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Abstract

For Few-Shot Class-Incremental Learning (FSCIL), direct
fine-tuning causes significant parameter shifts, resulting in
catastrophic forgetting and increased resource consump-
tion. While, freezing the pre-trained backbone exacerbates
the inconsistency between the backbone and the evolving
classifier. To overcome these challenges, we introduce a
method called Low-Rank updates after knowledge localiza-
tion (Lark). In the knowledge localization phase, the Fisher
Information Matrix is calculated to measure the sensitiv-
ity of parameters in different layers to previously acquired
knowledge. This phase ultimately identifies the parameters
within the model that are most suitable for learning new
knowledge. In the subsequent incremental editing phase, a
low-rank incremental update strategy is applied. This strat-
egy ensures that the model parameter updates adhere to a
Rank-One matrix structure. By doing so, it minimizes al-
terations to the original parameters, thereby enabling the
model to integrate new knowledge while retaining as much
of the previous knowledge as possible. Extensive experi-
mental results demonstrate that the Lark method achieves
significant performance improvements on the CIFAR100,
mini-ImageNet, and CUB200 datasets, surpassing current
state-of-the-art methods.

1. Introduction
Few-Shot Class-Incremental Learning (FSCIL) aims to en-
able models to continuously acquire new knowledge in dy-
namic environments. In this scenario, the model faces chal-
lenges related to empirical risk minimization [51], where
insufficient data hinder the model’s ability to learn compre-
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Figure 1. Conceptual illustration. The left panel depicts the space
under regular training, whereas the right panel displays the space
following Rank-One matrix updates. Notably, the Rank-One ma-
trix updates (!Wlow) exhibit higher precision compared to those
produced by regular training (!Wreg).

hensive knowledge representations. Moreover, there exists
the stability-plasticity dilemma [16, 36]. Specifically, when
the model learns new knowledge (plasticity), it may result
in forgetting previously acquired knowledge. Conversely,
overemphasizing the retention of old knowledge (stability)
can limit the model’s ability to learn new knowledge.

To address these challenges, existing FSCIL methods
have explored various directions, such as meta-learning [7,
38], replaying old samples [22, 29], and enhancing feature
representations [1, 37, 56]. However, the vast majority of
these works are based on small-scale models such as convo-
lutional neural networks. When Transformer models (e.g.,
ViTs) are introduced into FSCIL scenarios, the aforemen-
tioned challenges become even more severe.

On one hand, in ViTs, classification predictions rely on
global attention interaction between the CLS token and all
patch tokens, which results in classifier-only optimization
methods disrupting the cognitive consistency between the
backbone and the classifier [53, 61]. On the other hand,
due to the massive number of parameters in ViT models
and the lack of the inherent inductive bias of convolutional
networks, directly fine-tuning with only a few incremen-
tal samples is more prone to overfitting and representation
drift [5]. These suggest that effective adaptation in few-shot
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scenarios demands not only accurately identifying the sub-
set of parameters best suited for acquiring new knowledge,
but also making minimal adjustments to the parameter dis-
tribution to preserve the essential pre-trained knowledge.
Therefore, we propose Lark, a method that first identifies
parameters suitable for fine-tuning and then makes subtle
adjustments to those selected parameters.

Our approach is divided into two main stages: Knowl-
edge Localization and Incremental Editing. During the
Knowledge Localization stage, our goal is to identify the
model components most suitable for incremental learning.
We achieve this by leveraging the Fisher Information Ma-
trix [17, 18] to measure the impact of each component on
the model’s output. Analyzing the Fisher Matrix enables us
to pinpoint parameters that have a minimal contribution to
the retention of learned knowledge. However, given the vast
number of parameters in large-scale vision models, directly
analyzing all parameters would incur prohibitive computa-
tional and memory costs [30, 44]. To address this issue,
we introduce an equivalent substitution of hidden states as
an indirect metric, reducing computational complexity and
improving the efficiency of the localization process.

After identifying the parameters suitable for editing, we
employ an incremental editing method based on Rank-
One [4, 21] matrix to optimize these parameters. Specifi-
cally, given a parameter matrix W , we update it by adding
an outer product matrix of rank one. This low-rank update
introduces new knowledge while minimally perturbing the
parameter space (as shown in Figure 1.), thereby preserving
the model’s overall structure [11, 15]. We summarize the
contributions of this work as follows:
• We propose Lark, a method that locates the model pa-

rameters most suitable for learning new knowledge and
updates them using a low-rank matrix. It can be used for
FSCIL in large visual models.

• To mitigate the high computational cost of gradient calcu-
lations over numerous parameters, we use the information
contained in hidden states to reflect and assess the impor-
tance of parameters across different layers.

• We analyze the information encoding process within the
MLP and MHSA modules, clarifying the significance of
updating different weight matrices in these modules.

• Our method demonstrates superior performance com-
pared to previous state-of-the-art methods across three
datasets. Additionally, we analyze and validate the pro-
posed method’s effectiveness on other visual tasks.

2. Related Work
Few-Shot Class-Incremental Learning. FSCIL aims to
enable models to continually learn in few-shot scenarios,
and numerous studies have explored this from various per-
spectives [40, 46, 55]. MetaFSCIL [7] addresses data im-
balance between base and incremental sessions by con-

structing multi-stage pseudo-incremental tasks during the
base session. Meta-learning methods like FSLL [33] re-
sist overfitting by selectively updating parameters, while
Pseudo-Frequency Refinement (PFR) [38] introduces an ar-
chitecture enhancing ability for fine-grained object recogni-
tion. However, these methods primarily focus on adaptabil-
ity and often neglect improving representation capacity.

To address this limitation, some works train robust pre-
trained models [52] during the base session and integrate
them with prototype classifiers for incremental learning.
CLOSER [37] ensures good inter-class separability through
extensive contrastive learning on base class data, using
mean vectors as classification prototypes. OrCo [1] adjusts
class prototype distributions via orthogonal constraints, en-
abling incremental classes to align with the original feature
space. However, a static pre-trained model cannot consis-
tently align with a classifier that continuously evolves dur-
ing incremental sessions [27, 53]. Thus, we argue that fur-
ther optimization of the pre-trained model is necessary to
maintain alignment with the evolving classifier.

Global optimization of pre-trained models is undesir-
able, as it cause forgetting of prior knowledge and over-
fitting to new classes [39]. EWC [18] proposes evaluat-
ing parameter importance through gradient, noting that dif-
ferent parameters vary in importance for task cognition.
Building on this, WaRP [17] dynamically adjusts parameter
weights using rotation in weight space, effectively adapting
to new knowledge while preserving old knowledge. How-
ever, computing gradients for all parameters in large models
is inefficient [2, 12]. Therefore, we assess parameter impor-
tance using the hidden states of each layer.
Model Editing. ME aims to modify pre-trained models
to retain existing knowledge while integrating new infor-
mation. Mainstream approaches typically employ low-rank
matrix update strategies. For instance, ROME [35] identi-
fies parameter regions associated with specific knowledge
via causal mediation analysis and applies precise low-rank
updates. Similarly, PEMT [25] highlights the importance of
Multi-Head Self-Attention (MHSA), introducing low-rank
updates into MHSA modules to improve the integration of
new knowledge. We further analyzed the roles of Multi-
Layer Perceptrons (MLP) and MHSA in visual tasks and
refined model editing methods accordingly. Other stud-
ies [43, 49] utilize low-rank properties for continual learn-
ing by performing gradient updates orthogonal to the sub-
space of previous tasks, thereby mitigating catastrophic for-
getting. WaRP [17] preserves existing knowledge within
a smaller low-rank matrix, allowing the model to primar-
ily accommodate new information. However, large-scale
pre-trained models generally store substantial old knowl-
edge. Thus, we argue for preserving existing knowledge
to the greatest extent possible and representing new knowl-
edge through a low-rank matrix.
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3. Method
3.1. Preliminaries
FSCIL Setting. Following the mainstream FSCIL set-
ting [46], in which the training process is divided into T +1
sessions {Dbase, D1, ..., DT } with corresponding disjoint
label sets {Cbase, C1, ..., CT }. The first session Dbase con-
tains a large training dataset. The goal of FSCIL is to recog-
nize the incremental dataset Dt during the incremental step
t while maintaining a good discriminative ability for the al-
ready learned classes, which can be represented as follows:

Ft(x) =

{
y if x → Dt

Ft→1(x) if x /→ Dt
, (1)

where Ft is the model after incremental editing at stage t.
Specifically, the model F is composed of a feature ex-

tractor fω(·), and a classifier gε(·). The feature extractor
fω(·) : X ↑ Z maps an input x to a feature vector z =
fω(x) in the feature space Z. The classifier gε(·) : Z ↑ Y

then produces the class prediction. Notably, in this work,
gε(·) is a Nearest Neighbor Classifier (See Section 6.1 of
the supplement) that remains unaffected by updates to fω(·).
Hidden State. How can we identify the differences in the
perception of learned knowledge by different parameters?
A straightforward and effective method is to compute the
gradients of the objective function with respect to different
parameters [17, 18]. However, for models with numerous
parameters, calculating gradients directly is computation-
ally inefficient [12, 23]. Instead, the hidden states generated
dynamically during inference reflect each layer’s contribu-
tion to the current task more effectively [34, 45].

The hidden states of the sample in the l-th layer of the
encoder include the output of the Multi-Head Self-Attention
mechanism (MHSA), denoted as h(l)

a , and the output of the
Multi-Layer Perceptron (MLP), denoted as h(l)

m :

h
(l)
a = [z(l)a ; p(l)a,1; p

(l)
a,2; . . . ; p

(l)
a,N ] = MHSA(h(l→1)

m ) + h
(l→1)
m ,

h
(l)
m = [z(l)m ; p(l)m,1; p

(l)
m,2; . . . ; p

(l)
m,N ] = MLP(h(l)

a ) + h
(l)
a ,

(2)
where l = 1, . . . , L, with L denoting the total number of
encoder blocks in fω(·). And p is the different patches, N
represents the number of patches for the image.

3.2. Knowledge Localization
Localization aims to identify the model components most
effective at assimilating new knowledge. Although some
approaches compute the Fisher information matrix for each
parameter [18, 31], this process becomes computationally
prohibitive for large-scale models because of the extensive
gradient calculations required. To address this limitation,
we instead use hidden states. By applying our method,
we can determine how various layers respond to previously

learned information. As shown in Figure 2, layers 8, 9, and
10 exhibit heightened sensitivity to category 1, whereas lay-
ers 5 and 6 minimally influence its recognition.

Figure 2. Sensitivity of categories 1 and 95 in the CUB200
dataset across different hidden layers. The blue boxes denote non-
sensitive regions, whereas the red boxes signify sensitive regions.

Calculation of the Fisher Information Matrix. To
quantify the layer-wise influence on model decisions, we
use a perturbation-driven analysis. Taking the MHSA mod-
ule in layer l as an example, we introduce Gaussian pertur-
bation ω ↓ N (0,ε2) into the hidden state h

(l)
a (Details in

the supplement section 6.2). We then measure the resulting
change in the final class token z

(L)
m to assess the sensitivity

of the output to the current layer. Formally, the contribution
of token a at layer l is quantified by ϑ

l
a as defined in:

ϑ
l
a =

∥∥∥ϑL(z(L)
m ,z̃(L)

m )

ϑz̃(l)
a

∥∥∥
2

+
∑N

n=1

∥∥∥∥
ϑL(z(L)

m ,z̃(L)
m )

ϑp̃(l)
a,n

∥∥∥∥
2

N + 1
, (3)

where the objective function L(z(L)
m , z̃

(L)
m ) = 1 ↔

z(L)
m ·z̃(L)

m

↑z(L)
m ↑↑z̃(L)

m ↑
captures the directional change of the class to-

ken before (z(L)
m ) and after (z̃(L)

m ) perturbation via cosine
similarity. In particular, this objective aligns naturally with
the nearest-neighbor classifier gε(·), ensuring consistency
between the backbone and the classifier.

Subsequently, to assess the parameter sensitivity for each
category (for example, the k-th category), we randomly se-
lected J samples from the k-th category to estimate the
Fisher Information Matrix Fk → RJ↓2L.

Fk ↗





ϑ
(1,1)
a , ..., ϑ

(l,1)
m , ..., ϑ

(L,1)
a , ϑ

(L,1)
m

ϑ
(1,2)
a , ..., ϑ

(l,2)
m , ..., ϑ

(L,2)
a , ϑ

(L,2)
m

...
...

...
. . .

...
...

ϑ
(1,J)
a , ..., ϑ

(l,J)
m , ..., ϑ

(L,J)
a , ϑ

(L,J)
m




.

(4)
The sum of each column in Fk reflects the influence of a

specific layer’s parameters on the designated category. Con-
sequently, the sensitivity of parameters from different layers
to the given category can be approximate as:

{
J∑

j=1

ϑ
(1,j)
a , ...,

J∑

j=1

ϑ
(l,j)
m , ...,

J∑

j=1

ϑ
(L,j)
a ,

J∑

j=1

ϑ
(L,j)
m }, (5)
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Figure 3. Overview of the Lark Method. (a) illustrates the Knowledge Localization process, in which gradients of the noise-augmented
hidden state are sequentially computed to obtain the Fisher Information Matrix. (b) and (c) represent the incremental editing processes for
MHSA and MLP, respectively.

where
∑J

j=1 ϑ
(1,j)
a represents the impact of the first layer’s

MHSA on a specific category.
Ultimately, we aggregated the Fisher information ma-

trices for each layer’s parameters across all categories and
employed the Lowest-K criterion to identify parameters ex-
hibiting minimal interference with old knowledge for incre-
mental editing (refer to Supplementary Section 6.3).

3.3. Incremental Editing
After locating parameters suitable for editing, we edit them
to incorporate new knowledge. To preserve previously
learned knowledge, we aim to introduce minimal-norm per-
turbations to the original parameters. Therefore, the rank-
one update method is adopted to minimize parameter ad-
justments during editing. In contrast to previous approaches
that focus solely on MLP modules [25, 35], our work con-
ducts a rigorous structural analysis of the multi-head self-
attention (MHSA) module. Our analysis reveals that mod-
ifications to the Query and Key matrices exert a limited in-
fluence, whereas changes to the Value matrix directly affect
information weighting. Building on these insights, we pro-
pose a more detailed method for incremental editing.
Editing in MHSA. MHSA demonstrates a high capacity
for information integration during the model’s knowledge
extraction process [13] while encompassing general knowl-
edge extraction patterns associated with specific facts [25].
In visual pre-trained models like ViT, the class token can
only represent sample class information after continuously
aggregating the patch tokens representing the image itself.
Consequently, it is considered necessary to modify MHSA
to maintain its information extraction capabilities in line

with updates in knowledge.
Specifically, WQuery and WKey govern the relationships

between tokens and the attention distribution, while WValue
predominantly determines the final output. As illustrated in
Figure 3(b), the hidden state h

(l→1)
m passes through MHSA

to produce the original output h(l)
a :

h
(l)
a = softmax(

A↘
dk

)h(l→1)
m W

(l)
Value

= A
ϖ
h
(l→1)
m W

(l)
Value,

(6)

where A = h
(l→1)
m W

(l)
Query · (h(l→1)

m W
(l)
Key)

T represents the
attention matrix, which is subsequently transformed non-
linearly and denoted as A

ϖ . From the perspective of the
graph, Aϖ can be viewed as an adjacency matrix [54]. And,
A

ϖ
h
(l→1)
m can be considered as input, relative to W

(l)
Value.

Therefore, we argue that directly modifying WValue to ad-
just the output of MHSA does not impact the attention dis-
tribution among tokens. To ensure that the edited param-
eters effectively capture new categorical information while
preserving the model’s existing knowledge. The key issue
is how to construct a matrix !W

(l)
Value with the NN-matrix

norm that is applicable to all token vectors:

min
!W (l)

Value

∥∥∥!W
(l)
Value

∥∥∥
↓

s.t. ϖ =
(
W

(l)
Value +!W

(l)
Value

)
µ,

(7)
where µ is the input vector of one token from A

ϖ
h
(l→1)
m . ϖ

is the target output of this token, which is contained in the
hidden state ĥ(l)

a of the new knowledge and can be obtained
through a regular training process (See Section 7.1 in sup-
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plementary). Based on the Rank-One principle, !W
(l)
Value

can be expressed as:

!W
(l)
Value =

ϖz ≃ µ
T
z

⇐µz⇐2
⇒
{
ϖi ≃ µ

T
i

⇐µi⇐2
| i = 1, 2, . . . , N


,

(8)
where, ϱz↔µT

z
↑µz↑2 and ϱi↔µT

i
↑µi↑2 denote the outer product matrices

derived from the class token and patch tokens, respectively.
Additionally, to investigate the necessity of modifying

WQuery and WKey, we conducted two experiments. As shown
in Figure 4, the attention distribution of the class token over
various image patches shows only minor differences be-
tween the trained model and the original model.

Figure 4. Comparison of the attention distribution of the class to-
ken when aggregating patch information before and after training.

And, in Table 1, we calculated the similarity of the at-
tention matrices for the second layer of the model before
and after training. As shown in the table, the similarity val-
ues are relatively high, with the lowest value being 0.7617
(Details in Section 7.2 in supplementary). Based on these
findings, we consider that editing WValue is sufficient.

No.1 No.2 No.3 No.4 No.5
Sample 1 0.8321 0.8136 0.7884 0.7741 0.8072
Sample 2 0.8217 0.8429 0.8720 0.8817 0.9093
Sample 3 0.7958 0.8173 0.8325 0.8575 0.8627
Sample 4 0.8305 0.8581 0.8622 0.8823 0.8829
Sample 5 0.8052 0.7617 0.8438 0.8612 0.8087

Table 1. Similarity of attention matrices between the models be-
fore and after training on CIFAR100 Session 1. We consider a
similarity greater than 0.75 to be similar.
Editing in MLP. In Transformer models, the MLP mod-
ule plays a crucial role in knowledge storage [14]. The first
layer of the MLP module generates a key that encodes the
semantic properties of the input, While the second layer
serves as an associative memory, retrieving the correspond-
ing factual association [10]. In line with approaches like
MEMIT [34] and ROME [35], we edit the second linear
layer of the MLP module. As shown in Figure 3(c), we use
the MLP module of the l-th layer as an example. Following
Equation 7 and 8, we obtain the following inference:

!W
(l)
(mlp,2) =

ϖz ≃ µ
T
z

⇐µz⇐2
⇒
{
ϖi ≃ µ

T
i

⇐µi⇐2
| i = 1, 2, . . . , N


,

(9)

here, µz and µi are the input vector of one token from
h
(l)
a W

(l)
(mlp,1), and ϖz and ϖi come from ĥm

(l).
It can be observed that, each hidden state is a sequence of

tokens, and each token can be derived as a Rank-One matrix
in the form of an outer product. The !W in Equation 8 and
9 is a sequence composed of N + 1 Rank-One matrices.
Thus, a new problem arises: how can we obtain a Rank-One
matrix that can be added to the original parameter matrix?

Considering that the model’s output aggregates other
patch information, we believe that each token contributes
to the final output. However, due to the subadditivity prop-
erty of matrices, the rank of !W obtained in the form of
summation or averaging cannot be guaranteed to be 1 (De-
tails in Section 6.4 in supplementary). Hence, we further
employ the Singular Value Decomposition (SVD) to de-
compose !W into orthogonal matrices U and V

T , and a
diagonal matrix ”. By retaining only the largest singular
value, we preserve the most crucial information in !W and
achieve an optimal low-rank approximation:

!W ↗ ϱmaxumaxv
T
max, (10)

where ϱmax is the largest singular value, and umax and
vmax are the corresponding left and right singular vectors.

4. Experiments
4.1. Datasets and Experimental Details
Datasets. We evaluate the performance on CIFAR100
[20], mini-ImageNet [42], and CUB200 [48]. Following
[46], for CIFAR100 and mini-ImageNet, we use 60 classes
as base classes and reserve the remaining 40 classes for new
class introduction. These classes are divided into 8 incre-
mental sessions, each consisting of a 5-way 5-shot incre-
mental task. For CUB200, 100 classes are base classes, with
the remaining 100 classes organized into 10 sessions, each
comprising a 10-way 5-shot incremental task.
Evaluation Metrics. We primarily evaluate the perfor-
mance using the accuracy of each session, the average ac-
curacy across all sessions, and the performance drop rate
(PD). PD measures the absolute drop in accuracy in the last
session relative to the accuracy in the base session.
Baseline and Implementation Details. To comprehen-
sively validate Lark’s versatility, we integrated it into two
methods, OrCo [1] and CLOSER [37], which served as our
baselines. Subsequently, we replaced their backbone with
ViT-B/16 [9], referring to the revised implementations as
OrCo-ViT and CLOSER-ViT. During knowledge localiza-
tion, we select five samples per class to calculate perceptual
differences and edit three parameter matrices to learn new
knowledge. In the incremental editing stage, we use co-
sine scheduling with a maximum learning rate of 0.1 and
set the number of epochs to 50. These configurations are
consistently applied across all datasets. All experiments are
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Acc. in each session (%) →Dataset Method Base 1 2 3 4 5 6 7 8 9 10 Avg → PD ↑

CIFAR100

[CVPR’21] CEC [55] 73.07 68.88 65.26 61.19 58.09 55.57 53.22 51.34 49.14 / / 59.53 23.93
[TPAMI’22] LIMIT [60] 73.81 72.09 67.87 63.89 60.70 57.77 55.67 53.52 51.23 / / 61.84 22.58
[ICLR’23] WaRP [17] 80.31 75.86 71.87 67.58 64.39 61.34 59.15 57.10 54.74 / / 65.82 25.57
[ICCV’23] SV-T ‡ [41] 86.77 82.82 80.36 77.20 76.06 74.00 72.92 71.68 69.75 / / 76.84 17.02
[ICME’23] CPE-CLIP ‡ [8] 87.83 85.86 84.93 82.85 82.64 82.42 82.27 81.44 80.52 / / 83.42 7.31
[TIP’24] MTE-FSCIL [50] 80.71 76.17 73.11 69.28 65.57 62.65 60.44 58.06 57.62 / / 67.07 23.09
[ECCV’24] CLOSER-ViT † [37] 90.38 87.31 85.94 84.31 83.55 82.24 80.19 78.54 76.28 / / 83.19 14.10
[CVPR’24] OrCo-ViT † [1] 93.78 87.26 86.26 84.28 82.24 79.86 76.53 74.72 73.79 / / 82.08 19.99
[TPAMI’24] LRT ‡ [57] 87.02 82.40 77.84 73.31 70.18 66.74 64.50 61.99 59.49 / / 71.50 27.53
[Ours]Lark in CLOSER-ViT † 90.38 88.79 87.29 86.84 86.26 84.51 84.13 83.47 82.64 / / 86.03 7.74
[Ours]Lark in OrCo-ViT † 93.78 90.45 88.89 87.31 85.55 84.24 84.19 82.54 80.28 / / 86.36 13.50

mini-ImageNet

[CVPR’21] CEC [55] 72.00 66.83 62.97 59.43 56.70 53.73 51.19 49.24 47.63 / / 57.75 24.37
[TPAMI’22] LIMIT [60] 72.32 68.47 64.30 60.78 57.95 55.07 52.70 50.72 49.14 / / 59.05 23.18
[ICLR’23] WaRP [17] 72.99 68.10 64.31 61.30 58.64 56.08 53.40 51.72 50.65 / / 59.69 22.34
[ICCV’23] SV-T ‡ [41] 90.55 89.20 86.80 85.44 84.78 83.38 81.91 81.90 81.65 / / 85.07 8.90
[ICME’23] CPE-CLIP ‡ [8] 90.23 89.56 87.42 86.80 86.51 85.08 83.43 83.38 82.77 / / 86.13 7.46
[TIP’24] MTE-FSCIL [50] 78.86 75.40 72.15 68.38 65.02 61.78 58.90 56.68 56.31 / / 65.94 22.55
[ECCV’24] CLOSER-ViT † [37] 93.12 91.18 88.54 85.39 82.76 80.94 78.23 79.52 77.33 / / 84.11 15.79
[CVPR’24] OrCo-ViT † [1] 93.58 86.26 83.17 81.51 78.53 77.59 76.11 75.56 75.03 / / 80.82 18.55
[TPAMI’24] LRT ‡ [57] 90.17 85.82 81.70 78.12 75.04 71.71 68.88 66.74 65.34 / / 75.94 24.83
[Ours]Lark in CLOSER-ViT † 93.12 92.14 90.56 89.73 87.77 86.47 85.30 84.61 83.69 / / 88.15 9.43
[Ours]Lark in OrCo-ViT † 93.58 90.12 88.46 87.19 86.94 84.55 83.54 81.85 79.12 / / 86.15 14.46

CUB200

[CVPR’21] CEC [55] 75.85 71.94 68.50 63.50 62.43 58.27 57.73 55.81 54.83 53.52 52.28 61.33 23.57
[TPAMI’22] LIMIT [60] 75.89 73.55 71.99 68.14 67.42 63.61 62.40 61.35 59.91 58.66 57.41 65.48 18.48
[ICLR’23] WaRP [17] 77.74 74.15 70.82 66.90 65.01 62.64 61.40 59.86 57.95 57.77 57.01 64.66 20.73
[ICCV’23] SV-T ‡ [41] 84.19 82.63 81.21 78.97 79.38 77.64 77.55 75.71 75.91 75.77 76.17 78.65 8.02
[ICME’23] CPE-CLIP ‡ [8] 81.58 78.52 76.68 71.86 71.52 70.23 67.66 66.52 65.09 64.47 64.60 70.79 16.98
[TIP’24] MTE-FSCIL [50] 78.94 75.72 72.46 68.25 67.86 64.82 63.70 62.89 61.25 60.47 60.36 66.97 18.58
[ECCV’24] CLOSER-ViT † [37] 87.08 85.92 83.50 81.47 79.24 78.34 77.14 74.68 73.10 73.22 73.03 78.79 14.05
[CVPR’24] OrCo-ViT † [1] 87.22 83.49 82.90 81.93 80.16 78.34 76.41 76.25 73.03 72.17 72.43 78.58 14.79
[Ours]Lark in CLOSER-ViT † 87.08 86.21 85.08 84.21 83.69 82.21 81.46 78.58 78.04 78.16 77.31 82.00 9.77
[Ours]Lark in OrCo-ViT † 87.22 84.48 83.46 82.77 81.54 80.69 79.43 77.61 75.62 75.45 74.78 80.28 12.44

Table 2. Sota comparison on CIFAR100, mini-ImageNet and CUB200. The best results are bolded and the second-best results are
underlined. Avg is the average accuracy across all sessions, and PD is the performance drop rate. Methods marked with † use the ViT
model for their backbone, while those marked with ‡ are prompt-based methods integrated with CLIP.

conducted on two A100 GPUs, and the results are reported
as the average of three runs.

4.2. Comparison to state-of-the-art
In this section, we conducted a comparative analysis of
the proposed Lark with the latest state-of-the-art methods
(as shown in Table 2). Among the compared methods,
CLOSER [37] and OrCo [1] both employed a pretraining
strategy. Specifically, they first trained the backbone on the
base session and then fine-tuned the classification head dur-
ing the subsequent incremental learning stages to accom-
modate new classes. This aligns with the usage scenarios
of pre-trained visual models. Therefore, we replaced their
backbone with ViT-B/16 [9] and reproduced their results.

Lark demonstrates outstanding performance across all
three datasets, surpassing most methods in terms of accu-
racy and forgetting rate. Although its PD is marginally
below that of some prompt-based approaches—primarily
because they utilize learnable prompt vectors and ancil-
lary semantic information from CLIP—Lark still achieves
substantial improvements across diverse backbone archi-

tectures (e.g., CLOSER-ViT and OrCo-ViT), indicating its
wide applicability and robust stability.

4.3. Ablation Study
In this section, we conduct ablation experiments and visual
analyses on the CIFAR100 dataset to verify the effective-
ness and characteristics of each component.

Frozen Localization Rank-All Rank-One Avg → PD ↑

✁ ✂ ✂ ✂ 82.08 19.99
✂ ✂ ✂ ✂ 77.33 29.81
✂ ✁ ✂ ✂ 81.07 22.32
✂ ✁ ✁ ✂ 84.38 16.59
✂ ✁ ✂ ✁ 86.36 13.50

Table 3. Ablation study of different modules on CIFAR100 in this
work. The best results are bolded. Avg is the average accuracy
across all sessions, and PD is the performance drop rate.

Effectiveness of Localization and Editing. Table 3
presents the performance of each component. Here, Frozen
indicates whether the backbone is frozen, where a frozen
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backbone corresponds to the OrCo-ViT result. Localiza-
tion means that during incremental learning, only the lo-
cated parameter matrices are fine-tuned. Rank-All sums all
the update matrices corresponding to each token and then
averages them to obtain the final update. Rank-One per-
forms singular value decomposition on the sum of all these
token-related update matrices, as shown in Equation 10.

It can be observed that when the backbone is unfrozen,
the performance is inferior to that of OrCo-ViT. Even when
we locate the parameters suitable for learning new knowl-
edge, the model’s performance still does not match that of
OrCo-ViT. We believe this is mainly because the distribu-
tion of the updated parameter matrices has shifted, causing
the backbone’s ability to recognize old classes to decline.
After determining the desired low-rank matrix !W , both
mean processing and singular value decomposition result in
a performance that exceeds that of OrCo-ViT. This demon-
strates that updating low-rank matrices has the potential to
overcome the stability-plasticity dilemma.

Class Token Hidden State 𝒉𝒂
(𝟒) Hidden State 𝒉𝒎

(𝟏𝟎)

Figure 5. Cluster Distribution on the test set of session 1 of CI-
FAR100, generated using t-SNE [47]. The top row corresponds
to OrCo-ViT, while the bottom row represents Lark in OrCo-ViT.
Red circles indicate boundaries that are relatively blurred, while
red solid lines indicate boundaries that are relatively clear.

Intermediate Layer Adapted New Knowledge. In Fig-
ure 5 we present a comparison of the feature distributions
of Class Tokens and hidden states at two different layers
in OrCo-ViT and Lark. We observe that in OrCo-ViT (top
row), the decision boundaries between certain classes are
relatively blurred. For example, in the hidden state h

(10)
m ,

the red, green, and purple classes overlap. In contrast, Lark
(bottom row) effectively draws clear boundaries among all
classes. These clustering plots suggest that although the
pre-trained base model possesses some clustering capability
when facing new samples, it outperforms the model after lo-
calization and editing. Based on the distribution of the class
token, we hold that editing identified parameters allows for

Lark Localization

Figure 6. Parameter distribution of the second linear layer in the
MLP module of the 10th encoder. The parameter changes under
Localization are significantly excessive than those under Lark.

better adaptation to all samples in the new classes.
Smaller perturbations from Rank-One. The purpose of
low-rank matrix updates is to minimize perturbations to the
original parameters while learning new knowledge. There-
fore, we conducted the visual analyses shown in Figure 6.
First, we performed histogram statistics on the frequency
of parameter occurrences, where the horizontal axis repre-
sents the weight values and the vertical axis represents the
frequency of different values. It can be observed that in
Lark, the distribution of edited weights is very close to that
of original weights. However, in the Localization plot, the
distribution of Edited Weights changes significantly, espe-
cially in the frequencies of peak and extreme values.

Second, we conducted scatter plot analyses where each
point’s horizontal coordinate is the original parameter value
and the vertical coordinate is the edited value. Points closer
to the reference line indicate smaller degrees of perturba-
tion. It is clearly observed that, compared to the notice-
able deviations from the reference line in Localization, most
points in Lark are densely distributed near the reference
line, forming a relatively narrow band. In summary, the
contrasts in the histograms and scatter plots demonstrate
that Lark causes minimal perturbation to the original pa-
rameter distribution while learning new knowledge.

4.4. Analysis of Low-Rank Matrix Update
We further analyze the effectiveness of low-rank matrix up-
dates from two complementary perspectives: selective fine-
tuning and the determination of an optimal rank. First, we
investigate the impact of selectively fine-tuning individual
matrices Query (Q), Key (K) and Value (V ) within the
MHSA. As shown in the right side of Table 4, fine-tuning
only the V matrix consistently yields the highest perfor-
mance. This advantage arises because updates to Q and K

significantly alter attention distributions, causing interfer-
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Datasets Metrics Q K V Q, K, V 1 4 16 64

CIFAR100
Avg 84.45 84.40 86.03 84.93 86.03 85.99 85.99 85.85
PD 10.43 10.51 7.74 11.27 7.74 7.60 7.91 7.95

CUB200
Avg 80.31 79.93 82.00 80.09 82.00 81.91 81.83 81.72
PD 12.76 13.37 9.77 13.81 9.77 9.63 9.57 9.49

mini-ImageNet
Avg 85.19 84.72 88.15 84.30 88.15 88.09 87.86 87.63
PD 12.83 13.33 9.43 14.49 9.43 9.40 9.51 9.57

Table 4. The left side of the table shows results obtained by editing
different matrices in MHSA, while the right side shows results
obtained using different ranks.

ence with previously learned classes. Conversely, the V ma-
trix simply transforms features, effectively balancing model
stability and plasticity. Jointly fine-tuning all three matrices
leads to notable performance degradation, highlighting the
critical role of selective tuning.

Second, inspired by the Eckart-Young-Mirsky theorem,
we validate the choice of rank-1 for low-rank approxima-
tions. Theoretically, rank-1 outer products minimize in-
terference with prior knowledge by providing the optimal
low-rank representation of weight updates (!W ) under the
Frobenius norm. Practically, higher ranks increase param-
eter count and memory usage, conflicting with FSCIL’s
lightweight learning objectives. Results on the left side of
Table 4 support rank-1 as the optimal choice, achieving con-
sistently superior or competitive average accuracy and per-
formance deterioration across all datasets.

4.5. Lark in other task
The main challenge faced by hand keypoint detection tasks
is that obtaining sufficient labeled real-world data is both
labor-intensive and time-consuming, leading many studies
to rely on synthetic datasets. These works [24, 62] pre-
train models on synthetic datasets and then transfer the
pre-trained models to real-world scenarios, effectively over-
coming the challenges posed by data scarcity. Based on
this, in this section, we construct a few-shot incremental
learning scenario for hand keypoint detection tasks to vali-
date the effectiveness of the proposed method. Specifically,
we use RenderedHandPose [62] (RHD) as the base session,
with Hand3DStudio [58] (H3D) and FreiHand [63] (FHD)
serving as incremental sessions. Similar to FSCIL tasks, the
training data for the incremental sessions consist of only a
small number of samples, while the test samples include the
entire test set data (Details in Section 7.5 in supplementary).

We conducted comparative experiments in Table 5,
where Global denotes allowing all parameters to be updated
in incremental sessions, and Frozen refers to freezing the
backbone, only allowing updates to the output head. It is
evident that, Lark achieves significant advantages in both
Avg and PD metrics. Specifically, for Avg, Lark shows an
improvement of 1.94% over the second-best result, while
for PD, it reduces the value by 3.11% (more experiments
are in Section 7.6 of the supplement.).

Additionally, we visualized the keypoint detection capa-

Acc. in each session (%) →Method Base 1 2 Avg → PD ↑

Global 65.64 52.73 53.65 57.34 11.99
Frozen 65.64 52.34 54.21 57.39 11.43
Lark (Ours) 65.64 55.04 57.32 59.33 8.32

Table 5. Performance comparison on keypoint detection tasks.
The best results are bolded. Avg is the average accuracy across
all sessions, and PD is the performance drop rate.

bilities of Global, Frozen, and Lark in Figure 7. Overall, the
advantages clearly demonstrate that the proposed method
of first locating parameters and then performing low-rank
matrix updates can effectively learn new knowledge while
retaining memory of the old knowledge.

Figure 7. Keypoint detection results under different methods. The
yellow horizontal lines measure the shift degree of the same key-
point across different incremental sessions. The green vertical
lines measure the shift of new knowledge relative to the ground
truth across various methods.

5. Conclusion
In this paper, we propose Lark, a method that performs
low-rank matrix updates after knowledge localization. By
locating knowledge, the method identifies parameters suit-
able for learning new knowledge, which can prevent mis-
alignment between the backbone and the classifier. More-
over, under the constraint of the Rank-One matrix, concerns
about excessive updates to parameter weights are alleviated.
Experimental results on three datasets demonstrate that our
proposed method achieves clear advantages over state-of-
the-art approaches. Additionally, experiments conducted on
hand keypoint detection tasks further illustrate that Lark is
a generalizable approach, suitable for incremental learning
tasks in various few-shot scenarios.

In future work, we will investigate a generalized few-
shot incremental learning method applicable to more visual
tasks, including segmentation and detection. Furthermore,
time and space efficiency should be evaluated to ensure the
method’s suitability for large-scale visual models.
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