scenarios. Furthermore, our method dif-
fers from previous work that treats multiple parallel LoRAs
as individual experts in a Mixture of Experts (MoE) frame-
work (Liu et al. 2024; Gao et al. 2024; Dou et al. 2023).
Rather than adding more LoRA modules and increasing pa-
rameter counts, our approach restructures a single LoRA as a
decomposable Rank-1 Expert Pool. We then use the seman-
tics of the [CLS] token to dynamically compose sparse,
task-specific subspaces from this internal expert pool. This
provides a more fine-grained and parameter-efficient mech-
anism for continual learning.

Remarks. To sum up, while existing continual learning
methods for VLMs are limited by their training and infer-
ence burdens, our work offers a significantly more efficient
approach, by restructuring a single LoRA module as a de-
composable Rank-1 Expert Pool that are dynamically com-
posed for each task. This avoids the parameter and compu-
tational overhead caused by combining multiple, separate
LoRA modules, offering a truly lightweight solution.

Method
Problem Definition
Following the standard setup for Vision-Language Models
(VLMs) like CLIP (Radford et al. 2021), our model consists
of an image encoder fθ and a text encoder gψ implemented
as transformers. Classification is performed by calculating

the cosine similarity between the image embeddings zV =
fθ(x) and text embeddings zT = gψ(t). During inference,
the probability of classifying the image x into class yi ∈
{1, . . . , C} is calculated as p(yi|x) =

exp(sim(zV ,zT
i ))∑C

c=1 exp(sim(zV ,zT
c ))

,
where sim(·) represents a cosine similarity metric.

In this work, we first evaluate our method on the multi-
domain task-incremental learning (MTIL) scenario, a classic
benchmark for multi-task and multi-domain continual learn-
ing (Zheng et al. 2023; Yu et al. 2024). In this setting, the
model learns sequentially from a series of 11 tasks. For each
task t, the dataset is represented as Dt = {(xti, yti)}N

t

i=1,
where xti ∈ RH×W×C is the input image, yti ∈ Ct is its
corresponding class label, and N t is the number of samples
in task t, respectively. The class set Ct = {ytj}M

t

j=1 consists
of the class names in task t, with a total of M t classes. Addi-
tionally, to demonstrate the robustness and generalization of
our approach, we adopt another cross-domain task-agnostic
incremental learning (X-TAIL) setting (Xu et al. 2024). This
benchmark is particularly challenging because it introduces
task-agnostic settings during training, making it suitable for
evaluating model generalization under realistic conditions.

Overview Framework
The core design of our framework is to achieve efficient
continual learning by intelligently managing parameter up-
dates within a single module, thereby avoiding common de-
pendencies on external data or inference overhead. To this
end, we restructure a single LoRA module as a decompos-
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able Rank-1 Expert Pool. Guided by the semantics of the
[CLS] token, our method learns to dynamically compose
a sparse, task-specific update by selecting from this expert
pool. To complement this sparse composition, we introduce
an Activation-Guided Orthogonal (AGO) loss that mini-
mizes parameter collision (Yang et al. 2024a) by isolating
critical updates in the existing parameter space, ensuring ef-
ficient learning without complex architectural burdens.

The overall framework of our method is shown in Fig-
ure 2. We freeze the original weights of CLIP and add
LoRA layers to all linear layers in the multi-head attention
and MLP blocks of the Image and Text encoders. After the
training for each task is completed, the composed sparsi-
fied LoRA weights are merged back into the original CLIP
weights to ensure no additional inference burden is intro-
duced. This process is repeated for each subsequent task,
and for each task, only the LoRA weights and frequency in-
formation need to be saved. Except for the first task, which
has no “Past LoRA” currently, the AGO loss is applied in
subsequent training to isolate the parameter optimization di-
rection between the current and previous tasks’ LoRAs, en-
hancing the model’s adaptability to new tasks without being
overly affected by previous parameter updates.

Dynamic Composition from a Rank-1 Expert Pool
Many previous works fine-tuning with LoRA have intro-
duced static metrics for sparsity and pruning (Meng, Wang,
and Zhang 2024; Zhang et al. 2023b). For example, DoRA
(Mao et al. 2024) uses the Frobenius norm to measure rank
importance. However, we argue that such static analyses are
ill-suited for the dynamic nature of continual learning. As
shown in Figure 3, the static importance of a rank does not
reliably predict its contribution to performance in a dynamic
setting. This finding motivates our dynamic approach: in-
stead of treating LoRA as a monolithic block to be pruned,
we view it as a pool of fine-grained, rank-1 experts that can
be dynamically composed based on different task demands.

Our approach begins by decomposing a rank-r LoRA ma-
trix ∆W . Following (Hu et al. 2022), ∆W = BA, where
B ∈ Rd×r and A ∈ Rr×d. This can be expressed as the sum
of r rank-1 matrices:

∆W = [b1b2 · · ·br]


a⊤1
a⊤2
...
a⊤r

=
r∑
i=1

bia
⊤
i , (1)

where ∆W(1,i) = bia
⊤
i is a rank-1 matrix formed by vec-

tors bi ∈ Rd×1 and a⊤i ∈ R1×d. We treat this set of r rank-1
matrices, {∆W(1,i)}ri=1, as our Rank-1 Expert Pool.

To dynamically compose an update from this pool, we
employ a lightweight router guided by the input’s seman-
tics. Inspired by the special role of the [CLS] token in
capturing global information in Transformers (Liang et al.
2022; Wang et al. 2024), we use this feature representa-
tion ϕ(x) as the router’s input. The router, a linear layer
Wrouter ∈ Rr×dCLS , produces expert selection scores sn =
Wrouterϕ(xn) for each input xn. The output is then a com-

Figure 3: Comparison of the Average metric between setting
no rank to zero and setting either one rank (a) or two adja-
cent ranks (b) to zero during the merging process. The rank
is sorted in ascending order of Frobenius-norm: The contri-
butions of each rank increase from left to right in sequence.
The figure indicates that a higher contribution does not nec-
essarily lead to performance improvement and shows ranks
with low contribution may also play a crucial role in the task.

position of the original weights and the selected experts:

y = σ

(
W0(x) +

r∑
i=1

πi(Wrouterϕ(x))bia
⊤
i x

)
, (2)

where W0 is the original weight matrix and σ is an activa-
tion function. The term Wrouterϕ(x) calculates scores that
determine the contribution of the i-th expert, bia⊤i . These
scores are also used for the subsequent sparsification of
LoRA. Finally, πi is a gating function that leverages these
scores to determine the selection of the i-th expert. Dur-
ing training, we apply a two-stage composition to select the
most relevant R experts for the current batch. First, for each
sample, we identify the top-R experts based on its scores,
denoted by the index set Sn = Top(sn, R). Second, we ag-
gregate these selections across the batch to obtain an expert
vote count v, and select the overall top-R experts for acti-
vation based on v in current batch, resulting in the final set
Sbatch = Top(v, R). This ensures that only the most critical
experts for the current data distribution are updated. We also
maintain an activation frequency memory, Cl, and for each
sample xn, Cl(i) = Cl(i)+1 if i ∈ Sn. This dynamic selec-
tion mechanism allows the model to form sparse subspaces
for different datasets, as discussed in ablation studies.

Activation-Guided Orthogonal (AGO) Loss
Previous work suggests that LoRA parameters encapsulate
crucial model update directions (Wang et al. 2023; Yang
et al. 2024a). Therefore, learning in a subspace orthogonal to
those of previous tasks can alleviate catastrophic forgetting.
A standard approach is to enforce orthogonality between the
LoRA matrix Bt of the current task t and the concatenated
matrix of all past tasks, Bpast = Concat(B1, · · · ,Bt−1).
We formalize the orthogonality constraint as follows:

Lorth =
1

mn

m∑
i=1

n∑
j=1

∣∣∣ (bipast)⊤ bjt

∣∣∣, (3)

where we define Bpast = [b1
past,b

2
past, · · · ,bmpast] and

Bt = [b1
t ,b

2
t , · · · ,bnt ], and m and n are the number of col-

umn vectors (basis vectors) in Bpast and Bt, respectively.
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However, this naive orthogonality suffers from two key
issues. First, it can lead to “parameter collision” (Yang et al.
2024a), where parameters still interfere with each other de-
spite the overall subspace orthogonality. Second, applying a
strong orthogonal loss can compromise the optimization of
the primary classification task, harming final performance.

To resolve this, we propose an Activation-Guided Or-
thogonal (AGO) loss that synergizes with our Rank-1 Ex-
pert Pool. Instead of enforcing orthogonality on the entire
dense LoRA subspace, our approach uses the expert activa-
tion frequencies Cl recorded during previous compositions.
We identify the set of the top-R most critical experts from
past tasks, denoted as Sfreq = Top(Cl, R). We then con-
struct a sparse LoRA matrix, ∆WAGO, where only these
critical experts are retained for the loss calculation:

∆WAGO =
∑

i∈Sfreq

bia
⊤
i +

∑
i/∈Sfreq

0. (4)

This means that ranks deemed unimportant for the cur-
rent task, based on historical activation, are temporarily dis-
carded here. By applying Lorth only to these sparse, task-
critical subspaces, we can effectively reduce parameter col-
lision and isolate optimization directions without overly im-
pacting the learning of the downstream classification task.

Training and Inference
Our training objective combines a standard supervised clas-
sification loss, Lsup (using the alignment loss from CLIP),
with our proposed AGO loss, Lorth, described in previous
subsection. The final loss is:

L = Lsup + λLorth, (5)

where the hyper-parameter λ balances the two terms.
Upon completion of training for each task, the learned

LoRA weights are merged back into the main model’s origi-
nal weights, resulting in zero additional inference overhead.
The decomposition and composition of the expert pool al-
lows for flexible merging strategies at inference time. By
default, to strike a balance between performance on the new
task and retention of past knowledge, we merge only the top-
R / 2 experts as determined by their activation frequency.
However, in scenarios where task-id is known (Yu et al.
2024), our method can adaptively merge a more complete set
of experts specific to that task, offering flexibility for practi-
cal situations. We provide a detailed analysis of our method’s
computational advantages in Computation Cost section.

Experiments
Experimental Setting
In this part, we detail the experimental setup employed to
evaluate our proposed method. Our experiments mainly fo-
cus on classic and challenging learning scenarios for CLIP.

Datasets In the Multi-domain Task Incremental Learn-
ing (MTIL) setting and the Task-Agnostic Incremental
Learning (X-TAIL) setting, we utilize a total of 11 datasets:
Aircraft (Maji et al. 2013), Caltech101 (Fei-Fei, Fergus, and
Perona 2004), CIFAR 100 (Krizhevsky, Hinton et al. 2009),

DTD (Cimpoi et al. 2014), EuroSAT (Helber et al. 2019),
Flowers (Nilsback and Zisserman 2008), Food (Bossard,
Guillaumin, and Van Gool 2014), MNIST (Deng 2012), Ox-
fordPet (Parkhi et al. 2012), StanfordCars (Krause et al.
2013), and SUN397 (Xiao et al. 2010). Each dataset is
treated as an individual task for continual learning. Specif-
ically, we adopt a 5-shot split for both MTIL and X-TAIL
(Yu et al. 2024; Xu et al. 2024).

Metrics Following previous works (Zheng et al. 2023),
we use three standard metrics: “Transfer” (generalization
to unseen data), “Average” (overall performance across all
tasks), and “Last” (knowledge retention from past tasks).

Implementation Details We follow the overall setups
in (Zheng et al. 2023; Yu et al. 2024), using a CLIP ViT-B/16
backbone with our technique applied to all linear layers. Key
hyperparameters are: LoRA rank set to 12, with 8 ranks re-
tained after sparsification and the top 4 experts merged after
training. The orthogonal loss weight λ is 0.1. We train for
500 iterations per task using the AdamW optimizer with a
batch size of 32 and a learning rate of 2e-3. All experiments
were conducted on RTX A6000 GPUs.

Comparisons with State-Of-The-Arts
We compare our method with traditional continual learning
baselines (LWF-VR (Ding et al. 2022), WISE-FT (Worts-
man et al. 2022)) and recent VLM-specific methods (ZSCL
(Zheng et al. 2023), MoE-a (Yu et al. 2024), RAIL (Xu et al.
2024), GIFT (Wu et al. 2025a)).

As presented in Table 1, here 65.3% is the CLIP’s av-
erage across all 11 tasks. It can be seen that our method
achieves the best performance regardless of whether task-
id prior knowledge is available or not. Specifically, when
task-id is not given, our method outperforms the previous
state-of-the-art (SOTA) methods by 3.2%, 3.7%, 6.0% in the
Transfer, Average, Last metric, indicating that the method
not only improves the performance of downstream tasks, but
also better preserves the ability of pre-trained weights. It is
worth noting that here our method even does not introduce
any additional external large-scale datasets or synthetic data
replay. Moreover, when task-id is given, our method still has
an edge over previous methods, with improvements of 0.9%,
1.6%, and 2.0% respectively in the corresponding metrics.
Notably, our method exceeds the zero-shot upper bound per-
formance of CLIP in the Transfer metric, and consistently
shows a steady improvement over all datasets during contin-
ual learning, which demonstrates the excellent generaliza-
tion ability of our method.

Computation Cost
As shown in Table 2, our framework is remarkably com-
putationally efficient. Compared to full fine-tuning base-
lines (Zheng et al. 2023; Wu et al. 2025a; Yu et al. 2024),
our approach reduces trainable parameters by 96.7% and
peak GPU memory consumption by 66.7%. Moreover, Our
method’s training/inference speeds are 1.84/2.98 it/s, com-
pared to MoE-a’s 0.78/1.04 it/s for our method’s adapter-
free style, introducing zero inference overhead. Crucially,
these efficiency gains are achieved without requiring any
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Zero-shot

T
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5-shot Full Fine-tune 30.6 93.5 76.8 65.1 91.7 92.9 83.3 96.6 84.9 65.4 71.3 77.5

Transfer
Continual-FT

T
IF

- 72.8 53.0 36.4 35.4 43.3 68.4 47.4 72.6 30.0 52.7 51.2
LwF-VR [Arxiv’22] - 82.2 62.5 40.1 40.1 56.3 80.0 60.9 77.6 40.5 60.8 60.1
WiSE-FT [CVPR’22] - 77.6 60.0 41.3 39.4 53.0 76.6 58.1 75.5 37.3 58.2 57.7
ZSCL [ICCV’23] - 84.0 68.1 44.8 46.8 63.6 84.9 61.4 81.4 55.5 62.2 65.3
GIFT [CVPR’25] - 88.6 65.0 45.9 49.8 64.1 84.9 61.7 88.5 55.5 67.5 67.1
Ours - 88.3 68.8 45.4 58.6 71.3 87.7 61.0 90.0 64.1 67.4 70.3 (+3.2)

MoE-a [CVPR’24]

T
IK - 87.9 68.2 44.1 48.1 64.7 88.8 69.0 89.1 64.5 65.1 68.9

RAIL [NeurIPS’24] - 88.4 68.2 44.6 54.9 71.0 88.5 59.6 89.0 64.7 65.2 69.4
Ours - 88.3 68.8 45.4 58.6 71.3 87.7 61.0 90.0 64.1 67.4 70.3 (+0.9)

Average
Continual-FT
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IF

28.1 86.4 59.1 52.8 55.8 62.0 70.2 64.7 75.5 35.0 54.0 58.5
LwF-VR [Arxiv’22] 24.9 89.1 64.2 53.4 54.3 70.8 79.2 66.5 79.2 44.1 61.6 62.5
WiSE-FT [CVPR’22] 32.0 87.7 61.0 55.8 68.1 69.3 76.8 71.5 77.6 42.0 59.3 63.7
ZSCL [ICCV’23] 28.2 88.6 66.5 53.5 56.3 73.4 83.1 56.4 82.4 57.5 62.9 64.4
GIFT [CVPR’25] 29.2 90.4 65.7 57.6 69.9 78.0 84.8 73.0 88.2 57.8 67.9 69.3
Ours 33.4 91.4 74.5 59.6 77.8 80.0 88.0 73.4 90.9 65.4 67.9 73.0 (+3.7)

MoE-a [CVPR’24]
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IK 30.0 89.6 73.9 58.7 69.3 79.3 88.1 76.5 89.1 65.3 65.8 71.4

RAIL [NeurIPS’24] 32.9 94.5 69.9 58.1 71.8 84.4 88.5 70.4 89.0 66.1 65.7 71.9
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LwF-VR [Arxiv’22] 22.9 89.8 59.3 57.1 57.6 79.2 78.3 77.7 83.6 60.1 69.8 66.9
WiSE-FT [CVPR’22] 30.8 88.9 59.6 60.3 80.9 81.7 77.1 94.9 83.2 62.8 70.0 71.9
ZSCL [ICCV’23] 26.8 88.5 63.7 55.7 60.2 82.1 82.6 58.6 85.9 66.7 70.4 67.4
GIFT [CVPR’25] 27.9 89.8 46.0 62.0 71.9 87.8 83.4 93.0 86.1 67.6 71.8 71.6
Ours 31.1 93.0 75.0 64.1 87.4 85.4 88.5 95.1 93.5 71.2 72.8 77.9 (+6.0)

MoE-a [CVPR’24]

T
IK 30.1 89.3 74.9 64.0 82.3 89.4 87.1 89.0 89.1 69.5 72.5 76.1

RAIL [NeurIPS’24] 32.9 95.1 70.3 63.2 81.5 95.6 88.5 89.7 89.0 72.5 71.0 77.2
Ours 36.5 90.9 77.9 65.3 90.1 88.4 88.4 95.2 93.7 71.4 72.8 79.2 (+2.0)

Table 1: Comparisons with state-of-the-art methods on few-shot MTIL Order 1 benchmark in terms of “Transfer”, “Average”,
and “Last” scores (%). TIK means Task-Id Known, and TIF means Task-Id Free. We label the best method with bold style.

Method Training
Param. (MB)

Extra Data &
Components

GPU Mem
Cost (MB)

ZSCL 570.76 (-0) IN 28454 (-0)
MoE-a 194.78 (-65.5%) AN & TN 14040 (-50.7%)
GIFT 570.76 (-0) SD 22990 (-19.2%)
Ours 18.99 (-96.7%) - 9490 (-66.7%)

Table 2: Computational Cost Comparison (IN: ImageNet1K,
AN: AlexNet, TN: TinyImageNet, SD: Stable Diffusion) .

extra datasets or additional components (data replay tech-
niques (Zheng et al. 2023) or additional adapters (Xu et al.
2024)), which have been commonly used in these previous
works, showing our method’s practicality for realistic con-
tinual learning scenarios.

Discussion
Analysis of Method Components
We ablate the effects of our method’s key components in Ta-
ble 3. Both the dynamic composition from our Rank-1 Ex-
pert Pool and the Activation-Guided Orthogonal (AGO)
loss individually contribute positively to performance when
compared to baselines. Specifically, the dynamic composi-
tion of rank-1 experts prevents redundant weight updates,
enhancing transfer ability and improving overall classifica-
tion performance. The AGO loss, in turn, focuses the model
on critical parameter updates, boosting downstream task ac-
curacy. When the two are combined, they achieve the best
results, demonstrating a synergistic effect.

Notably, all metrics in this section are presented as (%),
and all ablation studies are conducted on the same experi-
mental setting as Table 1, unless otherwise stated.
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Method Trans. ∆ Avg. ∆ Last ∆

Baselines
Zero-shot 69.4 0.0 65.3 0.0 65.3 0.0
ZSCL 65.3 -4.1 64.4 -0.9 67.4 +2.1
SD-LoRA 67.4 -2.0 70.1 +4.8 74.2 +8.9
LoRAMoE 68.0 -1.4 69.9 +4.6 70.3 +5.0

Ablation
Vanilla LoRA 65.0 -4.4 68.5 +3.2 73.8 +8.5
+ Expert Pool 69.7 +0.3 72.4 +7.1 77.1 +11.8
+ AGO loss 65.3 -4.1 69.2 +3.9 74.5 +9.2
+Ours 70.3 +0.9 73.0 +7.7 77.9 +12.6

Table 3: Ablation study on method components, conducted
on MTIL setting Order 1. Underline means improvement.

Figure 4: Visualization of the activation frequencies of
LoRA under different tasks. The darker the color, the
higher frequency. “▲” means disregarded experts. This fig-
ure shows frequency of the first LoRA layer in image en-
coder, indicating that the composed part of each task is ex-
actly the experts with relatively higher activation.

Discussion on LoRA-based CL method
We also present other LoRA-based continual learning meth-
ods in Table 3: SD-LoRA (Wu et al. 2025b) and LoRAMoE
(Dou et al. 2023), which are primarily designed to address
simple static incremental problems. As shown, their perfor-
mance is suboptimal when facing fine-grained dynamic do-
main discrepancies, where our approach performs better.

Analysis of Expert Composition
To verify that our framework selects domain-specific experts
from the expert pool, we visualize the expert activation fre-
quencies in Figure 4. The heatmaps show distinct activation
patterns across different datasets (columns), confirming that
the [CLS] token effectively guides the router to compose
domain-aware subspaces.

We also study the impact of which experts are chosen for
the final merged LoRA in Table 4. The results clearly indi-
cate that merging the experts with the highest activation fre-
quency (“Top”) yields the best performance. Conversely, us-
ing low-frequency experts (“Down”) critically degrades per-
formance. Interestingly, a highly sparse composition (Top-2)
further improves the Transfer metric, likely due to extreme
fewer parameter updates enhancing generalization. Our de-
fault setting (Top-4) is chosen to strike an optimal balance

Strategy Trans. ∆ Avg. ∆ Last ∆

Great Experts
Top-2 (2 E) 70.5 +0.2 71.5 -1.5 75.3 -2.6
Top-4 (Ours) 70.3 0.0 73.0 0.0 77.9 0.0
Top-8 (8 E) 67.2 -3.1 69.6 -3.4 73.7 -4.2

Good Experts
Mid-4 (4 E) 70.3 0.0 72.8 -0.2 77.4 -0.5

Bad Experts
Down-4 (4 E) 68.4 -1.9 64.0 -9.0 62.9 -15.0
Down-8 (8 E) 68.3 -2.0 70.2 -2.8 72.4 -5.5

Table 4: Ablation study on rank composing selection, in-
volving expert number and frequency selection, 2 E means
selecting 2 experts for sparsification.

Figure 5: (a) Parameter collision rate comparison: Our
method has fewer parameter collisions than vanilla orthog-
onal LoRA and non-orthogonal LoRA. (b) λ hyperparam-
eter exploration: Our method is robust to λ, outperforming
vanilla orthogonal LoRA in all metrics.

between downstream performance and generalization.

Analysis of Activation-Guided Orthogonal Loss
We analyze the advantage of AGO loss by measuring the pa-
rameter collision rate, where a higher Lorth value implies
more collisions. As shown in Figure 5(a), our activation-
guided approach maintains a lower collision rate than both
a non-orthogonal baseline and a vanilla (dense) orthogonal
loss, effectively isolating task-specific updates. Figure 5(b)
explores the impact of the loss weight, λ, which defines
the proportion of our AGO loss. The figure shows that as
the proportion of the orthogonal loss increases, downstream
task performance is affected while the generalization ability
(Transfer) rises. The results also show our method is robust
to the choice of λ, with λ = 0.1 providing the best balance.

Conclusion
In this paper, we introduced an efficient continual learning
framework by restructuring a single LoRA module into a de-
composable Rank-1 Expert Pool. Guided by a lightweight,
semantics-aware router, our method dynamically composes
sparse, task-specific subspaces from this pool. These com-
posed subspaces are further decoupled by a synergistic
Activation-Guided Orthogonal (AGO) loss. Extensive ex-
periments demonstrate that our approach achieves state-
of-the-art results across various continual learning settings
while eliminating additional inference costs.

20991



Acknowledgments
This work is supported by NSFC Project (62222604,
62192783, 624B2063, 62506162, 62476136), Jiangsu Sci-
ence and Technology Project (BK20251241, BK20250142).

References
Agarwal, A.; Banerjee, B.; Cuzzolin, F.; and Chaudhuri, S.
2022. Semantics-driven generative replay for few-shot class
incremental learning. In Proceedings of the 30th ACM inter-
national conference on multimedia, 5246–5254.
Aljundi, R.; Babiloni, F.; Elhoseiny, M.; Rohrbach, M.; and
Tuytelaars, T. 2018. Memory aware synapses: Learning
what (not) to forget. In Proceedings of the European confer-
ence on computer vision (ECCV), 139–154.
Antol, S.; Agrawal, A.; Lu, J.; Mitchell, M.; Batra, D.; Zit-
nick, C. L.; and Parikh, D. 2015. Vqa: Visual question an-
swering. In Proceedings of the IEEE international confer-
ence on computer vision, 2425–2433.
Bossard, L.; Guillaumin, M.; and Van Gool, L. 2014.
Food-101–mining discriminative components with random
forests. In Computer vision–ECCV 2014: 13th European
conference, zurich, Switzerland, September 6-12, 2014, pro-
ceedings, part VI 13, 446–461. Springer.
Cimpoi, M.; Maji, S.; Kokkinos, I.; Mohamed, S.; and
Vedaldi, A. 2014. Describing textures in the wild. In Pro-
ceedings of the IEEE conference on computer vision and
pattern recognition, 3606–3613.
Deng, J.; Dong, W.; Socher, R.; Li, L.-J.; Li, K.; and Fei-
Fei, L. 2009. Imagenet: A large-scale hierarchical image
database. In 2009 IEEE conference on computer vision and
pattern recognition, 248–255. Ieee.
Deng, L. 2012. The mnist database of handwritten digit im-
ages for machine learning research [best of the web]. IEEE
signal processing magazine, 29(6): 141–142.
Ding, N.; Lv, X.; Wang, Q.; Chen, Y.; Zhou, B.; Liu, Z.; and
Sun, M. 2023. Sparse low-rank adaptation of pre-trained
language models. arXiv preprint arXiv:2311.11696.
Ding, Y.; Liu, L.; Tian, C.; Yang, J.; and Ding, H. 2022.
Don’t stop learning: Towards continual learning for the clip
model. arXiv preprint arXiv:2207.09248.
Dou, S.; Zhou, E.; Liu, Y.; Gao, S.; Zhao, J.; Shen, W.; Zhou,
Y.; Xi, Z.; Wang, X.; Fan, X.; et al. 2023. LoRAMoE: Alle-
viate world knowledge forgetting in large language models
via MoE-style plugin. arXiv preprint arXiv:2312.09979.
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