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Abstract. Recent advances in Continual Learning (CL) have adopted
foundation models with Low-Rank Adaptation (LoRA) or prompt tuning,
utilizing pre-trained representations to achieve more efficient and adapt-
able learning. However, these methods suffer from two key challenges.
First, they learn task-specific adapters, resulting in unbounded parameter
expansion as task sequences grow. Second, they maintain replay buffers
or store feature representations from previous tasks, which introduces
substantial memory overhead and potential privacy risks. To address these
limitations, we propose Continual Orthogonal Low-Rank Adaptation
(COLA), a novel rehearsal-free, parameter-efficient framework for CL.
COLA integrates LoRA’s low-rank adaptation with an Oja-inspired learn-
ing rule that incrementally approximates the dominant eigenstructure of
the feature covariance across tasks. This mechanism continuously tracks
the principal directions of prior task knowledge and progressively reduces
representational interference between new and previously learned task
subspaces. By dynamically adapting a shared low-rank subspace using
covariance updates, COLA achieves stable feature projection and con-
tinual knowledge integration without additional parameter expansion
or memory replay. Extensive experiments on class-incremental bench-
marks such as ImageNet-R, ImageNet-A, and CUB200 demonstrate that
COLA effectively mitigates catastrophic forgetting while maintaining
minimal memory overhead and strong generalization, outperforming ex-
isting LoRA-based and prompt-based methods. The code is available at:
https://github.com/autovisionproject/COLA.
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1 Introduction

Over the past decade, Deep Learning (DL) methods have achieved remarkable
success, replicating or surpassing human-level capabilities in various fields [14,43].
However, the dynamic, non-stationary nature of real-world data poses a signifi-
cant challenge, motivating the development of Class-Incremental Learning (CIL)
systems that can continuously adapt to the emergence of new classes [35]. A
fundamental challenge in CIL is catastrophic forgetting [24], where training the
model on newly introduced classes causes it to lose previously acquired knowl-
edge, leading to significant degradation in performance on earlier classes. This
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phenomenon is also known as the stability-plasticity dilemma [16]. Consequently,
developing effective strategies to mitigate catastrophic forgetting has become
the central focus in designing robust CIL models. The catastrophic forgetting
problem in CIL has driven researchers toward pre-trained models (PTMs) as a
potential solution [37,43], based on the assumption that representations learned
from large-scale pre-training possess sufficient generalization capacity to resist
distributional shifts across incremental tasks. This assumption finds strong empir-
ical support as PTMs trained on massive datasets with substantial computational
resources encode diverse features that demonstrably improve CIL performance
relative to random initialization. The success of PTM-based approaches has
established a new research direction centered on efficient adaptation strategies
that utilize pre-trained knowledge [41,42].

Recent approaches such as L2P [37] and DualPrompt [36] maintain dy-
namically expanding prompt pools and retrieve task-specific prompts through
similarity-based matching with test inputs. CODA-Prompt [28] and Contrastive
Prototypical Prompt [17] further enhance prompt selection through joint opti-
mization with CL objectives. While eliminating the requirement for explicit task
labels, these techniques incur inference overhead that scales with the number of
tasks. To address this limitation, HiDe-Prompt [33] adopts memory replay strate-
gies, storing substantial numbers of exemplars to support incremental prompt
learning. Similarly, InfLoRA [18] employs Low-Rank Adaptation (LoRA) [10]
for parameter efficiency while still requiring extensive sample storage during
sequential LoRA updates. SD-LoRA [38] attempts to mitigate the need for replay
by decoupling magnitude and directional learning within LoRA components;
however, it accumulates task-specific LoORA parameters across the learning se-
quence to inform subsequent task adaptation. These memory-intensive strategies
compromise scalability in practical applications, especially in resource-limited
environments or in extended CL scenarios. Table 1 characterizes four critical
properties that define an effective CL approach integrating foundation models:

1. Rehearsal-free. The approach should operate without storing exemplars
from prior tasks, so that learning remains scalable as task sequences grow.

2. Inference Efficiency. The method should maintain a minimal inference
cost regardless of the number of tasks encountered, ensuring long-term
computational efficiency and scalable deployment.

3. End-to-End Optimization. All learnable components should be jointly
optimized toward CL objectives through unified training, rather than through
decoupled or multi-stage optimization procedures.

4. Memory Efficiency. The approach should keep parameter growth and
storage overhead minimal as the number of tasks increases.

To achieve these properties, we propose the COLA framework, which integrates
low-rank adaptation with covariance-guided subspace orthogonalization. Specif-
ically, COLA incrementally estimates the dominant eigenstructure of feature
activations by updating task-wise covariance matrices (X;) and consolidating
them into a global covariance (Xgiobal), thereby preserving prior knowledge within
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Table 1: Comparison of CIL methods across four key properties: rehearsal-free learning,
inference efficiency, end-to-end optimization, and memory efficiency.

Models Year Rehearsal-free Runtime Efficiency End-to-end Optimization Memory Efficiency
L2P [57] (CVPR, 2022) % X X %
DualPrompt [36] (ECCV, 2022) v X X X
CODA-Prompt [28] (CVPR, 2023) v v X v
RanPAC [22] (NeurIPS, 2023) v v x x
HiDe-Prompt [33] (WACV, 2024) x x v x
InfLoRA [18] (CVPR, 2024) X v v X
PLAN [34] (ICCV, 2025) v v v x
CoSO [3] (NeurIPS, 2025) v v v x
SD-LoRA [38] (ICLR, 2025) v v v x
Ours (COLA) v v v v

the model’s representational statistics. These covariance-guided updates dynami-
cally project new gradient directions onto orthogonal subspaces within the shared
LoRA rank, preventing interference with previously learned tasks. By maintaining
knowledge in the evolving eigenbasis rather than through exemplar replay, COLA
achieves rehearsal-free continual learning. During inference, the model employs
consolidated low-rank adapters without task-identity-based routing, preserving
computational efficiency. All LoRA parameters and covariance statistics are
jointly optimized within a unified learning objective, achieving true end-to-end
training. Furthermore, COLA maintains constant memory overhead by sharing
a fixed-size LoRA adapter across all tasks, regardless of the number of tasks
encountered. Unlike OGD [8], GPM [26], and InfLoRA [18], which store per task
subspaces and require SVD at each task boundary, COLA maintains a single
fixed size covariance summary updated online, replacing hard orthogonality with
a soft projection mechanism. Our main contributions are summarized as follows:

1. We propose Continual Orthogonal Low-Rank Adaptation (COLA), a novel
rehearsal-free continual learning framework that integrates low-rank adapta-
tion with covariance-guided orthogonal projections, ensuring interference-free
updates and robust knowledge retention.

2. The proposed method incrementally aligns task-specific representations with
global covariance statistics, resulting in soft orthogonal subspace constraints
that preserve prior knowledge and effectively mitigate forgetting.

3. We conduct extensive experiments across multiple CL benchmarks and diverse
datasets, demonstrating the effectiveness and scalability of COLA. Empiri-
cally, COLA achieves a 4.8% (AAA) improvement on ImageNet-R (25 tasks),
maintaining a fixed parameter budget with no inference overhead.

2 Related Work

In this section, we discuss prior methods most closely related to our work, focusing
on continual learning strategies and parameter-efficient adaptation mechanisms.

2.1 Continual Learning (CL)

CL approaches can be organized into three main categories: rehearsal-based,
regularization-based, and architecture-based methods. Rehearsal-based approaches
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[19, 21, 25,40] store representative samples from previous tasks and leverage
knowledge distillation to preserve historical knowledge in the current model.
Regularization-based methods [27,29, 39] prevent forgetting by imposing con-
straints on parameter updates, thereby stabilizing learned features across tasks.
Architecture-based techniques [11, 15,31, 36] adapt to new tasks through dy-
namic network expansion or task-specific parameter allocation, enabling flexible
structural evolution. Despite their efficacy in mitigating forgetting, rehearsal-
based approaches require substantial storage capacity and pose privacy risks.
Regularization-based methods preserve parameter stability but constrain model
plasticity, hindering novel task integration. Architecture-based solutions that
augment network capacity face scalability concerns due to continuous structural
expansion. Recent work addresses these limitations through parameter-efficient
fine-tuning, which updates only a small number of parameters while leveraging
pre-trained model knowledge.

2.2 Parameter-Efficient Fine-Tuning (PEFT) in CL

Foundation models have emerged as a powerful approach for continual learning,
effectively mitigating catastrophic forgetting through their inherent ability to
generalize and transfer knowledge across tasks [18,28,33]. The integration of
PEFT techniques with foundation models has become essential, as full fine-tuning
of large-scale architectures for each incremental task remains computationally
expensive [6]. PEFT techniques mainly include low-rank adapters that insert
compact learnable modules into Transformer layers [13,32], prompt-tuning [4],
and prefix-tuning [1] that introduce learnable input representations and Low-
Rank Adaptation (LoRA) [10], which augments pre-trained weights with low-rank
parameter updates. Additionally, Vision Transformers (ViTs) with LoRA have
demonstrated strong potential for CL, attributed to their superior generalization
ability and highly transferable feature representations. L2P [37], DualPrompt
[36], and CODA-Prompt [28] combine ViTs with prompt-tuning strategies to
mitigate forgetting as new tasks arrive. Building upon this foundation, HiDe-
Prompt [33] and InfLoRA [18] achieve enhanced performance through extensive
sample rehearsal, though at the cost of increased memory overhead. Furthermore,
projection-based methods such as Orthogonal Gradient Descent [8] and Gradient
Projection Memory [26] explicitly construct orthogonal gradient subspaces and
enforce strict projection of new updates onto these subspaces; however, these
methods rely on accurate subspace estimation, making them sensitive to noise
and distribution shifts as stored bases accumulate over tasks.

More recent methods, such as CoSO [3] and VPT-NSP2 [20], also depend on
explicit subspace decomposition and task-specific parameter expansions, which
introduce instability as task complexity increases. VPT-NSP2 introduces a null-
space approximation to achieve prompt-gradient orthogonal projection, mitigating
feature distribution shift caused by LayerNorm in the transformer block, whereas
CoSO applies SVD to mitigate catastrophic forgetting by projecting gradient
updates onto sequential subspaces orthogonal to those of previous tasks. In
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Fig. 1: Illustration of parameter update mechanisms for continual learning. (a) Vanilla
LoRA performs direct low-rank adaptation without task separation. (b) Proposed
COLA integrates orthogonal projection operators derived from global and task-specific
covariance matrices with LoRA to align new task features in orthogonal subspaces.

contrast, COLA does not enforce hard orthogonality constraints or store task-
specific subspaces. Instead, it employs an Oja-inspired online update rule to
incrementally estimate principal adaptation directions, thereby ensuring stable
convergence in streaming covariance estimation. The covariance statistics act as a
soft guidance signal for adapting LoRA parameters rather than a strict projection
constraint, meaning that minor estimation bias does not directly restrict gradient
updates, improving robustness to evolving data distributions and class imbalance
while maintaining computational efficiency across longer task sequences. Despite
recent progress, existing foundation model-based CL methods fail to satisfy
all desirable properties highlighted in Table 1 simultaneously. SD-LoRA [38]
overcomes rehearsal dependency through model-merging techniques; however,
it lacks task-similarity awareness and suffers from task-proportional memory
growth due to accumulated task-specific adapters. These limitations motivate
COLA, which addresses all desired properties through fixed-capacity adaptation
with covariance-guided orthogonalization.

3 Proposed Method

This section introduces the COLA method, starting with the problem formulation
and followed by the core idea.

3.1 Problem Definition

We consider the rehearsal-free Class-Incremental Learning (CIL) setting, where
data arrive in a sequence of T tasks, denoted as D = {D,;}_,. Each task t
consists of a dataset D, = {X}, )}, where X}, = {z,; };L;l is the input set and
Vi ={yr; € Ct}}L, is the corresponding label set comprising n; samples. Here,
x; ; represents the j" input image and C; denotes the class set for task t. Class
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sets across tasks are disjoint, i.e., C; NC; = 0 for ¢ # j. At each stage ¢, the
model comprises a feature extractor f; : RP?***3 — R¢ and a classification
head g; : R? — RY, where d is the feature dimension and I, = Z;zl IC;| is the
cumulative number of learned classes. Given an input x, the model predicts:

§ = argmax(g; o f;)(x) (1)

3.2 Overview of COLA

We introduce Continual Orthogonal Low-Rank Adaptation (COLA), a rehearsal-
free framework that enables efficient, scalable, and memory-conscious adaptation
of pre-trained vision transformers in the CIL setting. COLA achieves this by
introducing three main components: (1) lightweight low-rank adaptation modules,
(2) orthogonal subspace alignment through covariance-guided projection, and (3)
continual covariance consolidation to preserve past knowledge. An overview of
the propose framework is illustrated in Fig. 1.

Low-Rank Adaptation (LoRA). Given a frozen pre-trained ViT backbone
with parameters 6y, we insert shared low-rank adapters into each attention layer
and reuse them across tasks, enabling efficient continual learning without full
fine-tuning. For layer ¢ € {1,..., L}, let W((ﬁ()v € R¥34 denote the frozen QKV
projection. We introduce learnable low-rank matrices:

A[(]i,t)’Agi,t) c Rdxr (2>
Béi’t), Bg)i’t) c Rrxd (3)

where r < d. For an input x € R?, the low-rank features are:
zgi’t) = A((Ii’t)x7 zgf’t) = Ag”t)x. (4)

Orthogonality-Aware Subspace Alignment. A key challenge in CIL is
catastrophic forgetting caused by representational interference between sequen-
tially learned tasks. To mitigate this, COLA introduces an adaptive subspace
alignment mechanism guided by covariance statistics that progressively steers
new task features toward subspaces complementary to previously learned knowl-
edge, rather than imposing strict orthogonality constraints. For each layer i, we

maintain global covariance (Eg(i())bal ) that captures shared statistics across all

past tasks, and a task covariance (Z‘t(;stg) that captures the feature statistics
of the current task, Both are initialized as Eglbal = Et(;’stlz = ¢I,, where ¢ > 0

ensures numerical stability. We then define the projection matrix:

_ @
PO =1, —q 52 PeR™ (5)
HzglobaIHF

where o > 0 is a scaling factor and I, € R™*" is the identity matrix. Although P
is not a strict projector, it acts as a soft alignment operator along the dominant
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Algorithm 1 COLA Framework

Require: Sequence of tasks D = {D;}{—;, ViT backbone f with parameters 6y, layers
L, rank r.
Require: Hyperparameters: 0, 8, A\, a, K, €.

1: Initialize: For each layer ¢ € {1,...,L}:

2:  Initialize Z’;gbah Et(;)sk + eI, and v

3: fort=1to T do

4:  for each mini-batch {x;,y;}/~, in D; do

5: for each layer i = 1 to L do

6: Compute low-rank features z\"", z{" Eq.(4)

7 Construct soft-orthogonal projection P4 Eq. (5)
8: Apply projection to obtain i, 2" Eq. (6)

9: Compute batch covariance Cbatch7 Eq. (7)
10: Update task covariance Z‘t(;:k), Eq. (8)
11: Generate adapted features 25", 25" Eq. (10) - (11)
12: Compute final QKV prOJectlons, Eq. ( 2)
13: end for
14: Compute loss £; and update {A o) B t>}l 1,7
15: if batch count mod K = 0 then
16: Consolidate global covariance for all layers using Eq. (9)
17: end if
18:  end for

19:  //Task Transition.
20 ift<T then

21: Update: Z‘global — Eg(;libal + Z‘t(;:k) for all ¢
22: Reset task covariance: Z‘t;st:l) < €I, for all ¢
23: end if

24: end for

25: Output: Model parameters {A®T), B“’T)}fil and global covariance {Zéfibal}le

eigenvectors of Z‘g(h))b&l, ensuring stability under streaming covariance updates.

Using the low-rank features from (4), the projected features are defined as:

300 = PO 50 = plit) (i) ()

Covariance-Guided Knowledge Consolidation. To incrementally update
the covariance structures while avoiding catastrophic forgetting, COLA maintains
low-dimensional covariance summaries of the adapted feature space and updates
them online. These covariance statistics capture the dominant task-specific
features, which we then use to construct soft-orthogonal projection operators
that reduce interference with previously learned tasks.

Let {z(l t)} be the batch of projected low-rank query features at layer i
for the current mlni—batch. We first compute the batch covariance:

i, (i) T
bdtCh - B Z Z ))( ( Jt) i(Zt)) (7)
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where 2\ = Z o ~f; ) is the batch mean. Eq. (7) extracts the second-order
statlstlcs of the current batch, approximating the local task covariance in the

low-rank feature space. We then update the task-specific covariance using [23]:
S B+ n(Cud, — BE05) (®)
where 77 > 0 is a learning rate and 8 > 0 is a small decay factor. Eq. (8) performs
a streaming accumulation of principal directions for the current task: repeated
application causes Zt(;flz to emphasize dominant eigenvectors of the feature
covariance (i.e., the task subspace), while the decay term prevents unbounded

growth and reduces sensitivity to noisy batches. This update follows Oja’s rule [23],

ensuring that E(aslz progressively captures the principal eigenstructure of the

task’s feature covariance. For every K batches, we consolidate task-level statistics
into the global covariance as follows:

7 i,t
2( 2(1())ba1 +A (Et(aslz Eélc))bal) (9)

global

with consolidation rate A € (0,1). The resulting global covariance matrix, which
captures the structure of previously learned subspaces, enables COLA to construct
soft projection operators that redirect new task features into subspaces orthogonal
to those of prior tasks, reducing backward interference in a manner analogous
to subspace-based continual learning methods that guide updates away from
previously occupied feature directions [8,26]. The adapted and original low-rank
features are then combined as:

i((]ii) — it(zi,t) + ,YZ((IM) (10)
29 150 1 o) )

Here, z guides the representation into directions complementary to prior subspaces,
while vz preserves task-specific information through the residual scaling factor
(7), which continuously balances the stability-plasticity trade-off. The adapted
projections are subsequently integrated into the attention gkv computation:

I
K0 | = W) x+ 0 (12)
v(@:t) Bﬂ(f’t)iff’t)

At each task ¢, the model is trained using a cross-entropy loss on current-task
samples, with the classification head spanning all previously encountered classes:

ﬁt - 77210gp Yt,j ‘ xt,meOa{A @t) B(Z t)}z 1) (13)
j=1

where only the low-rank parameters (A(”),B(i’t)) are optimized, while the
backbone parameters (fy) remain frozen and covariance statistics are updated
through gradient-free accumulation. When transitioning to a new task, COLA
consolidates the covariance (Z‘globll — Z(IObal + 30D for all i), resets task

task
statistics (Et(;stl:r D+ e for all 1), and continues training the existing low-rank

adapters on the next task.
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4 Experimental Setup

This section details the benchmark datasets, evaluation protocols, and implemen-
tation settings used to validate COLA.

Implementation Details. To ensure rigorous and fair evaluation, we utilize
a frozen ViT-B/16 [7] backbone initialized with ImageNet-21K pretraining and
ImageNet-1K fine-tuning weights. COLA integrates low-rank adaptation modules
into the query and value projections of all attention layers, with the rank fixed
to 10. For the covariance-driven projection mechanism, we set the learning
rate n to 107, the projection decay factor 3 to 0.01, the consolidation rate A
to 0.3, the consolidation frequency K to 10 batches, and the projection scale
factor « to 0.02. Following established protocols [38], we maintain consistent
hyperparameter settings across all baseline comparisons. Task-specific LoRA
parameters are trained sequentially, with orthogonal projection guidance provided
by incrementally updated covariance matrices. All experiments are conducted
using PyTorch on an NVIDIA L40S GPU. Training employs the Adam optimizer
with a learning rate of 0.008 and a batch size of 128, running for 30 epochs
on ImageNet-R and 20 epochs on other datasets. All results are reported as
mean £ standard deviation (%) over four independent runs conducted with
different random seeds to ensure statistical reliability.

Dataset. We conduct experiments on three widely used CL benchmarks:
ImageNet-R [2], ImageNet-A [9], and CUB200 [30]. ImageNet-R comprises 200
ImageNet classes [5] depicted in various artistic renderings, providing diversity
in visual styles. ImageNet-A contains 200 classes featuring naturally occurring
adversarial examples that challenge models trained on standard ImageNet data.
CUB200 offers fine-grained classification challenges with 11,788 bird images span-
ning 200 species. Following standard practice [12, 18], we partition ImageNet-R,
and ImageNet-A into 10 sequential tasks with 20 classes each, while CUB200
is similarly divided into 10 tasks of 20 species per task. Additionally, we eval-
uate ImageNet-R under 20-task (10 classes each) and 25-task (8 classes each)
configurations to assess scalability over longer sequences.

Evaluation Metrics. To assess the efficacy of our proposed methodology, we
adopt three standard and widely used CL evaluation metrics consistent with the
evaluation protocol in [18,37]. Average Accuracy (A..), Average Anytime
Accuracy (AAA), and Forgetting (F). The A.. metric quantifies the overall
performance after completing all T tasks and is defined as A.. = % 23:1 ar,,
where ar,; denotes the accuracy on the i-th task after training on the final (7-th)
task. The AAA metric captures the model’s performance throughout the learning
process by averaging the accuracy over all tasks encountered up to each stage:
AAA = ZZ;I (% 22:1 ai,j). Here, a; ; represents the accuracy on the j-th
task after training on the i-th task. Finally, the Forgetting metric quantifies
catastrophic forgetting by measuring the average accuracy drop between the best
accuracy achieved for each task during training and its final accuracy after all
tasks have been learned: F = ﬁ ZiT:_ll (max;<p ag; — ar,;).
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Table 2: Performance comparison of COLA against state-of-the-art continual learning
methods for A.. and AAA metrics on ImageNet-R across varying task lengths. All
methods use identical hyperparameters and a fixed ViT-B/16 backbone with a LoRA
rank of 10 for fair comparison. All results are reported as mean =+ standard deviation.

ImageNet-R (10 Task) ImageNet-R (20 Task) ImageNet-R (25 Task)

Method
Aco(%) AAA%)  Ace(%) AAA(%) Acc(%) AAA(%)

Full Fine-Tuning 60.57+1.3 72.314+1.23 49.9541.31 65.3240.92 40.1241.43 46.11+0.08
L2P [37] 71.26+0.65 76.13+0.86 68.97+0.57 74.16+0.16 60.11+1.09 65.1240.04
DualPrompt [36] 68.2240.30 73.814039  65.2340.45 71.3040.15 58.00-+0.66 64.32+0.76
CODA-Prompt [28] 74.05+0.41 78.144+0.39 69.38+0.34 73.954+0.76 62.9240.34 67.1140.49
HiDe-Prompt [33] 74.65+0.14 78.46+0.28 73.59+0.21 77.93+0.38 67.1140.43 70.56+0.56
RanPAC [22] 74.58+0.77 81.67+0.48 72.40+0.60 79.27+0.40 71.1711.56 741141032
InfLoRA [18] 74.75+0.65 80.67+0.56 69.89-+0.66 76.68+0.76 68.01+0.44 75.1240.16
VPT-NSP2 [20] 78.2540.56 79.4540.76 74.68+0.82 79.85+0.61 67.1240.34 75.31+0.46
PLAN [34] 75.2510.56 80.4140.33 73.25410.42 78.4140.26 71.4340.54 75.2310.45
CoSO [3] 76.5240.87 83.1240.76 72.5240.34 79.67+0.65 67.3540.45 77.2440.43
SD-LoRA [38] 77.04+0.51 82.55+1.50 74.96-+0.40 80.02+0.69 70.78+0.43 T4.7T14+0.54
COLA (Ours) 77.56 +0.35 83.4010.38 76.1210.44 82.2710.28 76.01t0.38 82.11i0.47

o ImageNet-A (T=10) ImageNet-R (T=10) CUB200 (T=10)
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g5 oy g o0
5 70 5 5 85
3 2 3
< 651 < 837 < 80
351 3 3
© 554 © 781 o 1
o o @ 704
ES Z 731 E

454 65

40 68 : 60

12 3 4 56 7 8 910 12 3 456 7 8 910 12 3 4 56 7 8 910

-o- L2P -o- DualPrompt CODA-Prompt -o- HiDe-Prompt -8~ InfLORA -o- PLAN -e- SDLoRA -e- COSO -o- COLA (ours)

Fig. 2: Comparison of average accuracy (%) across methods during sequential training
on (a) ImageNet-A, (b) ImageNet-R, and (¢) CUB200 datasets with ViT-B/16 backbone.

5 Model Comparison

We evaluate COLA against existing CL methods built upon Vision Transformer
architectures. The baseline methods include prompt-based techniques such as
L2P [37], DualPrompt [36], CODA-Prompt [28], and HiDe-Prompt [33], and
parameter-efficient low-rank adaptation approaches including InfLoRA [18],
PLAN [34], SD-LoRA [38] and CoSO [3]|. To maintain experimental consistency,
we adopt ViT-B/16 as the shared backbone architecture across all competing
methods. Tables 2 and 3 present performance across three benchmark datasets
with different characteristics: ImageNet-A with adversarial distribution shifts,
ImageNet-R with artistic domain variations, and CUB200 with fine-grained
visual discrimination. On ImageNet-A and CUB200, COLA achieves A.. of
59.20% and 74.51% respectively after 10 tasks, outperforming SD-LoRA. Fur-
thermore, on ImageNet-R, COLA maintains an average anytime accuracy of
82.11% over a 25-task sequence compared to SD-LoRA’s 74.71%, and achieves
a 4.87% improvement over CoSO, demonstrating its strong resistance to catas-
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Table 3: Performance comparison on ImageNet-A and CUB200 benchmarks. Results
(%) are reported as mean =+ standard deviation over four independent runs.

ImageNet-A (10 Task) CUB200 (10 Task)
Method

Ace AAA A AAA
L2P [37] 4294212 51402105 65181546 76.122120
DualPrompt [36] 45.4940.90 54.68+1.29 68.00+1.20 79.40+0.96
CODA-Prompt [28]  45.3610.78 57.06+0.96 71.9240.45 78.7610.77
HiDe-Prompt [33] 42.7040.67 56.32+0.48 69.1241.14 77.46+1.01
InfLoRA [18] 49.2041.12 60.92+0.76 70.8240.44 81.39+0.16
PLAN [34] 54.1240.15 61.4540.76 67.1440.54 76.264+1.17
CoSO [3] 56.43+0.16 65.54+1.20 72.23+0.87 81.62+1.67
SD-LoRA [38] 57.7610.51 66.5611.50 72.9010.79 82.07+1.12
COLA (Ours) 59.2040.87 67.4610.58 74.51i0.88 84.38i0.97

Table 4: Comparison of computational cost and memory footprint across methods,
reporting GFLOPs per forward pass, learnable parameters, and stored features.

Method GFLOPs | Learnable Params (M) | Stored Features (M) |
L2P [37] 70.14 048 0.00
DualPrompt [36] 70.26 0.06 0.00
CODA-Prompt [28] 70.61 0.38 0.00
HiDe-Prompt [33] 70.36 0.08 0.15
InfLoRA [18] 35.12 0.37 0.10
CoS0 [3] 35.12 7.00 0.00
SD-LoRA [38] 35.12 0.37 0.00
COLA (Ours) 32.22 0.37 0.00

trophic forgetting across longer task sequences. Although CoSO and SD-LoRA
remain the strongest baselines, both show fundamental limitations that become
increasingly pronounced over longer task sequences. CoSO prevents forgetting
by constraining gradient updates to sequentially derived SVD subspaces; how-
ever, this approach introduces task interference and performance degradation
as the number of tasks grows. SD-LoRA, on the other hand, incrementally adds
decoupled low-rank components with separate magnitude and direction learning,
resulting in a high computational cost and memory demand that compound
with each additional task. In contrast, COLA maintains a compact low-rank
adapter that is continuously refined through covariance-guided updates, without
expensive decompositions or expanding LoRA components, thereby reducing
memory overhead and improving scalability across longer task sequences. In
addition to outperforming LoRA-based methods, COLA also surpasses prompt-
based methods such as DualPrompt, which achieves 68.22% A.. on ImageNet-R
compared to COLA’s 77.56%, demonstrating that discrete prompt selection fails
to capture continuous feature distributions across diverse tasks.

Fig. 2 illustrates the evolution of accuracy across 10 sequential tasks. COLA
consistently achieves the highest initial task accuracy across all datasets, attain-
ing 81.21% on ImageNet-A, 91.47% on ImageNet-R, and 97.02% on CUB200,
outperforming the closest state-of-the-art methods, SD-LoRA and InfLoRA.
More critically, COLA exhibits the most gradual performance degradation as
new tasks are introduced. On ImageNet-R, COLA maintains 77.56% accuracy
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Fig. 3: Ablation study on the soft orthogonal projection matrix P in COLA across
ImageNet-A, ImageNet-R, and CUB200 over 10 tasks, demonstrating consistent im-
provements in A.. and AAA metrics when P is incorporated.

Table 5: Ablation study on attention projection selection comparing Q/V and K/V
LoRA placements across three benchmark datasets at task sequences T=10 and T=20.

ImageNet-R (%) ImageNet-A (%) CUB200 (%)
Ace AAA Ace AAA Ace  AAA

Task Projections

10 K/V 77.13 83.09 57.86 65.99 74.04 8242
10 Q/V 77.56 83.40 59.20 67.46 7451  84.38
20 K/V 75.96 81.95 51.33 60.64 68.17  77.08
20 Q/V 76.12 82.27 52.17 61.47 69.18  77.73

after 10 tasks compared to SD-LoRA’s 77.04%, demonstrating its resistance to
catastrophic forgetting. Notably, COLA’s accuracy curve shows fewer fluctuations
and smoother degradation patterns compared to existing methods, indicating
more stable optimization dynamics.

Computational Efficiency and Memory Footprint. Table 4 presents
the computational efficiency and memory footprint of COLA compared to recent
continual learning methods. COLA achieves a forward-pass cost of 32.22 GFLOPs,
substantially lower than LoRA-based methods such as InfLoRA and SD-LoRA
(35.12 GFLOPs) and prompt-based methods such as L2P and HiDe-Prompt (70
GFLOPs). Despite its reduced computational cost, COLA maintains a competitive
learnable parameter count of 0.37M, comparable to InfLoRA and lower than
L2P (0.48M), while requiring no stored features, unlike methods such as HiDe-
Prompt. Together, the lower GFLOPs, minimal parameter overhead, and minimal
additional memory storage demonstrate that COLA is a significantly more efficient
and scalable solution for continual learning.

6 Ablation Study

To assess the contribution of each component in COLA, we conduct a series of
ablation studies. Fig. 3 empirically validates the critical role of soft orthogonal
projection in COLA by comparing the full framework against LoRA-only adap-
tation. The results demonstrate consistent performance gains attributed to the
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Table 6: Sensitivity analysis of COLA with respect to the residual scaling factor ()
initialization values. The model attains peak accuracy at v = 0.20, highlighting the
importance of balanced covariance guidance. Results are reported as the mean over four
independent runs.

ImageNet-A (%) ImageNet-R (%) CUB200 (%)

Ace AAA Ace AAA Ace AAA
0.08  56.5542.15 65.95+0.65 76.87+0.24 81.4440.27 73.75+0.86 82.10+0.57
0.10 57.93+1.35 66.0640.78 76.9840.44 82.1240.32 74.0240.84 83.10+0.07
0.20  59.2040.87 67.4610.58 77.56+0.35 83.404+0.38 74.514i0.88 84.38410.97
0.40 58.4511.87 65.43+0.55 77.0440.52 82.1040.26 74.1040.81 83.03+0.95
0.60 55.43+1.34 62.8840.68 73.2340.54 78.87+0.08 69.4541.08 80.1241.02

projection matrix, with an increment of 2.6% on ImageNet-A, 2.7% on ImageNet-
R, and 3.2% on CUB200 across A.. metrics. These results show that standard
LoRA remains vulnerable to task interference as new adaptations implicitly
overwrite feature subspaces occupied by previous tasks. The covariance-guided
projection mechanism addresses this limitation by enforcing geometric indepen-
dence between task-specific representations, projecting new task features into
subspaces orthogonal to the consolidated global covariance structure that encodes
prior knowledge. The consistency of these improvements across diverse domains
validates that soft orthogonal alignment addresses a fundamental challenge in
continual learning rather than being dataset-specific, effectively balancing plas-
ticity for new information with stability for retained knowledge. The ablation
results show that low-rank adaptation alone is insufficient to prevent catastrophic
forgetting, underscoring that the integration of covariance-guided orthogonal
projection with LoRA is the primary driver of COLA’s superior CL performance.
We further validate the choice of attention projection placement by comparing
Q/V and K/V configurations in Table 5 across 10 and 20 task sequences on
ImageNet-R, ImageNet-A, and CUB200 datasets. We empirically find that Q/V
projections consistently outperform K/V projections across all benchmarks and
metrics, confirming that applying LoRA to the query and value projections yields
more effective feature adaptation for continual learning. Table 6 examines the
influence of the residual scaling parameter -y, which balances stability and plastic-
ity within COLA’s adaptation mechanism by controlling the relative contribution
between orthogonally projected features and original low-rank representations.
Based on robust testing, the 0.20 value achieves the best performance, attaining
67.46% AAA on ImageNet-A and 84.38% on CUB200. At lower values, the
model overemphasizes orthogonal projection at the expense of task-specific fea-
ture expressiveness, reducing the average accuracy while maintaining reasonable
AAA scores. Conversely, excessively high values (v = 0.60) substantially degrade
performance across all metrics, with ImageNet-R dropping AAA to 78.87%, as
the model prioritizes unconstrained low-rank features over orthogonal guidance,
leading to increased task interference and catastrophic forgetting.
Architectural Generalizability. Table 7 demonstrates COLA’s architec-
tural generalizability across diverse Vision Transformer backbones, validating its
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Table 7: Architectural scalability evaluation of COLA using different backbones across
three benchmarks to assess generalization across varying model capacities. Results
report Ace (%), AAA (%), forgetting rate (F%), inference time, and peak GPU
memory consumption with a batch size of 64 over 10 tasks.

Dataset Model Type A.. AAA F Inference (ms) Memory (GB)
ViT-B/16 59.20 67.46 11.83 11.36 10.77
ImageNet-A [9] DeiT-B/16 ~ 29.66 37.72 13.62 11.37 10.77
DeiT-S/16 13.12 20.76 11.38 10.08 5.28
ViT-B/16 77.56 83.40 9.02 11.37 10.77
ImageNet-R [2] DeiT-B/16 ~ 71.92 76.70 7.57 11.37 10.77
DeiT-S/16 53.92 62.93 13.62 10.08 5.28
ViT-B/16 74.51 84.38 11.96 11.37 10.77
CUB200 [30] DeiT-B/16 65.22 73.76 14.44 11.38 10.77
DeiT-S/16 50.98 61.53 16.62 10.07 5.28

scalability to different model capacities. COLA maintains strong performance with
ViT-B/16, achieving 59.20% A.. on ImageNet-A, 77.56% on ImageNet-R, and
74.51% on CUB200, with a consistent computational footprint of 11.36-11.37ms
inference time and 10.77GB peak memory consumption. COLA demonstrates
counsistent scalability across alternative architectures, with DeiT-B/16 achieving
competitive performance at comparable computational overhead. Notably, COLA
remains effective even with the lightweight DeiT-S/16, delivering 53.92% on
ImageNet-R and 50.98% on CUB200 while requiring only 5.28GB memory and
10.08ms inference time. The performance gap between DeiT-S/16 and ViT-B/16
is attributed to DeiT-S/16’s smaller model capacity and embedding dimension
relative to ViT-B/16, which constrains its ability to capture complex feature
distributions in challenging CL scenarios. Despite these capacity constraints,
COLA maintains reasonable forgetting rates of 9.02% on ImageNet-R and 11.96%
on CUB200 with ViT-B/16, demonstrating that the covariance-guided orthog-
onal projection mechanism effectively mitigates catastrophic forgetting across
architectural scales. These results collectively confirm that COLA maintains effi-
cient and reliable CL performance even under varying computational constraints.
Additional ablation studies on model scalability and hyperparameter sensitivity
are provided in the supplementary document.

7 Conclusion

In this work, we introduced COLA, a rehearsal-free continual learning framework
that integrates low-rank adaptation with covariance-guided orthogonal subspace
alignment. Unlike prior methods, COLA incrementally identifies and stabilizes
orthogonal representational subspaces, ensuring that new knowledge is integrated
without interfering with previously learned tasks. By dynamically consolidating
task-specific information into a shared low-rank representation, COLA empiri-
cally mitigates catastrophic forgetting and maintains stable adaptation without
increasing the parameter count or memory overhead. As a result, COLA outper-
forms existing prompt and LoRA-based methods across diverse class-incremental
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benchmarks, attaining a 4.8% (AAA) improvement on task sequences of up to
25 tasks. Furthermore, COLA is evaluated across diverse datasets and multiple
backbone architectures to validate its generalizability, demonstrating consistent
performance across varying experimental settings. These results confirm that
COLA not only preserves past knowledge but also scales robustly to long task
sequences.

In future work, we aim to extend COLA to vision-language models such
as CLIP and evaluate it on challenging real-world streams with Gaussian task
patterns, assessing its adaptability and scalability in dynamic settings.
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