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Abstract

In continual learning (CL), catastrophic forgetting often
arises due to feature drift. This challenge is particularly
prominent in the exemplar-free continual learning (EFCL)
setting, where samples from previous tasks cannot be re-
tained, making it difficult to preserve prior knowledge. To
address this issue, some EFCL methods aim to identify fea-
ture spaces that minimize the impact on previous tasks while
accommodating new ones. However, they rely on static fea-
tures or outdated statistics stored from old tasks, which pre-
vents them from capturing the dynamic evolution of the fea-
ture space in CL, leading to performance degradation over
time. In this paper, we introduce the Drift-Resistant Space
(DRS), which effectively handles feature drifts without re-
quiring explicit feature modeling or the storage of previ-
ous tasks. A novel parameter-efficient fine-tuning approach
called Low-Rank Adaptation Subtraction (LoRA™) is pro-
posed to develop the DRS. This method subtracts the LoRA
weights of old tasks from the initial pre-trained weight be-
fore processing new task data to establish the DRS for
model training. Therefore, LORA™ enhances stability, im-
proves efficiency, and simplifies implementation. Further-
more, stabilizing feature drifts allows for better plasticity
by learning with a triplet loss. Our method consistently
achieves state-of-the-art results, especially for long task se-
quences, across multiple datasets. '

1. Introduction

Continual learning (CL) methods [5, 27] aim to enable
deep models to acquire new knowledge continually, such

*indicates corresponding author.
ICode is available at https://github.com/scarlet0703/
LoRA-Sub-DRS.
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Figure 1. Illustrating the old task feature drifts of different EFCL
methods. Imagenet-R dataset under 25 incremental tasks are used.

as recognizing new object categories, while handling catas-
trophic forgetting [16, 25] of previously learned informa-
tion. Rehearsal-based methods [2, 3, 8, 30, 43] alleviate for-
getting by storing a small subset of past task exemplars and
replaying them alongside new data during training. How-
ever, access to such exemplars is often restricted due to pri-
vacy concerns or memory limitations. Therefore, the study
of exemplar-free continual learning (EFCL) becomes nec-
essary. This setting is challenging as no sample of previous
tasks can be retained. Without rehearsal, feature represen-
tations of old tasks drift over time, leading to severe catas-
trophic forgetting, as shown in Fig. 1.

Conventional architecture-based EFCL methods [4, 9,
35, 42] involve freezing certain parameters that were trained
for the initial task while either adjusting other parameters
or expanding the backbone for subsequent tasks. However,
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Table 1. Average accuracy of PEFT methods on Imagenet-R
dataset.

Task
Method 10 58 =)
LoRA-FT 76.03 67.13 58.56
CODA-Prompt 7695 68.74 52.79
InfLoRA 75.10 7473  66.27
EASE 81.27 79.32 75.35
LORA~DRS (Ours) | 81.52 79.79 77.93

they require substantial memory consumption and signif-
icant computational resources. To handle this, we adopt
recent strategies [22] that utilize parameter-efficient fine-
tuning (PEFT) [10, 33, 40] to enhance both the effective-
ness and efficiency of the EFCL model. Specifically, our
model is built on a frozen backbone pre-trained on a large-
scale isolated dataset, providing extensive general knowl-
edge. Moreover, low-rank adaptation (LoRA) [14] is inte-
grated to support efficient learning for downstream tasks.

Incorporating the PEFT techniques, e.g., LoORA [14] and
prompt tuning [21], in EFCL methods alone may not be
sufficient to handle catastrophic forgetting. This is demon-
strated by the increasing feature drifts shown in Fig. 1 and
the inferior results displayed in Tab. 1. To mitigate fea-
ture drifts, existing methods [18, 22, 37] create feature sub-
spaces that aim at preventing the learning of new tasks from
interfering with the old ones. Despite their improved overall
performance indicated in Tab. 1, these methods still exhibit
noticeable feature drifts, as shown by the upward trends in
Fig. 1. The key to addressing this issue lies in capturing
the dynamic evolution of the feature space for old tasks in
CL. However, in the EFCL setting, this is challenging be-
cause only static features and statistics from old tasks are
available, not to mention the additional memory required to
store such data. Therefore, the subspaces created by these
methods do not effectively minimize interference from new
task learning, especially regarding older tasks that are based
on more outdated information.

In this paper, we present Drift-Resistant Space (DRS)
for model training in the EFCL setting. As illustrated in
Fig. 1, our method maintains a consistently low and stable
curve across tasks, indicating effective management of fea-
ture drifts. Therefore, this approach significantly mitigates
catastrophic forgetting, as evidenced by its superior stabil-
ity and overall performance in Tab. 1. To avoid relying on
static information from old tasks, we propose a novel ap-
proach called LoRA Subtraction (LoRA ™) for establishing
the DRS. Specifically, we first subtract the layer-wise LoORA
weights associated with previous tasks from the initial pre-
trained weights. The modified model then processes data
from new tasks to obtain the projection matrix for the DRS.
This simple weight subtraction operation allows the model

to “forget” or “unlearn” the knowledge of the correspond-

ing tasks [15]. Consequently, training networks in DRS can

focus more on learning new tasks while effectively reducing
interference with older ones. The contributions of this work
are summarized as follows:

* We introduce DRS, a new space for model training in the
EFCL setting that effectively resolves feature drifts and
enhances stability in continual learning.

* LoRA™ efficiently establishes DRS without requiring ex-
plicit feature modeling or storing static old data. Instead,
it aims to reduce the influence of previous tasks in the
parameter space.

* Our method LORATDRS is less affected by feature
drifts, allowing us to use a triplet loss based on prototypes
from previous tasks to further enhance its plasticity.

Extensive experiments are conducted in a challeng-
ing continual learning setting known as exemplar-free
class incremental learning (EFCIL). The proposed method
achieves state-of-the-art performance, particularly for long
sequences of learning tasks across multiple datasets, high-
lighting its effectiveness and efficiency.

2. Related Work
2.1. Exemplar-Free Class-Incremental Learning

Class-Incremental Learning (CIL) is a well-established
paradigm in continual learning, designed to learn new
classes while reducing catastrophic forgetting [1, 17, 46].
Early Computer Vision methods preserved knowledge by
storing raw data or features, but rising privacy concerns and
storage limits have spurred interest in Exemplar-Free Class-
Incremental Learning (EFCIL). One notable approach is
LwF [7], which mitigates forgetting by constraining the cur-
rent model’s outputs to stay close to those of the previous
model. PASS [51] improves on this by incorporating self-
supervised learning in the backbone, followed by functional
regularization and feature rehearsal. SSRE [52] proposes a
novel architecture design that facilitates the transfer of in-
variant knowledge across tasks. In FeTRIL [29], the authors
freeze the feature extractor and leverage the variance in the
current task’s data to estimate the location of old class fea-
tures. FeCAM [11] adopts a similar strategy by using the
mean and covariance of previous task features, proposing a
Mahalanobis distance-based classifier for better task sepa-
ration. In this paper, we adopt the EFCIL setting, where old
data cannot be stored due to privacy concerns or device lim-
itations, and aim to advance methods that enable continual
learning without reliance on exemplars.

2.2. Parameter-Efficient Fine-Tuning

The advent of large-scale pre-trained models (PTMs) has
sparked significant interest in fine-tuning techniques for
downstream tasks. Traditional continual learning (CL)
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trains models from scratch, but recent work explores CL
with PTMs [38, 41, 48, 50], leveraging their strong feature
representations. Parameter-Efficient Fine-Tuning (PEFT)
avoids full PTM fine-tuning by inserting and tuning spe-
cific sub-modules while keeping pre-trained parameters
frozen. Among the most widely used techniques in PEFT
are LoRA [14] and Prompt [21], which have shown strong
performance in CL [10, 33, 39]. L2P [40] builds on
PTMs by learning additional dynamic prompts that guide
the model to solve specific tasks. DualPrompt [39] in-
troduces two separate prompt spaces—general and expert
prompts—encoding task-invariant and task-specific instruc-
tions, respectively. CODAPrompt [33]presents a decom-
posed attention-based continual learning method that offers
greater capacity for learning than previous prompt-based
approaches [39, 40]. In contrast, LAE [10] and ADAM [48]
introduce unified frameworks for PEFT through model en-
sembling. SLCA [47] builds upon the Gaussian modeling of
old task features proposed by [51], using it to adjust classi-
fiers. However, all these methods rely on fixing the parame-
ters of previous tasks to maintain stability. While they fail to
address the issue of feature drift, which prevents the model
from maintaining good performance and avoiding forget-
ting over long-term tasks.

2.3. Mitigating Feature Drift

A critical aspect in EFCIL is the feature drift in old classes
when new tasks are learned without old samples. Some
approaches aim to correct feature drift. For example,
SDC [44] and [34] estimate and compensate for fea-
ture drift with current-task samples after each incremen-
tal phase. Methods like NAPA-VQ [24] and Prototype
Reminiscence [32] enhance or reshape old prototypes us-
ing topological information or interpolation with new sam-
ples. ADC [12] generates adversarial samples as pseudo-
exemplars to measure drift. FeTrIL [29] assumes similar
feature distributions across all classes and use prototypes
as the nearest feature center of new classes. EASE [49]
designs a semantic-guided prototype complement strategy
that recalculates prototypes in the new feature space with-
out relying on old exemplars. Other approaches focus on
minimize the interference of the new task on the old tasks.
InfLoRA [22] uses gradient information from old tasks to
design a subspace for LORA’s dimensionality reduction ma-
trix, reducing the impact of new tasks on old ones. Adam-
NSCL [37] and AdNS [18] optimizes network parameters
by using input features from previous tasks to obtain the
approximate null space of old tasks. However, despite the
impressive performance achieved by these methods, several
challenges remain in effectively controlling feature drift.
These approaches assume that the model learns new con-
cepts in an interference-free space of previous tasks. Since
this space is computed based on stored, static statistics of

old tasks, it becomes difficult to accurately model the highly
dynamic feature space in continual learning. As the number
of tasks increases, those statistics become increasingly out-
dated, leading to a noticeable decline in the performance of
these methods.

3. Methodology
3.1. Preliminary

Exemplar-free class-incremental learning (EFCIL) is de-
signed to address the challenges of continual learning with-
out exemplars, where the model must learn from a data
stream of T" sequential tasks, indexed as {1,2, ..., T}, with
non-overlapping class distributions. For each task ¢, the
dataset is defined as Dy = {(;,yi)};",, Where z;; is
an input sample, y; ; is its label, and n; is the number of
instances in task ¢. An instance x; ; belongs to class y; ¢,
where y;; € Y; and Y; is the label space of task ¢, and
Y; NYy = 0 fort # ', i.e., non-overlapping classes for
different tasks. During training on task ¢, only the dataset
D, is accessible, and no samples from previous tasks can be
stored or used.

Following the framework of parameter-efficient fine-
tuning (PEFT) for continual learning [36, 39] , we assume
the model My is a pre-trained model with weights 6. In-
stead of updating the model parameters directly, Low-Rank
Adaptation (LoRA) incorporates auxiliary low-rank matri-
ces B and A into the model’s linear layers, while keeping
the pre-trained weight matrix in each self-attention block
W, fixed. Assume f(-, W) denotes the linear transforma-
tion layer with parameters W € R4*¢,

Our approach consists of two main stages. In the first
stage, before learning the ¢-th new task, the parameters
W _4 are frozen, and a LoRA branch AW, = B A, is
expanded, where A; € R™*4 js a dimensionality reduction
matrix and B; € R?*" is a dimensionality expansion ma-
trix, with rank » < d. To make the learning process resis-
tant to feature drift, we apply LoRA Subtraction to obtain
a drift-resistant space (DRS), which stabilizes the learning
of new tasks while minimizing interference with previously
learned knowledge.

In the second stage, we train the LoRA parameters A,
and By for the current task ¢ in the DRS. Specifically, dur-
ing training, when the data D; from task ¢ is fed to the
model, the input and output features at the [-th linear layer
within a self-attention block are denoted by X i and Zi,
respectively. The forward propagation in this layer can be
represented by

Z; = f(X, W), (1)

X =0y(2)), )

t
Wi=W, , +AW,;=W;+> B'Al, 3)

j=1

15310



Stage 1: LoRA Subtraction
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Figure 2. The training pipeline of the proposed LoRA Subtraction for Drift-Resistant Space. Before training on the ¢-th task, LoRA
subtraction is applied to construct the drift-resistant space (DRS). During training, pre-trained weights and previously learned LoRAs are
frozen. A and By of the current task is learned by projecting gradients into DRS, with augmented triplet loss (ATL) enhancing plasticity.

where o is a nonlinear activation function,/ = 1, ..., L, and
X tl = X;. When training on task ¢ at the s-th training step,
the parameter update across the L linear layers is denoted
as Aw, s = {Awj ,, Aw? ..., Aw} }.

The complete pipeline of our method is illustrated
in Fig. 2.

3.2. Stage 1: LoRA Subtraction

The core objective of LoRA subtraction (LoRA™) is to ef-
fectively remove information from previous tasks to create
a drift-resistant space. Recent studies [15] have shown that
a task vector can direct specific changes in the weight space
of a pre-trained model. Let Oy denote the weights of the
pre-trained model and 6, the weights after fine-tuning on
task ¢. The task vector for task ¢ is given by
Vi=06,—0,. “4)
By negating task vectors, performance on specific tasks
can be reduced or forgotten with minimal impact on unre-
lated tasks.
Building on this insight, LoORA™ controls feature drift
by selectively negating prior task influences. After training

on task ¢ — 1, the task vector Véfl for each linear layer
l=1,...,Lis defined as

t—1
Vi =Wi,-W;=> BjA.

j=1

®)

To achieve forgetting of specific old tasks, LoORA™ ap-
plies a negated cumulative task vector —V';_; to the pre-

trained weights before training on the new task ¢
) t—1
W, =W,-Vi_ =Wi-> BjA,. (6
j=1

We then define a drift-resistant space (DRS) for the new
task, ensuring that learning task ¢ does not affect the feature
distribution of prior tasks. Existing works [31, 37, 45] have
shown that the gradient update in a linear layer lies within
the span of the input data. Therefore, we leverage the in-
put matrix of the new task ¢ under W, to define a learning
space that captures features specific to the new task without
disturbing previous knowledge.

Before training on task ¢, we feed D; to the model with

LoRA ™ linear layer f(X;, W) to obtain the input feature

X i at each layer /. Following [37], we compute the uncen-
tered covariance matrix of these input features as follows

1 ronT ¢
(1) %

Ny

xl= (7

where n; is the number of samples in task ¢, and X ft cap-
tures input learning space at layer [ for task ¢, playing a key
role in defining DRS for stable task-specific learning.

3.3. Stage 2: Training in Drift-Resistant Space

In this section, we introduce a network training algorithm
designed for learning sequential tasks in a drift-resistant
space (DRS). Our approach ensures that each new task
can be learned with minimal interference from previously
learned tasks, maintaining a stable feature representation.
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Algorithm 1 LoRA Subtraction for Drift-Resistant Space
Inputs: Datasets D, for task t € {1,2,...,T}, a pre-
trained ViT model Mg with L linear layers f(-, W), loss
function Ly, learning rate .

Initialization: Initialized parameters A, B, 0, W .

1: fortask t € {1,2,...,T} do
2 if ¢ > 1 then
3: # Stage 1: Compute DRS
4 Compute X i through LoRA Subtraction with
Dy and f(-, th) as inputs using Eq. (7).
5: end if
6: # Stage 2: Train A; and B; in DRS
7: Expand a LoRA branch AW, = B;A;,.
8: Compute Pi for each layer [ = 1,..., L using Xi
and Eq. (11).
9: Sets=0and W, g =W,;_1 + AW, ;

10: while not converged do

11: Sample a batch {X?, Y’} from D;.

12: Compute loss Lo using { X7, Y’} and W
based on Eq. (16).

13: Get candidate parameter update g,, =
{gi.. ..., gt} with respect to Lo with {z,y,} us-
ing Adam.

14: if ¢t = 1 then

15: Awh, =gl 1=1,...,L

16: else

-

17: Aw! = P! (P{;) g, 1=1,...,L

18: end if

19: AW, .., = AW, — aAwl,, | =
1,...,L

20: s=s+1

21: end while

22: end for

When training on a new task ¢, the LoORA weights AW,
are updated iteratively at each training step s, with the pa-
rameter update at each linear layer represented as

Awt,s = {Awtl,sv Aw?,s? sy Ath,s}a (®)

where A'waS corresponds to the parameter updates in the
LoRA branch for layer [ during training step s.

To mitigate feature drift, we project the gradients at each
training step into a DRS before updating the weights. DRS
is designed to preserve knowledge from previous tasks by
restricting updates to directions that minimally interfere
with learned representations. Specifically, for each layer [,
we denote the gradients at step s as gé’s and project them

into DRS using a projection operator Pi. The projected up-
date for each layer [ is computed as follows

A l _Pl Pl T l 9
wy =y () Gyss )

L pl "

where P, (Pt>
Specifically, the DRS projection operator is obtained by
applying Singular Value Decomposition (SVD) to the fea-
ture matrix X’} from LoRA subtraction (LoRA ™). Follow-

ing methods in [26, 37], we apply SVD to Xff

acts as a DRS projection operator.

UiAL{(U}) T = SVD(X)), (10)

where Ui represents the directions of the principal compo-
nents, Ai indicates the significance of each component, and
(U7 is the transpose of U'.

To construct the DRS basis for layer [, denoted as Py,
we select a subset of principal components (Ui)  from
U i that correspond to the largest singular values. This se-
lection criterion, inspired by Principal Component Analy-

sis (PCA), captures the most significant directions in X’ i,
where updates have minimal interference with previously
learned knowledge. Thus, the DRS projection matrix for
each layer [ is defined as

P} = (U})x, (11)

where (Ui) , includes only the top k singular vectors, se-
lected based on

k
izt ) 12)

mkin % > e,
Zi:l Ai

where \; represents the eigenvalues sorted in descending
order, ¢ denote the cumulative variance threshold.

This DRS-based projection ensures that the updated
weights remain in DRS, allowing the model to learn new
tasks without degrading performance on prior ones.

The detailed steps for both stages of our approach are
outlined in Algorithm 1.

3.4. Model Optimization

While drift-resistant space (DRS) controls feature drift to
maintain stability in previously learned knowledge, we
found that gradient projection can impair the model’s plas-
ticity, hindering its ability to separate new classes in the fea-
ture space.

To address this, we propose an Augmented Triplet Loss
(ATL), denoted as Lr;, which enhances class separation
by maximizing the distance between positive and negative
pairs for each anchor sample, thus improving plasticity. It
is defined as

ETL = II’laX(O7 €ap — €an + 6)7 (13)

where e, and e,,, are the hardest positive and hardest neg-
ative distances, and € is a margin parameter that enforces a
desired separation between positive and negative pairs.
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For an anchor sample z; ; with label y; ; in the ¢-th task,
the hardest positive distance e, is the maximum distance
between x; ; and other samples with the same label

€qp =  max I, (14)
JYj,t=Yi,t

where E; ; denotes the Euclidean distance metric between
sample x; ; and sample x ;.

The hardest negative distance e, considers both sam-
ples from the current task with labels y; + # v; + and proto-
types p. € Pj.;_1 from previous tasks, where P;.;_; repre-
sents the prototype set of all previous tasks

i ogoin Mo, Gair) < 2
JYje#Yit c
(15)

where Mo, (x; ) represents the feature embedding of the
anchor sample z; ; under the current model parameters 6,
and || - |2 denotes the Euclidean distance to the prototype
De-

The total loss Lo, combines cross-entropy loss Lcg and
the Augmented Triplet Loss, balanced by a weighting factor

A

€qn = Min ( min

Lol = Lcg + ALtL. (16)

4. Experiments
4.1. Experimental Setting

Datasets We evaluate our method on multiple CIL bench-
marks that are widely used in PEFT research. ImageNet-
R [13] is created by applying artistic transformations to 200
classes from the original ImageNet dataset [6]. This dataset
was introduced into the continual learning setting by prior
work [39] and has since become a standard benchmark for
evaluating continual learning methods based on PEFT. CI-
FAR100 [19], consisting of 100 classes of small-scale im-
ages, is a commonly used benchmark dataset in CIL.
Implementation details The proposed method is imple-
mented in PyTorch [28], following similar approaches to
previous works [22, 33, 36, 39, 40]. Specifically, we uti-
lize a pre-trained ViT-B/16-IN21K backbone and train the
model with the Adam optimizer, using parameters 5; = 0.9
and B2 = 0.999. Training is conducted with a batch size
of 128, across different datasets: each task is trained for 50
epochs on ImageNet-R, and 20 epochs on CIFAR100. Input
images are resized to 224 x 224 and normalized within the
range [0, 1]. Following previous work [10, 20, 22], we inte-
grate the LoRA architecture into the key and value compo-
nents of the ViT attention module. Averaged performance
of 5 runs is reported in the main results.

Compared methods We compare against PTM-based
methods specifically designed to mitigate feature drift, such
as EASE [49], InfLoRA [22], and Adam-NSCL [37]. For

Adam-NSCL, we implement it with LoRA on PTM. In ad-
dition, we select several representative PEFT-based EFCIL
methods for comparison, including LAE [10], L2P [40],
DualPrompt [39], and CODA-Prompt [33]. We also es-
tablish a baseline, denoted as LoRA-FT, which sequentially
finetunes the PTM using LoRA. For all methods, their best
performance results are reproduced under our experimental
settings to ensure fair and direct comparison.

Evaluation metrics Following established practices in
continual learning [10, 23, 49], we evaluate the model’s per-
formance through three key metrics: accuracy after the last
stage(AC(C'), average accuracy (ACC') and backward trans-
fer (BWT). For accuracy, we denote AC'C} as the model’s
accuracy after completing the ¢-th task. To capture the over-
all performance, we use AC'C, which represents the accu-
racy after the final task, and the average accuracy ACCp
across all tasks, defined as:

T
—_— 1 Z
t=1

Backward transfer value assesses the effect of learning new
tasks on previously learned tasks, capturing the average im-
pact on prior knowledge retention in continual learning. A
negative BWT value indicates forgetting, as the model’s
performance on prior tasks deteriorates when new tasks are
added. We compute BWT as:

BWT = —— ; (Ari — Aii), (18)

1 T-1

where A ; denotes the accuracy on the i-th task after train-
ing on the final task 7.

4.2. Main Results

In this section, we compare LORA™DRS with other state-
of-the-art PEFT methods on CIL benchmarks, testing across
various splits and backbone weights. As shown in Tab. 2,
the accuracy results of different methods on ImageNet-
R are presented for different numbers of tasks. Simi-
larly, Tab. 3 reports results on CIFAR100. Our method
consistently outperforms existing EFCIL methods and other
feature drift control methods, such as EASE, InfLoRA, and
Adam-NSCL. Notably, as the number of tasks increases,
the advantage of our method becomes more pronounced,
achieving an accuracy margin of 2.58% to 3.81% over the
runner-up method by the 50th task, highlighting its suitabil-
ity for continual learning scenarios, where maintaining per-
formance over prolonged task sequences is essential.

To evaluate model stability, we assess the Backward
Transfer (BWT) values of different methods on CIFAR-
100 and ImageNet-R with 25 tasks. As shown in Tab. 4,
LORA™DRS achieves a competitive BWT score of —3.38
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Table 2. Averaged results (mean = standard deviation) of different methods trained under five random seeds of ImageNet-R.

Task 10 20 25

Method ACClO mlo ACCQ() mgo ACCQ5 Wg5 ACC50 W{)o

LoRA-FT 74.54+6.02 73.43+4.52 | 60.71£2.39 72.53+1.72 | 56.80+£3.06 70.06£1.74 | 44.894+2.29 59.25+1.40
LAE [10] 72.56£0.98 78.56+0.47 | 60.53+1.73 76.64£091 | 68.05£1.88 75.40+1.31 | 62.83+2.17 70.83£1.63
L2P [40] 64.94+0.90 70.33+1.90 | 62.15£1.17 68.35£2.12 | 60.85+1.11 67.174£2.46 | 55.89£1.59 62.98+2.89
DualPrompt [39] 62.24+0.29 74.63+0.94 | 66.89+0.40 73.07£1.21 | 65.764+0.67 72.15+1.19 | 61.50+£0.86 68.63£1.31
CODA-Prompt [33] | 72.15£0.12 77.51£0.75 | 67.53+£0.24 73.64+0.95 | 63.86+£0.81 70.47+1.72 | 48.89+0.90 55.59+2.67
InfLoRA [22] 74.95£0.90 80.99+0.89 | 71.464+0.95 78.32£1.22 | 69.09+£0.93 76.84+1.32 | 60.49+1.43 69.95£2.18
Adam-NSCL [37] 72.244+0.69 78.85£1.07 | 65.52£1.11 72.794+1.39 | 62.04+1.74 69.69£1.81 | 49.82+2.67 58.49+3.85
EASE [49] 75.94+£0.46 81.67+0.32 | 73.784+0.44 80.29£0.72 | 72.69£0.39  79.65+0.65 | 68.54+0.71 75.77+0.58
LORA™DRS (Ours) | 74.74£0.78 81.16£0.59 | 74.80+0.73 80.69+0.75 | 74.19+£0.46 80.06+0.76 | 72.12+0.87 77.94+0.74

Table 3. Averaged results (mean = standard deviation) of different methods trained under five random seeds of CIFAR-100.

Task 10 20 25

Method ACClO mlo ACCQO mgo ACCQ5 m25 ACC50 mg)o

LoRA-FT 82.43+1.47 89.30+1.00 | 74.51£1.58 84.10£0.95 | 68.33+3.05 80.81+1.02 | 43.77£5.06 63.45+2.90
LAE [10] 84.994+0.75 89.36+0.84 | 83.51+0.36 88.15+£0.59 | 82.204+0.58 87.02+0.87 | 77.68+£2.21 83.16%1.10
L2P [40] 83.41+0.60 88.98+0.31 | 80.72£1.12 87.18+0.83 | 79.54+0.72 86.69+0.65 | 73.91£1.67 81.90+0.98
DualPrompt [39] 86.40+0.62 91.26+1.29 | 83.82+0.51 90.22+0.68 | 82.65+1.28 89.44+1.04 | 76.66+£0.74  85.18+0.92
CODA-Prompt [33] | 87.02+0.17 91.394+0.23 | 81.19+0.31 87.27£0.35 | 77.184+0.49 84.56+0.31 | 55.45+0.48 68.39+0.53
InfLoRA [22] 86.44+0.81 91.164+0.79 | 82.19£1.33 88.05+0.64 | 77.51+1.19 85.02%1.61 | 56.65£5.55 70.29+1.86
Adam-NSCL [37] 85.39+0.75 89.67+0.53 | 79.69+£1.49 85.52£1.10 | 75.19£1.61 81.29+1.90 | 55.02+1.52 66.27+1.34
EASE [49] 88.34+0.52  92.2740.53 | 82.21£0.72 90.76+0.54 | 85.01+0.69 89.98+0.65 | 82.10£0.66 87.65+0.46
LORAT™DRS (Ours) | 89.14+0.23  92.554+0.25 | 88.69+0.15 92.25+0.24 | 88.39+0.33  92.02+0.19 | 87.29+£0.31 91.29+0.29

Table 4. Backward transfer (BWT) for different methods on
Imagenet-R under 25 incremental tasks.

Table 5. The effectiveness of each component in our method on
Imagenet-R. Averaged accuracy (ACC) is reported.

Task
DRS ATL 0 75 50
X X 76.03 | 67.13 | 58.56
v X 80.32 | 78.00 | 76.03
v v 81.52 | 79.79 | 77.93

Method CIFAR-100 | Imagenet-R
LoRA-FT -13.08 -27.52
LAE [10] -7.06 -6.32
L2P [40] -7.35 -8.85

DualPrompt [39] -7.25 -6.26
CODA-Prompt [33] -5.59 -4.24
InfLoRA [22] -3.70 -7.56
Adam-NSCL [37] -4.39 -3.91
EASE [49] -5.54 -4.53
LORA™DRS (Ours) -3.38 -3.90

Table 6. Averaged new class accuracy (A A,e.w) on Imagenet-R.

on CIFAR-100 and —3.90 on Imagenet-R, indicating effec-
tive feature drift control and consistent performance across
tasks. Notably, while methods like InfLoRA and Adam-
NSCL also achieve strong BWT scores, they rely on storing
statistics from previous tasks to maintain stability, while our
method does not.

4.3. Detailed Analysis

Drift evaluation To further verify that our method effec-
tively controls feature drift, we evaluate it on the ImageNet-
R 25 tasks setting and compare feature drift across tasks
on previously learned classes. As shown in Fig. 1, the fea-
ture drifts of different methods can be illustrated by measur-

Task
Method 10 o 30
DRS 79.68 77.31 75.83
+ATL | 81.23 (1.551) | 79.18 (1.871) | 77.88 (2.051)

ing the shift in feature representations over tasks. Specifi-
cally, we compute the average squared Euclidean distance
between the class center of task 1 data, as extracted by the
network at task ¢, and the corresponding class prototypes
from the first task. The distance for the current state-of-the-
art PEFT models tends to increase as tasks progress. Fur-
thermore, InfLoRA attempts to reduce interference, but it
still shows persistent feature drift due to reliance on out-
dated stored task statistics. In contrast, our LORA~DRS
maintains a steady feature drift curve, demonstrating effec-
tive drift control.
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Figure 3. Performance comparison of different space designs on
Imagenet-R across 50 incremental tasks.

Ablation Study In this section, we conduct an ablation
study to investigate the effectiveness of each component
in LORATDRS, including Drift-Resistant Space (DRS)
and Augmented Triplet Loss (ATL). Specifically, we re-
port the incremental performance of different variations on
ImageNet-R.

As shown in Tab. 5, the performance of training without
DRS, relying solely on LoRA for adapting to new tasks, is
significantly lower than our method. At the 50-task mark,
the model without DRS achieves an ACC that is 17.47%
lower than with DRS. This result suggests that, without the
DRS intervention, the model experiences severe forgetting
due to feature drift. Additionally, we assess the impact of
our ATL on model performance. Tab. 5 shows that incor-
porating the ATL in the full LORA™DRS model leads to
an improvement of 1.2% to 1.9% in ACC compared to the
variant without ATL under the same task setting. Tab. 6
further show that ATL significantly improves the model’s
performance on new classes. Therefore, ATL enhances the
model’s ability to obtain discriminative features, contribut-
ing to better plasticity and accuracy.

Further Analysis To validate the effectiveness of our
DRS, we compared it with two other space designing meth-
ods, Interference-Free space (InfLoRA) and Null Space
(Adam-NSCL), on ImageNet-R across 50 incremental
tasks. As shown in Fig. 3, which presents the ACC' val-
ues for each task, our DRS demonstrates superior stability
and resilience against performance degradation over longer
task sequences. While all methods show some accuracy de-
cline with more tasks, DRS consistently outperforms, main-
taining higher accuracy and a more controlled decline. In-
fLoRA and Adam-NSCL, despite high initial accuracy, ex-
perience a marked drop as tasks progress, suggesting their
sensitivity to cumulative drift and limitations in preserving

Table 7. Results of InfLoRA with ATL on Imagenet-R. The effec-
tiveness of ATL depends on controlling feature drift, as unman-
aged drift can undermine model’s performance.

ACCyy | ACCy5 | ACCyg
InfLoRA | 79.93 74.73 66.27
+ATL 79.85] | 71.58] | 61.46]

old task knowledge. In contrast, our LORA™DRS effec-
tively mitigates feature drift over time, making it well-suited
for long-term incremental learning scenarios.

During the training phase, we introduced ATL to en-
hance class separation, aiming to achieve greater plasticity
when learning new classes. However, the effectiveness of
ATL relies on effectively controlling feature drift. If drift
occurs, the feature space for previous tasks may shift, un-
dermining ATL’s ability to separate new class samples from
old ones. As shown in Tab. 7, comparing InfLoRA with and
without ATL on ImageNet-R reveals a performance drop
when ATL is applied, and this drop becomes more pro-
nounced as the number of tasks increases. The ACC' de-
creases by 4.81% after 50 tasks, highlighting that current
methods struggle to control feature drift over long task se-
quences. Without effective drift control, ATL fails to en-
hance class separation, negatively impacting overall perfor-
mance.

5. Conclusion

In conclusion, this paper introduces LORAT™DRS for ef-
fective model training in the exemplar-free continual learn-
ing setting. Our Drift-Resistant Space (DRS) strategy suc-
cessfully mitigates feature drift, resulting in enhanced sta-
bility and reduced catastrophic forgetting, as demonstrated
by consistent performance across long tasks. Through
the novel Low-Rank Adaptation Subtraction (LoRA™) ap-
proach, DRS minimizes interference from prior tasks with-
out requiring static data storage, allowing the model to
focus on new tasks effectively. By enabling Augmented
Triplet Loss (ATL) integration to enhance class separa-
tion, our method further bolsters learning plasticity. Exten-
sive experiments confirm the state-of-the-art performance
of LORA™DRS across long task sequences in the EFCIL
setting, underscoring its effectiveness and adaptability.
Limitations While Low-Rank Adaptation (LoRA) mod-
ules reduce parameter counts compared to full fine-tuning,
their adapter components still introduce incremental model
size overhead. Future research could address this limitation
by exploring architectures that seamlessly integrate adapta-
tion mechanisms rather than relying on add-on modules.
Acknowledgment This research was supported by the
Natural Science Foundation (NSF) for Young Scientists of
China (No0.62106289).
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