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Abstract

In the era of foundation models, we revisit continual learn-
ing (CL), which aims to enable vision transformers (ViTs)
to learn new tasks over time. However, as the scale of
these models increases, catastrophic forgetting remains a
persistent challenge, particularly in the presence of signif-
icant domain shifts across tasks. Recent studies highlight
a crossover between CL techniques and parameter-efficient
fine-tuning (PEFT), which focuses on fine-tuning only a
small set of trainable parameters to adapt to downstream
tasks, such as low-rank adaptation (LoRA). While LoRA
achieves faster convergence and requires fewer trainable
parameters, it has seldom been explored in the context of
continual learning. To address this gap, we propose a novel
PEFT-CL method called Dual Low-Rank Adaptation (Dual-
LoRA), which introduces both an orthogonal LoRA adapter
and a residual LoRA adapter parallel to pre-trained weights
in each layer. These components are orchestrated by a dy-
namic memory mechanism to strike a balance between sta-
bility and plasticity. The orthogonal LoRA adapter’s pa-
rameters are updated in an orthogonal subspace of previous
tasks to mitigate catastrophic forgetting, while the resid-
ual LoRA adapter’s parameters are updated in the residual
subspace spanned by task-specific bases without interac-
tion across tasks, offering complementary capabilities for
fine-tuning new tasks. On ViT-based models, we demon-
strate that DualLoRA offers significant advantages in accu-
racy, inference speed, and memory efficiency over existing
CL methods across multiple benchmarks.

1. Introduction
Continual learning (CL) [25], which involves training a
model on a sequence of tasks, often faces the challenge of
catastrophic forgetting—a significant degradation in perfor-
mance on previous learned tasks when learning new ones.

Figure 1. PEFT-CL schemes dominate the ImageNet-R dataset.

This problem persists in the context of continuously training
of vision foundation models, despite their renowned gener-
alization capabilities and robustness. The existing replay-
based CL schemes [1, 2, 31] typically mitigate forgetting
by storing a subset of data from previous tasks as exem-
plars, but this approach can be challenging in practice due
to data retention policies. On another note, architecture-
based CL schemes [15, 19, 20] allocate isolated parameters
for each task associated with a task identifier during train-
ing for preventing interference across tasks. Nevertheless,
vision foundation models risk losing their pre-trained ca-
pabilities if their architecture is modified for fine-tuning on
downstream tasks, as the pre-trained weights are learned in
the predetermined architecture. Additionally, these meth-
ods often assume that task identity is known during infer-
ence, which is unrealistic in real-world scenarios.

Recently, parameter-efficient fine-tuning (PEFT) tech-
niques [8, 14] have attracted significant attention due to
their capacity to adapt foundation models to downstream
tasks by updating or adding only a small number of param-
eters. Furthermore, PEFT methods have demonstrated no-
table robustness in mitigating catastrophic forgetting when
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applied to sequential task fine-tuning. In particular, prompt-
tuning [24, 27–29] and low-rank adaptation (LoRA) [17,
30] are two widely-used PEFT approaches that have shown
remarkable success in the context of continual learning, sig-
nificantly outperforming conventional CL schemes across
established benchmarks (Fig. 1). As illustrated in Fig. 2.a,
prompt-tuning methods mainly focus on learning a prompt
pool that enables matching an image with a set of prompt
vectors and aligning features of the image along with the
patch tokens. However, the aforementioned prompt-based
CL methods require using the original pre-trained encoder
as the query function. This results in the image tokens being
processed through the network twice, leading to significant
computational overhead and increased inference latency.

In contrast, LoRA methods require fewer trainable pa-
rameters to achieve comparable performance on domain-
specific tasks and enable faster inference speeds compared
to prompt-tuning. Nevertheless, the vanilla LoRA [8] strug-
gles to preserve satisfactory performance in continual learn-
ing settings due to significant interference across different
tasks. Inspired by the idea of gradient projection [5, 23],
InfLoRA [17] take the first step to mitigate such interfer-
ence by initializing LoRA adapter parameters for new tasks
within a subspace orthogonal to the gradient subspace de-
rived from previously learned tasks. However, InfLoRA
involves twice pass through the encoder for each sample
in a task: the first pass extracts the gradient subspace for
LoRA initialization (as depicted in Fig. 2.b), and the second
pass updates the parameters, resulting in substantial compu-
tational overhead.

To this end, we propose a novel continual learning
method, dual low-rank adaptation (DualLoRA), which in-
corporates an orthogonal adapter and a residual adapter
in each layer of pre-trained vision transformers (ViTs).
Specifically, the orthogonal adapter O is exclusively up-
dated in directions orthogonal to features extracted from
previously learned tasks, while the residual adapter R is
updated in task-specific subspace spanned by the resid-
ual bases extracted by the last learn task. This design
aims to enhance stability, i.e. robustness to forgetting on
old tasks, with orthogonal adapters while increasing plas-
ticity, i.e. the ability to adapt to new tasks continuously,
with residual adapters, thereby striking a balance between
both objectives.Unlike InfLoRA, DualLoRA efficiently ex-
tracts core bases of the feature subspace from previously
learned tasks and projects the updates of O and R using
matrices constructed from these extracted bases. Moreover,
these bases can be employed to compute task relevance
during inference, enabling the residual adapter’s outputs
to be adjusted based on task relevance to mitigate compo-
nents that could degrade test performance. This mechanism,
which dynamically modulates the parameters of the resid-
ual adapter according to input test samples during inference,

is referred to as dynamic memory (DM), as illustrated in
Fig. 2.c. The task relevance obtained from test samples
not only refines the feature embeddings but also enhances
task identity prediction, which has shown significant ben-
efits in continual learning within this work. Extensive ex-
perimental results demonstrate that DualLoRA outperforms
existing PEFT methods across various continual learning
benchmarks, without incurring significant additional com-
putational or memory overhead. The main contributions of
this paper are summarized as follows:
• We introduce a novel low-rank adaptation paradigm for

fine-tuning ViTs in continual learning settings. This
paradigm efficiently extracts feature subspaces from pre-
viously learned tasks using singular value decomposition
and mitigates catastrophic forgetting by reducing task in-
terference through gradient projection.

• To address the challenge of limited update space due to
gradient projection, we design a dual LoRA structure con-
sisting of an orthogonal adapter and a residual adapter.
This design integrates the proposed dynamic memory
mechanism, effectively balancing stability and plasticity
in continual learning.

• To further improve the performance of DualLoRA, we
develop a simple and efficient method for inferring task
identities of test samples during inference, leveraging the
extracted feature subspaces. Extensive experimental re-
sults demonstrate the superior performance of DualLoRA
compared to state-of-the-art baselines.

2. Background and Related Work

2.1. Gradient Projection in Continual Learning

Gradient projection is widely employed in continual learn-
ing to mitigate catastrophic forgetting by updating param-
eters in directions that minimize interference with previ-
ously learned tasks. OGD [5] firstly implements gradient
descent in the orthogonal direction to stored gradient di-
rections computed in the previous tasks. In contrast, the
concurrent work GPM [23] extracts core bases of the task
representations from randomly selected training data via
singular value decomposition (SVD). A subsequent study,
TRGP [18], introduces the concept of a trust region, al-
lowing partial reuse of selected bases from previous tasks.
FSDGPM [3] further evaluates the importance of bases in
GPM by assessing the sharpness of the loss landscape, as-
signing weights to the bases in the projection matrix accord-
ing to their relative importance. Due to the computational
expense of determining loss landscape sharpness, SGP [22]
offers an alternative by using accumulated singular values
as an importance indicator to scale the projection matrix in
GPM. Additionally, several studies [11, 16, 26, 32] have ex-
plored relaxing the orthogonality constraints and optimiz-
ing the relaxation factor to enhance performance. However,
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(c) DualLoRA

Figure 2. Comparison of the proposed (c) DualLoRA paradigm with (a) prompt-based schemes (L2P [29], DualPrompt [28], CodaPrompt
[24]) and (b) InfLoRA [17]. Both prompt-based methods and InfLoRA require to forward each sample in the training dataset twice.

these approaches are primarily developed for simpler mod-
els such as CNNs and face significant challenges when ap-
plied to advanced architectures like ViTs. For instance, the
high dimensionality of feature embeddings in ViTs leads to
substantial computational overhead when performing SVD.
This motivates us to explore more efficient methods for ex-
tracting core bases from feature subspaces in ViTs.

2.2. Parameter-Efficient Fine-Tuning in CL
Parameter-efficient fine-tuning (PEFT) methods enable
adapting pre-trained models to downstream tasks by fine-
tuning only a small number of trainable parameters. Among
these, prompt-tuning [14] has demonstrated strong robust-
ness in learning sequential tasks and has achieved remark-
able success in continual learning benchmarks, significantly
outperforming traditional continual learning schemes. The
pioneering work L2P [29] addresses continual learning
challenges by introducing a prompt pool that matches top-k
relevant queries, serving as supplementary input to facilitate
feature alignment in the pre-trained model. The follow-up
study, DualPrompt [28] takes a step further by employing
task-invariant G-Prompts and task-specific E-Prompts to
capture both shared and task-specific knowledge across dif-
ferent tasks. S-Prompt [27] independently learns prompts
across domains, using K-means clustering on features of
training data and a K-NN algorithm to match test data with
domain-specific prompts. CodaPrompt [24] shifts the focus
from fixed instance-specific prompts to a set of prompt com-
ponents, selecting a weighted combination of these compo-
nents for each instance based on attention scores.

Despite the remarkable success of prompt-tuning meth-
ods in continual learning, these approaches require both
training and testing data to be passed through the query
function (typically the original pre-trained model) for fea-
ture extraction before fine-tuning and inference, resulting in
longer fine-tuning and inference times. Recently, PGP [21]
has adapted the gradient projection approach from GPM to
prompt-tuning, aiming to mitigate forgetting by applying
orthogonal projection to the gradients of the prompt pool,
though it inherits the limitations of prompt-tuning. Simi-
larly, InfLoRA [17] marks the first attempt to apply gradi-
ent projection in low-rank adaptation for ViT models [4],
storing gradient directions from learned tasks during fine-
tuning. However, InfLoRA introduces significant compu-
tational overhead due to performing singular value decom-
position (SVD) on the high-dimensional gradient subspace,
which is computationally more expensive than the original
LoRA. Moreover, the core bases derived from the gradient
subspace cannot be utilized to infer task identities during
inference, as gradients are not available at that stage. This
challenge motivates us to explore the use of gradient pro-
jection based on the core bases in the feature subspace, en-
abling the modulation of dynamic memory during inference
for improving average test performance.

3. Preliminary
3.1. Continual Learning Problem Setting
Given a pre-trained model with backbone parameters W0,
we aim to fine-tune the model by adding adapters Al in the



l-th layer of the model and the classifier F to fit a sequence
of domain data Dt = {xi,yi}|Dt|

i=1 , where xi denotes data
samples and yi ∈ Yt denotes corresponding labels in the
t-th task. In the challenging class-incremental setting, there
is no intersection between the label sets from two different
tasks as Yt1 ∩ Yt2 = ∅ for all t1 ̸= t2. When learning a
new task, access to the old task data becomes unavailable
due to storage constraints. The objective function in con-
tinual learning is to minimize the empirical risk of the uni-
fied adapters A1:L integrated in L layers of the pre-trained
model that performs inference on the sequence of data from
T various tasks as follow:

min
{Al}L

l=1,F

1

T

T∑
t=1

Ltask(W0,A1:L,F ,Dt), (1)

where W0 is the frozen backbone parameters of the pre-
trained model; Ltask(·) is the loss function depending on the
specific task. The classifier F consists of an expanding set
of fully-connected layers ft : Rd −→ RCt , where d is the
dimension of embedding and Ct is the number of classes in
the t-th task. Given no task identities during inference, all
the learned ft(·) are used to predict categories of input data.

3.2. Multi-Head Attention Block
Vision transformer (ViT) models [4] break down images
into n patches and flatten these patches into patch embed-
dings with dimension d. The encoder of a ViT consists of a
sequence of multi-head attention (MHA) blocks containing
key, query and value weights Wq,Wk and Wv for map-
ping input activation signals a(l) into Q(l), K(l) and V(l)

and obtaining the output signals h(l) by computing

h(l) = softmax

(
Q(l)

(
K(l)

)T
√
d

)
·V(l), (2)

where Q(l) := a(l)Wq , K(l) := a(l)Wk and V(l) :=
a(l)Wv . The output signals h(l) undergo normalization and
are then forwarded to the next MHA block until h(L) is di-
rected to the classifier.

3.3. Low-Rank Adaptation
Low-rank adaptation (LoRA) [8] is a parameter-efficient
fine-tuning method that enables reducing memory con-
sumption by assigning learnable rank decomposition ma-
trices A ∈ Rr×d and B ∈ Rd×r parallel to the frozen pre-
trained weights W0 ∈ Rd×d into each layer of the model
as follow,

W := W0 +BA, (3)

where W denotes model weights after fine-tuning, and
r ≪ d. In this paper, we follow the strategy in [6], and
only implement LoRA fine-tuning on Wk

0 and Wv
0 while

keeping Wq
0 frozen during the whole procedure.

4. Methodology: Dual Low-Rank Adaptation
As gradients are projected onto subspaces orthogonal to
the feature subspaces of previously learned tasks, the space
available for model updates becomes increasingly con-
strained. To address this, several studies [3, 18, 32] have
relaxed the strict orthogonality constraints to expand the
optimization subspace for new tasks, accounting for the
stability-plasticity trade-off. Building on these insights,
we propose a novel low-rank adaptation framework, Du-
alLoRA, which comprises an orthogonal adapter O :=
AoBo ∈ Rd×d and a residual adapter R := ArBr ∈
Rd×d, updated in the orthogonal and residual directions, re-
spectively, as depicted in Fig. 2.c. In the subsequent sec-
tions, we will detail the process of updating both adapters
and describe how dynamic memory is integrated during
model inference.

4.1. Orthogonal Adapter
The concept of using orthogonal gradient projection to mit-
igate forgetting originated from GPM [23], which involves
flattening feature maps extracted by convolutional kernels
into vectors and performing singular value decomposition
(SVD) on these vectors to obtain core feature bases. How-
ever, vectorizing the patch embedding of a ViT with dimen-
sions (n, d) necessitates extensive computation in SVD,
particularly when dealing with high-resolution inputs. n vi-
sion transformers, feature embeddings are often redundant
for classification tasks, as only the first embedding (com-
monly referred to as the class token) is passed to the classi-
fier for prediction.

To this end, we propose an efficient method for extract-
ing the core bases of the class-token subspace without per-
forming SVD on the entire high-dimensional embedding
space. Specifically, given the pre-trained weights Wq

0, Wk
0 ,

and Wv
0 , the fine-tuned key and value weights Wk

t+1 and
Wv

t+1 for the (t+ 1)-th task can be derived as follows:

Wi
t+1 = Wi

0+

t+1∑
τ=1

∆Oi
τ = Wi

t+∆Oi
t+1, ∀i ∈ {k, v},

(4)
where ∆Oi

τ is the update of the orthogonal adapter com-
puted from the τ -th task. According to (2), when we fine-
tune the parameters on the (t + 1)-th task, the change of
output signal h(l) given the same data can be found as

∆h(l) = Γ ·
Q(l)

(
a(l)∆Ok

t+1

)T
√
d

·V(l)

+ softmax

(
Q(l)

(
K(l)

)T
√
d

)
· a(l)︸ ︷︷ ︸

S(l)

∆Ov
t+1,

(5)

where Γ is a diagonal matrix (the derivation is deferred to



Appendix 1). To preserve the value of class-token in h(L)

output by the last layer, we must guarantee ∆h
(l)
1 = 0 for

each layer so the class-token of the same test sample from
old tasks can be preserved after fine-tuning on the new task.
Since Q(l) is unchanged with the frozen weight Wq

0, we
need to project

(
∆Ok

t+1

)T
into the subspace orthogonal to

the core bases of k(l) := Q
(l)
1 , denoting the first row of

Q(l). Meanwhile, ∆Ov
t+1 must be orthogonal to the bases

of v(l) := S
(l)
1 , the first row of S(l). Following the strategy

in GPM [23], we randomly sample m data points from the
current task after fine-tuning on the t-th task and input these
m samples to the model for obtaining embedding matrices
K̃(l) ∈ Rm×d consisting of {k(l)

i }mi=1 and Ṽ(l) ∈ Rm×d

consisting of {v(l)
i }mi=1. We update the new feature matri-

ces Φk
t and Φv

t by extracting the core bases of K̃(l) and
Ṽ(l) using SVD and concatenating them into the previous
feature matrices Φk

t−1 and Φv
t−1. With the feature matrices

obtained on the t-th task, we can project the updates ∆Ok
t+1

and ∆Ov
t+1 by

∆Oi
t+1 ←− ∆Oi

t+1 − (Φi
t)

TΦi
t∆Oi

t+1, ∀i ∈ {k, v}.
(6)

When we select m data points, with m≪ d, for extract-
ing core bases, the complexity of SVD is O(m2d), which
is much more efficient than implemented SVD with O(d3)
in the previous work InfLoRA [17]. We emphasize that our
orthogonal adapters undergo a different update process than
InfLoRA, where core bases are extracted from the gradi-
ent subspace. Instead, we develop an alternative feature set,
S(l), specifically to preserve the class token, as outlined in
Eq. 5. This approach enables a more efficient SVD, pro-
viding a lightweight solution in comparison to the original
GPM method.

4.2. Residual Adapter
As the feature subspaces represented by Φk

t and Φv
t+1 ex-

pand with the accumulation of learned tasks, the major-
ity of the components in the updates, ∆Ok

t+1 and ∆Ov
t+1,

are progressively subtracted, as detailed in Eq. 6. Conse-
quently, the update magnitudes approach zero, resulting in
diminished performance during fine-tuning on new tasks.
To address this issue, we introduce a residual adapter Rt+1

(initialized as 0) in parallel with Ov
t+1, providing additional

capacity for new tasks and maintaining a balance between
stability and plasticity.

When the model is fine-tuned on the (t+ 1)-th task, the
residual adapter Rt+1 is updated within the subspace Rt

(we setR1 = ∅) defined as

Rt := Vt \ Vt−1 ⊆ Rd, (7)

where Vt and Vt−1 are the feature subspaces containing all
bases of Φv

t and Φv
t−1 obtained after fine-tuning on the t

and t−1 tasks. It is worth noting that subspaceRt andRt+1

are specific to their corresponding tasks t and t+1, respec-
tively, as Rt+1 ∩ Rt = ∅. Specifically, the subspace Rt

indicates the residual knowledge extracted from the most
recent task, providing supplementary bases to enlarge the
optimization subspace.

Suppose the feature subspace Rt can be represented by
the matrix Ψt ∈ Rrt×d. With these extracted bases, we are
able to project the updates ∆Rt+1 into the subspaceRt by

∆Rt+1 ←− ΨT
t Ψt∆Rt+1. (8)

When we conduct fine-tuning on the (t + 1)-task, the
value matrix V(l) in the l-th layer given activations h(l) can
be found as

V(l) = a(l)
(
Wv

0 +Ov
t+1

)
+a(l)Rt+1 = V(l)

o +V(l)
r , (9)

where Wv
0 is the pre-trained weights, and V

(l)
o =

a(l)
(
Wv

0 +Ov
t+1

)
, V(l)

r := a(l)Rt+1.

4.3. Dynamic Memory
As previously mentioned, the residual adapter Rt+1 is up-
dated within the subspace Rt, a subset of the feature sub-
space Vt extracted from the t-th task. Consequently, the
fine-tuning process may deteriorates the performance on
prior tasks. To mitigate this issue, we introduce a dynamic
memory mechanism that adjusts V

(l)
r , the output of Rt+1,

during inference on test data as follows:

V̂(l) = V(l)
o + a(l)ΩT

t+1Ωt+1Rt+1 = V(l)
o + V̂(l)

r , (10)

where ΩT
t+1Ωt+1 is computed according to the input acti-

vation signal a(l). Specifically, the attention score S(l) ∝
softmax(Q

(l)(K(l))T√
d

), computed by applying a(l) to the
query and key weight matrices, reflects the relevance be-
tween the input test sample and the task associated with the
extracted bases used to update the residual adapter Rt+1.
We utilize the matrices Ψτ ∈ Rrτ×d (τ ≤ t + 1), stored
in memory, to multiply the first row of the attention score,
v(l) := S

(l)
1 , as follows:

if rτ ̸= 0, ωτ =

∥∥Ψτ · v(l)
∥∥

rτ
∥∥v(l)

∥∥ , otherwise, ωτ = 0, (11)

where rτ indicates the rank of Ψτ . Since the task-specific
residual bases remain independent across different tasks,
the cosine similarity between feature vectors v(l) extracted
from input test samples and the stored core bases Ψτ for
each task can be used as a scaling factor for the correspond-
ing components in the outputs of the residual adapter. This
method assigns lower weights to components irrelevant
to the current test samples, while components with high



Table 1. Metrics (%) computed from experiments on ImageNet-R. We report the average accuracy over 3 trials, each with different random
seeds. The numeric after ”±” denotes standard deviation.

Method 5-Split ImageNet-R 10-Split ImageNet-R 20-Split ImageNet-R
ACC(↑) FT(↓) ACC(↑) FT(↓) ACC(↑) FT(↓)

LoRA 72.33 ±0.94 12.1 ±1.19 61.85 ±0.52 26.0 ±1.35 48.59 ±0.39 34.4 ±0.57
L2P 61.60 ±0.43 5.36 ±0.27 59.21 ±0.68 7.59 ±0.78 56.36 ±0.83 10.3 ±0.72
DualPrompt 68.47 ±0.23 3.18 ±0.24 66.72 ±0.30 4.15 ±0.11 64.40 ±0.18 5.82 ±0.51
PGP 69.07 ±0.28 3.41 ±0.18 64.22 ±4.53 4.23 ±0.22 64.19 ±0.38 6.50 ±0.31
S-Prompt 51.33 ±0.22 27.6 ±1.18 49.80 ±0.16 29.2 ±0.93 55.64 ±0.53 22.3 ±1.85
CodaPrompt 74.91 ±0.30 1.85 ±0.07 73.83 ±0.29 2.56 ±0.31 68.96 ±0.46 3.25 ±0.40
InfLoRA 77.30 ±0.49 3.05 ±0.44 74.03 ±0.30 6.18 ±0.25 69.77 ±0.31 7.98 ±0.40
DualLoRA 78.55 ±0.12 2.61 ±0.25 76.23 ±0.33 3.67 ±0.66 71.25 ±0.31 5.45 ±0.27
DualLoRA+ 79.88 ±0.50 1.10 ±0.16 81.17 ±0.23 2.04 ±0.05 74.73 ±0.40 3.75 ±0.10

relevance to the samples are given proportionally higher
weights. The resulting matrix, Ωt+1, is obtained by:

Ωt+1 =


Σ1 0 · · · 0
0 Σ2

...
. . .

...
0 0 · · · Σt+1




Ψ1

Ψ2

...
Ψt+1

 ∈ Rr′×d,

(12)
where r′ =

∑t+1
τ=1 rτ , Στ ∈ Rrτ×rτ is a diagonal matrix

with the identical value ω
1/2
τ .

4.4. Task identity Prediction with Confidence
As the number of fully connected layers ft(·) increases with
the addition of tasks during continual learning, there is a
risk that an irrelevant fully connected layer may generate the
maximal logit, resulting in incorrect predictions for input
test samples. This motivates us to propose a task identity
prediction scheme based on task relevance, computed using
Ψτ as previously discussed.

As discussed in section 4.1, we sample m training data
points to extract core bases after completing the t-th task.
During this process, we obtain the average feature vector
v̄(L) forwarded to the final attention block from each task
and compute the similarity vector πt = {ωτ}tτ=1 based on
Eq. 11. Therefore, we obtain a set Πt = {π1, . . . ,πt} that
can be used to distinguish the task identity during inference.
Specifically, let π⋆ denote the similarity vector computed
from the input test sample, then we can predict the task
identity by

k̂ = argmax
τ

g(πτ ,π
⋆) :=

∥πτ · π⋆∥
∥πτ∥ · ∥π⋆∥

, (13)

δ̂ = λ

(
g(πk̂,π

⋆)−max
τ ̸=k̂

g(πτ ,π
⋆)

)
, (14)

where λ is a scaling factor, k̂ denotes the predicted task
identity and δ̂ indicates the confidence of this prediction.

Moreover, we scale the output logits as

fk̂(h
(L))←− (1 + δ̂) · fk̂(h

(L)). (15)

5. Experiments
5.1. Experimental Settings
Datasets and Metrics. We evaluate the proposed method
DualLoRA on three continual learning benchmark datasets
CIFAR100 [12], Tiny-ImageNet[13] and ImageNet-R[7].
To generate a sequence of tasks in a class-incremental set-
ting as illustrated in Eq. 1, we randomly split the original
dataset by class ID. This process creates multiple partitions,
each containing an equal number of classes. Each partition
corresponds to a distinct task. Following the strategy in ex-
isting studies in continual learning [21, 24, 28], we compute
the final average accuracy (denoted by ACC) and degree of
forgetting (denoted by FT) for evaluating the performance
of our method and these two metrics can be found as

ACC =
1

T

T∑
τ=1

accτ,T ,FT =
1

T − 1

T−1∑
τ=1

accτ,best − accτ,T ,

(16)
where accτ,T denotes the accuracy of the τ -th task after
the model learns the T -th task while accτ,best denotes
the highest accuracy on the τ -th task during the whole
fine-tuning process. Throughout the evaluation, we assume
that the task identities of the testing data are unknown.

Baselines. Our baselines include vanilla LoRA, Learning
To Prompt (L2P) [29], DualPrompt [28], Prompt Gradient
Projection (PGP) [21], S-Prompt [27], CodaPromptrompt
[24], and InfLoRA [17]. We focus on comparing the
proposed DualLoRA with the state-of-the-art PEFT-based
CL schemes since they are superior to traditional CL
schemes. To demonstrate the upper-bound performance
of DualLoRA, we implemented it under the setting where
all samples in a batch share the same task identity, referred



Table 2. Metrics (%) computed from experiments on CIFAR100 and Tiny-ImageNet. We report the average accuracy over 3 trials, each
with different random seeds. The numeric after ”±” denotes standard deviation.

Method 10-Split CIFAR100 10-Split TinyImageNet 20-Split TinyImageNet
ACC(↑) FT(↓) ACC(↑) FT(↓) ACC(↑) FT(↓)

LoRA 73.32 ±0.38 20.4 ±0.53 67.69 ±0.49 23.7 ±0.65 48.48 ±2.36 44.4 ±2.73
L2P 83.97 ±0.18 6.41 ±0.09 81.90 ±0.42 5.39 ±0.33 81.24 ±0.21 5.86 ±0.22
DualPrompt 85.85 ±0.22 5.41 ±0.12 85.10 ±0.10 3.95 ±0.22 82.77 ±0.12 5.31 ±0.10
PGP 85.28 ±0.01 5.60 ±0.34 84.83 ±0.21 4.32 ±0.16 83.49 ±0.35 5.24 ±0.31
S-Prompt 67.03 ±0.66 24.8 ±0.62 68.41 ±0.26 10.41±0.68 74.69 ±0.30 7.70 ±0.28
CodaPrompt 85.77 ±0.69 4.07 ±0.22 85.67 ±0.25 3.16 ±0.17 83.61 ±0.47 3.34±0.35
InfLoRA 85.62 ±0.74 4.34 ±0.06 81.28 ±0.40 8.62 ±0.36 75.89 ±0.38 13.8 ±0.11
DualLoRA 89.13 ±0.17 4.08 ±0.16 86.42 ±0.07 3.87 ±0.18 83.75 ±0.25 5.24 ±0.15
DualLoRA+ 90.94 ±0.15 3.20 ±0.18 87.74 ±0.21 2.45 ±0.25 84.65 ±0.07 3.61 ±0.13

to as DualLoRA+. In this scenario, we use average feature
to compute similarity in the task identity prediction as
described in Section 4.4 and facilitate more accurate task
prediction, as the average feature exhibits less variance and
is closer to the true mean.

Model Architecture and Hyperparameters. We use ViT-
B/16 [4] backbone pretrained on ImageNet-21K as the
foundation model throughout all experiments. We use the
Adam optimizer [9] with parameters β1 = 0.9 and β2 =
0.999 for model fine-tuning, across 5 epochs with a batch
size of 16 in all experiments. Unless specified, the rank
of parameters in LoRA module is set to 10 in InfLoRA and
DualLoRA. For a fair comparison, we set the specific hyper-
parameters leading to the best performance in each baseline,
as shown in the original paper. More details of hyperparam-
eters are provided in Appendix 2.

5.2. Experimental Results

ImageNet-R. As shown in Table 1, DualLoRA demon-
strates comparable performance with InfLoRA, which out-
performs other Prompt-based CL schemes in final aver-
age accuracy ACC. DualLoRA exhibits a slight perfor-
mance decrease compared to InfLoRA by 1.25% on the
5-split benchmark, yet it outperforms InfLoRA by 2.2%
and 1.48% on the 10-split and 20-split benchmarks, respec-
tively. Forgetting serves as another metric to quantify the
performance degradation on previous tasks, which may not
consistently align with the average accuracy. CodaPrompt
shows superior performance in mitigating forgetting, even
though it does not achieve the same level as InfLoRA and
DualLoRA in the average accuracy metric. DualLoRA+
significantly enhances both average accuracy and forgetting
metrics, surpassing all other baselines except for securing
the second position in the forgetting metric on the 20-split
benchmark. DualLoRA+ outperforms the state-of-the-art
scheme InfLoRA by 2.58%, 7.14%, and 4.96% in terms of

(a) ImageNet-R (b) CIFAR100

Figure 3. Figures (a) and (b) demonstrate the average accuracy of
different methods during training.

average accuracy metric across the 5-split, 10-split, and 20-
split settings. In addition, in terms of the forgetting metric,
DualLoRA+ shows improvements over InfLoRA by 1.95%,
4.14%, and 3.23% respectively, in the same settings.

CIFAR100 and Tiny-ImageNet. DualLoRA steadily
shows strong performance in these two datasets, achiev-
ing the best performance in average accuracy compared to
prior existing schemes on CIFAR100 and Tiny-ImageNet
benchmarks while slightly underperforming CodaPrompt
on Tiny-ImageNet in forgetting metrics. DualLoRA+ con-
sistently demonstrates extraordinary performance in aver-
age accuracy, outperforming CodaPrompt (the best schemes
in these baselines) by 5.17%, 2.07% and 1.04%, respec-
tively, and also demonstrating an advantage in the forgetting
metric on 10-split CIFAR100 and 10-split Tiny-ImageNet.
To give more insights, we report the average accuracy com-
puted with different numbers of learned tasks, as illustrated
in Fig. 3.(a) and 3.(b). As shown in the figures, Dual-
LoRA and DualLoRA+ outperform other baselines in dif-
ferent stages of the continual learning. Furthermore, Dual-
LoRA+ demonstrates robust resistance to forgetting as the
number of learned tasks increases, suggesting the poten-
tial of DualLoRA+ fine-tuning foundational models across
a wider range of tasks without significant forgetting.



Table 3. O stands for orthogonal adapter, R stands for residual adapter, and Task ID stands for giving true task ID during inference.

Method 10-Split ImageNet-R 10-Split CIFAR100 10-Split TinyImageNet
ACC(↑) FT(↓) ACC(↑) FT(↓) ACC(↑) FT(↓)

LoRA 61.85 26.0 73.03 20.26 67.69 23.70
LoRA + O 74.11 4.65 84.03 5.67 83.92 7.74
LoRA + O + R 74.60 4.12 86.65 3.96 85.61 4.30
DualLoRA 76.23 3.67 89.13 5.08 86.42 3.87
DualLoRA+ 81.17 2.04 90.94 3.20 87.74 2.45
DualLoRA + Task ID 87.66 0.46 94.39 1.05 95.71 0.84

(a) FLOPs (b) Inference Time

Figure 4. Figure (a) demonstrates the approximated average
FLOPs (Tera) during training and inference on each batch of data
points. Figure (b) demonstrates the actual average running time
for different schemes to perform inference on a task, using one
NVIDIA A100 GPU.

5.3. Ablation Study
We perform additional experiments to confirm the effective-
ness of various subroutines within the DualLoRA scheme.
To be specific, we implement three variants of DualLoRA:
(1) LoRA + O stands for only using the orthogonal adapter;
(2) LoRA + O + R stands for running DualLoRA without
performing task identity prediction; (3) LoRA + O + R +
Task ID assumes knowing true task identities. As illus-
trated in Table. 3, the orthogonal adapter significantly im-
proves the performance of LoRA while the residual adapter
further enhances both average accuracy and forgetting met-
rics. Moreover, DualLoRA and DualLoRA+ further im-
prove the performance by using individual features and av-
erage features to perform task identity prediction. The fi-
nal configuration, where true task identities are utilized, ex-
hibits superior performance in both average accuracy and
forgetting, highlighting the crucial role of task prediction.
5.4. Computation and Inference Time
To better compare DualLoRA with other baselines in terms
of computation, we report number of floating point opera-
tions (FLOPs) during the training and inference phases in
Figure.4.(a) and the average inference time on a task in Fig-
ure.4.(b). According to the results in the figure, InfLoRA
has the lowest FLOPs during inference, while DualLoRA
has the lowest FLOPs during training because InfLoRA re-

quires a double forward pass as mentioned earlier. During
inference, InfLoRA and DualLoRA have similar inference
time across different datasets, which are less than 50% in-
ference time compared to the prompt-base CL schemes. De-
tails on computing FLOPs are provided in Appendix 3.

5.5. Varying the Pre-Trained Models

To explore the consistency of DualLoRA’s performance, we
conduct experiments using the ViT-B/16 model pretrained
on ImageNet-1k with both supervised learning and the un-
supervised SAM framework [10]. As shown in the table,
all schemes exhibit performance degradation when using a
ViT model pretrained on unsupervised datasets. Neverthe-
less, DualLoRA consistently outperforms other schemes in
terms of average accuracy.

6. Conclusion

We introduce DualLoRA, an innovative low-rank adapta-
tion scheme for Vision Transformers (ViTs) that integrates
orthogonal and residual adapters, operating in parallel with
pre-trained weights. This structure achieves a balance be-
tween stability and plasticity in continual learning through a
dynamic memory mechanism that leverages subspaces from
previously learned tasks. Extensive experiments demon-
strate that DualLoRA outperforms state-of-the-art continual
learning methods across multiple benchmarks while requir-
ing fewer computational resources. We see this work as an
important step toward developing more efficient and effec-
tive continual learning paradigms for foundational models.
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