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Abstract

Vision-Language Models (VLM) have emerged as a highly
promising approach for Continual Learning (CL) due to
their powerful generalizable features. While adapter-based
VLM can exploit both task-specific and task-agnostic fea-
tures, current CL methods have largely overlooked the dis-
tinct and evolving parameter distributions in visual and lan-
guage modalities, which are found crucial for effectively
mitigating catastrophic forgetting. In this study, we find that
the visual modality experiences a broader parameter distri-
bution and greater variance during class increments than
the textual modality, leading to higher vulnerability to for-
getting. Consequently, we handle the branches of the two
modalities asymmetrically. Specifically, we propose a Dy-
namic Multi-layer Null Space Projection (DMNSP) strategy
and apply it only to the visual modality branch, while opti-
mizing the language branch according to the original opti-
mizer. DMNSP can restrict the update of visual parameters
within the common subspace of multiple null spaces, fur-
ther limiting the impact of non-zero residual terms. Simul-
taneously, combined with a dynamic projection coefficient,
we can precisely control the magnitude of gradient projec-
tion to the null space, endowing the model with a good
balance of stability and plasticity. Extensive experiments
on TinyImageNet, CIFAR100 and ImageNet-R demonstrate
that our method outperforms current approaches in accu-
racy and knowledge retention, setting a new standard for
state-of-the-art performance in class incremental learning.
Our code is available at https://github.com/RL-
VIG/DMNSP.

1. Introduction
The primary objective of Continual Learning (CL) is to
enable models to learn from a sequence of data or tasks
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Figure 1. (a) VLM-based CL methods that require full fine-
tuning. (b) Adapter-based VLM CL methods requiring fine-tuning
of adapter layers. (c) Adapter-based VLM CL methods with
DMNSP in visual branch. (d) Variances of visual and language
parameters in adapter-based CLIP within CL. (e) Forgetting rate
of adapter-based CLIP before and after the integration of DMNSP.

over time while effectively preventing catastrophic forget-
ting [8, 9, 32]. However, traditional training-from-scratch
models [18, 20] can only obtain the feature representa-
tions specific to the current task, and they do not demon-
strate good generalization ability when used for contin-
ual learning. Hence, in recent years, CL has gradually
tended to adopt methods based on Vision-Language Mod-
els (VLM), such as the Contrastive Language-Image Pre-
training (CLIP) model [27]. The studies in [5, 33] show
that CLIP, trained with a large number of image-text pairs
through contrastive learning, inherently has a strong con-
tinual learning ability, which significantly contributes to the
development of CL. Subsequently, several improved meth-
ods have been developed. As depicted in Figure 1(a), ZSCL
[42] and Mod-X [25] utilize additional components, such as
specific datasets and specially-constructed loss functions, to
conduct full-tuning of CLIP for CL. To some extent, this
affects the expression of the generalizable features of CLIP
itself. In contrast, Parameter-Efficient Fine-Tuning (PEFT)
techniques [1, 13, 14], such as the adapter-based method, ef-
fectively integrate task-specific features obtained from fine-
tuning and the task-agnostic generalizable features of VLM.
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In addition, as shown in Figure 1(b), MoE4Adapters [40]
utilizes an adapter-based VLM architecture, incorporating
various adapter designs to alleviate the training burden,
thereby achieving strong performance in CL.

However, within the context of VLM under the CL
framework, the relationship between these two modalities
(i.e., visual and text modalities) remains insufficiently ex-
plored. To address this, we investigate the parameter varia-
tion of the visual and language adapters in the adapter-based
CLIP. As shown in Figure 1(d), during a CL process in-
volving 10 tasks, we observe that the parameter variance
of the last layer’s visual adapter undergoes more signifi-
cant changes than that of the language adapter. This im-
plies that during the CL process, the degree of change in
visual adapter parameter distributions is greater than that in
the language counterpart, and the corresponding forgetting
rate is relatively high (as shown by the green line “Adapter-
based CLIP” in Figure 1(e)). When the visual adapter is
combined with our strategy to be proposed below, the vari-
ance of visual adapter parameters is markedly reduced, and
simultaneously the forgetting rate is also substantially de-
creased (as shown by the blue line “Adapter-based CLIP +
DMNSP” in Figure 1(e)). Motivated by this observation,
we propose that controlling the variation of visual modal-
ity parameters could be a promising approach to mitigating
catastrophic forgetting in VLM.

To this end, our work takes the approach of null space
projection due to its promising performance in CL, as evi-
denced by the recent studies [19, 21, 34, 41] revealing that
updating gradients within the null space of feature repre-
sentations to constrain residual terms to zero can effectively
mitigate catastrophic forgetting. However, these methods
face two fundamental limitations. First, they perform SVD
of the feature representations in each layer to estimate the
null space. It is approximated by the space spanned by
the vectors corresponding to smaller (i.e., not strictly zero)
singular values. This inherently retains a small amount
of variances of the feature representations, leading to non-
zero residual terms (as shown in Figure 4). Second, when
applied to VLM, existing approaches [26] equally han-
dle visual-language branches despite their distinct modality
characteristics. These observations motivate us to design
the Dynamic Multi-layer Null Space Projection (DMNSP)
method, which leverages comprehensive multi-layer null
space information to constrain the projection process. As
shown in Figure 1(c), we exclusively apply DMNSP to the
visual branch only to further constrain its distribution and
thus limit non-zero residual terms. Moreover, considering
that the magnitude of null space projection directly affects
the plasticity-stability trade-off in CL [41], we dynamically
adjust the degree of projection by measuring the dynamic
similarity between a feature space and its null space. Our
contributions can be summarized as follows:

• We propose an asymmetric adapter training approach to
mitigate the catastrophic forgetting caused by the dif-
ferent behaviors of two modalities in continual learning
faced by adapter-based VLM.

• We propose a multi-layer null space gradient projection
strategy and enrich it with a dynamic projection coeffi-
cient, thereby effectively reducing the negative impact of
non-zero residual terms in the process of CL.

• We conduct eight different experimental settings of Class
Incremental Learning (CIL) on the CIFAR100, TinyIm-
ageNet and ImageNet-R datasets and achieved state-of-
the-art results in terms of accuracy and forgetting rates.

2. Related Works
Traditional Continual Learning mainly consists of three
principal categories of methods. (a) Regularization-based
methods [8, 9, 18, 38] alleviate forgetting by imposing
penalties on the changes of parameters significant to previ-
ous tasks. One drawback of these methods is that the model
capacity is fixed, and the penalty loss will cause the model’s
plasticity to decrease as old tasks increase. (b) Architecture-
based methods involve learning parameters that are tailored
for individual tasks. This can be achieved through network
expansion [7, 15]. Nevertheless, a drawback of these ap-
proaches is that they frequently necessitate a task identity
during the inference stage, which may not always be avail-
able or practical in real-world applications. (c) Rehearsal-
based methods, as exemplified by [12, 28], rely on storing a
portion of the past task experiences in a memory and using
it for training in conjunction with the current task. However,
they are sensitive to the size of the memory.
VLM-based Continual Learning. VLM with general-
ized feature representations are introduced into continual
learning to alleviate the deficiencies of traditional meth-
ods. The work in [5, 33] shows that the CLIP exhibits as-
tonishing continual learning performance without any fine-
tuning. Consequently, CLIP is widely employed as a VLM
in continual learning. CLAP4CLIP [17] presents a method
that employs variational inference to adapt visual language
models to new tasks while preventing forgetting. PROOF
[44] utilizes the fusion of multimodal information such as
visual language, prototypes, and prompts, combined with
task-specific mapping to avoid impacts on old tasks.

However, the aforementioned methods, with an exces-
sive focus on learning task-specific features of new tasks,
undermine the expression of old tasks and consequently re-
sult in the forgetting phenomenon. Therefore, the adapter-
based approach [13] is introduced into the CL of VLM.
PEGP [26] explores numerous fine-tuning methods based
on VLM, including adapters, to accomplish CL but does not
innovate the anti-forgetting method. MoE4Adapters [40]
proposes to complete the learning of task-specific features
through the mixture of experts [30] and the routing selec-
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Figure 2. (a) Represents the overall framework of our method. The CLIP backbone network is frozen, and a trainable adapter layer is
added to each layer of the vision-language branch. The DMNSP strategy is integrated into the optimization of the visual adapter. (b)
Represents the DMNSP strategy, which mainly consists of multi-layer gradient projection and dynamic projection coefficients. The initial
gradient is gradually projected onto the null spaces of layers from 1 to L to obtain the common null subspace of all null spaces. Meanwhile,
combined with the dynamically changing coefficients, the projection can be better accomplished. (c) Represents the details of the adapter.
A combination of two-layer linear layers and a one-layer ReLU function is employed. Only the visual adapter is optimized in conjunction
with DMNSP, and the language adapter is optimized using the original optimizer.

tion mechanism, thereby avoiding impacts on old tasks and
achieving the current SOTA effect. Nevertheless, due to
the lack of a flexible anti-forgetting strategy and the depen-
dence on a fixed adapter-router pair, MoE4Adapters cannot
dynamically learn more tasks in class incremental learning.
Moreover, existing adapter-based VLM methods have ne-
glected the differential changes in the parameter distribu-
tion of visual-language modalities within continual learning
tasks. Hence, targeting the dual-branch structure of VLM,
we propose an asymmetric optimization method to tackle
the problem of catastrophic forgetting.

Projection-based Continual Learning constrains the gra-
dient within specific directions for update, thereby avoid-
ing the interference of the new task learning process on old
tasks. GPM [29] first projects new gradients onto the sub-
space important for old tasks and then subtracts the pro-
jected components to update parameters. TRGP [22] pro-
poses a “trust region” to select related old tasks via gradi-
ent projection for a new task. VPT-NSP2[24] uses prompt
gradient orthogonal projection to prevent interference with
previous tasks and achieve superior anti-forgetting perfor-
mance. However, when using Singular Value Decomposi-
tion (SVD), the above methods do not impose constraints
on the residuals generated by the approximation of the null
space, and this may compromise the effectiveness of anti-
forgetting. Additionally, the gradient projection process

in these methods relies solely on static hyperparameters to
control the degree of projection onto the null space [41],
which may disrupt the balance between plasticity and sta-
bility. These limitations will be addressed by our method
proposed in this paper.

3. Methodology

In this section, we propose the adapter-based VLM contin-
ual learning framework as shown in Figure 2 and elaborate
on the details of each part of the method.

3.1. Preliminaries

In continual learning, a network f with parameters w is
trained sequentially on a series of tasks T1, . . . , Tt, where
task Tt is associated with a paired dataset {Xt, Yt}. Here,
Xt represents the raw data, and Yt denotes the ground truth
corresponding to Xt. When training f on task Tt at the
s-th training iteration, the network parameters are denoted
as wt,s = [w1

t,s, . . . ,w
L
t,s], where L represents the total

number of adapter layers. Correspondingly, the parameter
update at the s-th training iteration for task Tt is denoted as
∆wt,s = [∆w1

t,s, . . . ,∆wL
t,s], and the gradient is given by

gt,s = [g1
t,s, . . . ,g

L
t,s].
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3.2. Asymmetric adapters
We follow the literature [4] to insert the adapter to each
transformer block in CLIP. As shown in Figure 2(c), adapter
is a bottleneck structure consisting of a down-projection
layer Wdown ∈ Rd×r, a non-linear activation ReLU and an
up-projection layer Wup ∈ Rr×d where r ≪ d. It mainly
changes the residual connection in the transformer blocks
by adding non-linear transformations to the identical input.
For the i-th block, we denote its output after the multi-head
self-attention as x̂i ∈ Rn×d, where n represents the number
of patches. We insert adapters to the MLP structure and get
the output as:

x̂i+1 = MLP(LN(x̂i)) + ReLU(x̂i ·Wdown) ·Wup , (1)

where MLP(LN(x̂i)) is the original output of the trans-
former block, and LN denotes layer normalization.

We denote the adapters inserted into the visual branch
of CLIP as Av and the adapters in the language branch as
At. Through experiments, we find that during the process
of the adapter-based VLM learning on new tasks, the pa-
rameter distribution of Av is broader than that of At, with
more variance changes and a higher forgetting rate. Mo-
tivated by this observation, we propose an asymmetric ap-
proach to mitigate the significant changes in visual parame-
ters. Specifically, we project the parameters of Av onto the
multi-layer null space for optimization while optimizing At

in the original manner, thereby helping the model to achieve
a better balance of stability and plasticity.

3.3. Vanilla null space gradient projection

Vanilla null space. After the network ft completes learning
the new task Tt, its parameters are updated to Wt. When
data xt−1 from the old task Tt−1 is input into the current
network, the following condition holds:

Wt · xt−1 = Wt−1 · xt−1 +∆Wt · xt−1. (2)

Wt−1 · xt−1 represents the feature representation of the
old data in previous network ft−1, while ∆Wt · xt−1 (also
known as the residual term) denotes the feature representa-
tion of the old data under the new parameter update. When
∆Wt · xt−1 approaches zero, it implies that the parameter
changes induced by learning the new task do not impact the
data from old tasks [29]. According to the definition of the
null space, all the basis vectors v of the null space of xt−1

satisfy xt−1 · v = 0. Therefore, we only need to project
∆Wt onto the null space of xt−1 to avoid the catastrophic
forgetting in CL. Specifically, we utilize Singular Value De-
composition (SVD) to extract key information from the un-
centered covariance of input features [34] and approximate
the null space of this feature by the subspace associated with
the singular values of lower magnitudes, denoted as Ut−1.

In the l-th adapter, during the current iteration s of up-
dating the weight matrix ∆wl

t,s for task t, the null space
Ul

t−1 corresponding to this layer is incorporated to adjust
the original gradient gl

t,s in specific directions, thereby pre-
venting interference with the previous tasks:

∆wl
t,s = Ul

t−1(U
l
t−1)

⊤gl
t,s. (3)

3.4. Multi-layer null space gradient projection
Multi-layer null space. We argue that when non-zero
residuals exist within local adapters, they will propagate
through layers, thereby compromising the accuracy of gra-
dient projections in the null spaces obtained at the subse-
quent layers. To preemptively mitigate the adverse impact
of the residuals propagating from shallow to deeper layers,
we tighten the projection constraints and leverage all the
null spaces obtained at each layer of the network to collec-
tively constrain the gradient projection process. To achieve
this, we propose a novel multi-layer null-space projection
method which could effectively suppress the magnitude of
the residual terms, driving them toward zero. For more
explanations, please refer to Section A of the Supplemen-
tary Material. As shown in Figure 2(b), we sequentially
project gradient updates into each layer’s null space, ulti-
mately converging on the common null subspace for the fi-
nal update. Our approach can be formally expressed as:

∆wl
t,s =

L∏
j=1

Uj
t−1(U

j
t−1)

⊤gl
t,s. (4)

Dynamic projection coefficient. With the introduction of
multi-layer null spaces, it is necessary to consider the re-
lationship between the gradient space of the current task
and the null spaces of each layer during the projection pro-
cess [41]. Recall that we conduct SVD on the uncentered
covariance features of the input features. Subsequently, we
select the eigenvectors corresponding to the top p% of the
larger singular values to construct the main feature space
Ut for the current task. Let Ut =

{
u1, . . . ,ui

}
and recall

that Ut−1 =
{
v1, . . . ,vj

}
denote the null space obtained

for the last task, where i = 1, 2, . . . ,m and j = 1, 2, . . . , n
(with m and n being the numbers of basis vectors in Ut and
Ut−1 respectively). Empirically, the cosine similarity be-
tween the basis vectors of the main feature space and those
of the null space Ut−1 is utilized to characterize the simi-
larity between the two spaces:

γij =
ui · vj

∥ui∥2 · ∥vj∥2
. (5)

We form a set Ct = {γij} using all the γij values. To pre-
vent the accumulation of small similarity values that would
lead to an insignificant overall similarity difference, we se-
lect the significant values from the entire set of similarity
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values to characterize the overall similarity. Consequently,
we take the average of the top q% largest similarity values in
Ct as the similarity between the current main feature space
and the null space, denoted as st.

According to the literature [29], the gradient update di-
rection points to the feature space spanned by the input data.
Therefore, we can use st to assess the magnitude of gradi-
ent projection onto the null space. As shown in Figure 2(b),
when st is large, it indicates that the current optimization
direction has less impact on the knowledge of old tasks,
so the projection onto the null space can be appropriately
weakened to maintain the plasticity of the model. When st
is small, it indicates that the current optimization direction
has a greater impact on the knowledge of old tasks, so the
projection onto the null space can be appropriately strength-
ened to maintain the plasticity of the model. Therefore,
we employ a negative exponential function with a positive
range to model this process, obtaining the dynamic projec-
tion coefficient:

λt = ζe−st . (6)

Since the gradient undergoes successive multiplicative op-
erations, a numerical overflow problem may occur. There-
fore, after the projection between the gradient and each
layer’s null space is completed, the numerical range needs
to be appropriately adjusted. Specifically, we make this ad-
justment with a fixed scalar ζ. Ultimately, the gradient pro-
jection process of the adapter at the l-th layer is as follows:

∆wl
t,s =

L∏
j=1

λj
tU

j
t−1(U

j
t−1)

⊤gl
t,s. (7)

Null space updating. During the null space update process,
the work in the literature [21, 29] first eliminates the basis
vectors in the null space of the new task that are similar
to those in Ut−1, then expands the remaining basis vectors
to obtain the final null space Ut, thereby reducing storage
space consumption. However, when considering a multi-
layer projection strategy, the basis vectors of each null space
must be utilized during the projection process to ensure the
accuracy of the final null subspace. Therefore, we employ
a simple expansion method to combine the null spaces of
each task, aiming to obtain the most comprehensive repre-
sentation of the null space across all tasks. The process is
as follows: Uj

t = [Uj
1,U

j
2, . . . ,U

j
t−1].

3.5. Overall optimization procedure

We present the overall parameter update process of visual
adapters in Algorithm 1. When learning the first task, gradi-
ent projection is not required (as indicated in line 6). Other-
wise, our DMNSP strategy is employed. Specifically, at the
s-th training iteration, the gradient gt,s = [g1

t,s, . . . ,g
L
t,s]

is projected into the common null subspace across all lay-
ers (as mentioned in line 8). The obtained parameter update

Algorithm 1 DMNSP for continual learning
Inputs: Datasets {Xt, Yt} for task Tt ∈ {T1, T2, . . . }; net-
work f(·,w) with L adapter layers; learning rate α.
Initialization: Initialize the parameters of L visual adapters
w randomly.

1: for task Tt ∈ {T1, T2, . . . } do
2: while not converged do
3: Sample a batch {x,y} from {Xt, Yt}.
4: Compute f(x,wt,s), then get candidate parameter

update gt,s = [gl
t,s], l = 1, . . . , L.

5: if t = 1 then
6: ∆wl

t,s = gl
t,s

7: else
8: ∆wl

t,s =
∏L

j=1 λ
j
tU

j
t−1(U

j
t−1)

⊤gl
t,s

9: end if
10: wl

t,s+1 = wl
t,s −AdamW(α∆wl

t,s)
11: s = s+ 1
12: end while
13: if t > 1 then
14: Get Ul

t = [Ul
1,U

l
2, . . . ,U

l
t−1]

15: end if
16: end for

∆wt,s = [∆w1
t,s, . . . ,∆wL

t,s] is input into the AdamW op-
timizer, thus completing the parameter optimization. After
learning task Tt, the null space is updated as indicated in
line 13-15. Compared with visual adapters, text adapters
update parameters as usual and follow the rules of the
AdamW optimizer.

4. Experiments

4.1. Experimental setting
Datasets. We evaluate our method on the CIL (Class In-
cremental Learning) setting. Following [24, 42], exper-
iments are conducted on TinyImageNet, CIFAR100, and
ImageNet-R. Specifically, the 100 classes of TinyImageNet
are partitioned into {5, 10, 20} subsets with 100 base
classes, the 100 classes of CIFAR100 into {10, 20, 50}
subsets, and the 200 classes of ImageNet-R into {10, 20}
subsets, respectively.
Implementation details. We employ the CLIP model with
ViT-B/16 [27] as our backbone. Trainable adapter layers
are added to each layer of the two branches in CLIP. We
utilize the AdamW optimizer. Each task is trained for 4
epochs. For all datasets, the batch size is set to 128, and
the learning rate is set to 0.001. Empirically, the eigenvec-
tors corresponding to the top 10% leading eigenvalues af-
ter SVD are selected for constructing the main feature rep-
resentation, and the remaining eigenvectors form the null
space representation. All experimental results are the av-
erages obtained by using five different rounds of random
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Method Venue 5 subset 10 subset 20 subset
Average ↑ Last ↑ Average ↑ Last ↑ Average ↑ Last ↑

EWC [18] PNAS’17 19.01 6.00 15.82 3.79 12.35 4.73
EEIL [2] ECCV’18 47.17 35.12 45.03 34.64 40.41 29.72

UCIR [12] CVPR’19 50.30 39.42 48.58 37.29 42.84 30.85
MUC [23] ECCV’20 32.23 19.20 26.67 15.33 21.89 10.32
PASS [45] CVPR’21 49.54 41.64 47.19 39.27 42.01 32.93
GPM [29] ICLR’21 6.10 4.72 5.95 4.54 5.69 4.28
DyTox [7] CVPR’22 55.58 47.23 52.26 42.79 46.18 36.21

CLIP Zero-shot ICML’21 69.62 65.30 69.55 65.59 69.49 65.30
Fine-tune - 61.54 46.66 57.05 41.54 54.62 44.55
LwF [20] TPAMI’17 60.97 48.77 57.60 44.00 54.79 42.26

iCaRL [28] CVPR’17 77.02 70.39 73.48 65.97 69.65 64.68
LwF-VR [5] Arxiv’22 77.56 70.89 74.12 67.05 69.94 63.89
ZSCL [42] ICCV’23 80.27 73.57 78.61 71.62 77.18 68.30

MoE4Adapters [40] CVPR’24 81.12 76.81 80.23 76.35 79.96 75.77

Adapter-based CLIP + GPM [29] - 82.82 78.24 81.84 76.54 81.12 75.58
Adapter-based CLIP + TRGP [22] - 81.91 78.34 81.69 77.94 81.49 77.89

MoE4Adapters [40] + DMNSP (Ours) - 81.19 77.68 80.80 76.51 80.57 76.06
Adapter-based CLIP + DMNSP (Ours) - 83.28 79.14 82.70 77.94 81.96 77.10

Table 1. Comparison of different methods on the TinyImageNet dataset in CIL settings with 100 base classes. We label the best and
second-best methods with bold and underline styles based on “Average” and “Last” accuracy scores (%).

Method Venue 10 subset 20 subset 50 subset
Average ↑ Last ↑ Average ↑ Last ↑ Average ↑ Last ↑

UCIR [12] CVPR’19 58.66 43.39 58.17 40.63 56.86 37.09
Bic [38] CVPR’19 68.80 53.54 66.48 47.02 62.09 41.04

PODNet [6] ECCV’20 58.03 41.05 53.97 35.02 51.19 32.99
DER [39] CVPR’21 74.64 64.35 73.98 62.55 72.05 59.76
GPM [29] ICLR’21 41.76 23.26 29.91 13.89 19.27 7.48

DyTox+ [7] CVPR’22 74.10 62.34 71.62 57.43 68.90 51.09
DNE [15] CVPR’23 74.86 70.04 - - - -

CLIP Zero-shot ICML’21 74.47 65.92 75.20 65.74 75.67 65.94
Fine-tune - 65.46 53.23 59.69 43.13 39.23 18.89
LwF [20] TPAMI’17 65.86 48.04 60.64 40.56 47.69 32.90

iCaRL [28] CVPR’17 79.35 70.97 73.32 64.55 71.28 59.07
LwF-VR [5] Arxiv’22 78.81 70.75 74.54 63.54 71.02 59.45
ZSCL [42] ICCV’23 82.15 73.65 80.39 69.58 79.92 67.36

MoE4Adapters [40] CVPR’24 85.21 77.52 83.72 76.20 83.60 75.24

Adapter-based CLIP + GPM [29] - 86.73 79.14 85.01 76.80 82.81 73.60
Adapter-based CLIP + TRGP [22] - 85.69 77.82 84.80 76.14 83.70 73.67

MoE4Adapters [40] + DMNSP (Ours) - 86.12 78.01 83.97 75.25 83.64 74.87
Adapter-based CLIP + DMNSP (Ours) - 87.59 79.94 85.29 76.96 83.66 74.58

Table 2. Comparison of different methods on the CIFAR100 dataset in CIL settings. We label the best and second-best methods with bold
and underline styles based on “Average” and “Last” accuracy scores (%).

seeds. More details can be found in the Section D of Sup-
plementary Materials.

Metrics. In continual learning, we adopt the evaluation ap-
proach from [40], measuring accuracy throughout the learn-
ing process by calculating the average accuracy across all
subsets (“Average”) and the accuracy of the final subset
(“Last”). Furthermore, following [3], we quantify the ex-
tent of forgetting in continual learning using the Average
Forgetting Rate across all subsets (“Average FR”) and the
Forgetting Rate for the final subset (“Last FR”). Addition-
ally, we conduct experimental explorations using Forward
transfer (FWT) and Backward transfer (BWT). More de-
tails are provided in the Section B of the Supplementary
Material.

4.2. Experimental Results

According to the study in [42], we present the results of
methods that do not rely on CLIP (listed before “CLIP Zero-
shot” in Tables 1 and 2) [2, 6, 7, 12, 15, 18, 23, 38, 39, 45]
and methods based on CLIP (listed after “CLIP Zero-
shot” in Tables 1 and 2) [5, 20, 28, 40, 42]. Addition-
ally, using “Adapter-based CLIP” as the backbone, we
compare the effects of combining it with different strate-
gies. Specifically, we combine it with the traditional
single-layer null space gradient projection method GPM
[29] to form the “Adapter-based CLIP + GPM” method;
combine it with the “trust region” gradient mapping strat-
egy to form the “Adapter-based CLIP + TRGP” method;
combine it with our method to form the “Adapter-based
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Method
5 subset 10 subset 20 subset

Avg. ↓ Last ↓ Avg. ↓ Last ↓ Avg. ↓ Last ↓
Adapter-based CLIP 3.34 7.97 4.56 8.75 5.33 9.79

Adapter-based CLIP + GPM 3.30 7.98 4.50 8.69 5.35 9.27
MoE4Adapters + DMNSP (Ours) 2.26 4.16 3.12 4.88 3.23 6.86

Adapter-based CLIP + DMNSP (Ours) 2.15 4.84 2.65 4.84 3.65 7.11

Table 3. Comparison of our method with another three adapter-
based methods on the TinyImageNet dataset in CIL settings with
100 base classes in terms of “Avg.” and “Last” forgetting rates (%).
We label the best method with bold.

Method
10 subset 20 subset 50 subset

Avg. ↓ Last ↓ Avg. ↓ Last ↓ Avg. ↓ Last ↓
Adapter-based CLIP 7.14 11.39 7.43 12.61 9.34 14.52

Adapter-based CLIP + GPM 7.14 11.29 7.38 12.61 9.33 14.51
MoE4Adapters + DMNSP (Ours) 4.95 9.28 5.95 10.67 7.47 12.44

Adapter-based CLIP + DMNSP (Ours) 4.36 7.48 4.73 9.52 7.39 12.42

Table 4. Comparison of our method with other adapter-based
methods on CIFAR100 in CIL settings in terms of “Avg.” and
“Last” forgetting rates (%). We label the best method with bold.
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Figure 3. Comparison of forgetting curves between our method
and another three adapter-based methods in CIL with 10 tasks.

CLIP + DMNSP” method; and merge DMNSP with the
state-of-the-art method MoE4Adapters [40] to construct the
“MoE4Adapters + DMNSP” method. GPM and TRGP are
originally designed for task incremental learning; we have
adapted them to CIL via classifier adjustments (see Supple-
mentary Material for details).
Accuracy results. As shown in Tables 1 and 2, integrat-
ing various CL strategies with CLIP yields performance im-
provements of varying magnitudes. This observation sug-
gests that leveraging the generalizable features inherent in
VLM can significantly facilitate the model’s learning pro-
cess in CL. Specifically, as depicted in Table 1, for all sub-
set settings of TinyImageNet, our method attains the best
results in terms of both average accuracy and last accuracy.
Notably, as the number of tasks increases, compared with
“Adapter-based CLIP + GPM” and the prior SOTA method
“MoE4Adapters”, our method shows increasingly promi-
nent advantage in the last accuracy. As presented in Table
2 , for the 10 and 20 subset settings of CIFAR100, although
the superiority over other methods becomes less significant,
our method can still achieve the overall best performance.
For the 50 subset setting of CIFAR100, despite a significant
increase in the number of tasks to be learned, DMNSP can
still achieve the highest average accuracy. More results can
be found in the Supplementary Material.
Forgetting results. We conduct further experimental ex-
ploration into the degree of forgetting. The original CLIP

Method Train Params ↓ Memory Use ↓ Times ↓
LWF [20] 149.6M 32172MiB 1.54s/it

LWF-VR [5] 149.6M 32236MiB 1.51s/it
ZSCL [42] 149.6M 26290MiB 3.94s/it

MoE-Adapters [40] 59.8M 22358MiB 1.58s/it
Ours 7.8M 21116MiB 0.23s/it

Table 5. Comparison of computational cost during training on CI-
FAR100 between our method and others in terms of training pa-
rameters, GPU burden, and training time per iteration. All the
experiments are completed on a single GeForce RTX 3090.

combined with the trainable layer-wise adapter strategy is
taken as the “Adapter-based CLIP”. Meanwhile, we also
jointly compared the “Adapter-based CLIP + GPM” and
“MoE4Adapters + DMNSP”. As shown in Table 3 and
Table 4, for the VLM, even when combined with the tra-
ditional null space gradient projection strategy, its anti-
forgetting ability cannot be significantly improved. How-
ever, after being combined with our strategy, the last
forgetting rate and the average forgetting rate of both
MoE4Adapters and our method are significantly reduced,
further demonstrating the effectiveness of our method in ad-
dressing the catastrophic forgetting issue.

We further present result of forgetting rate as depicted in
Figure 3. Under the setting of CIL, starting from the third
task, we record the forgetting rate of all previous tasks after
completing each current task until all 10 tasks are accom-
plished. We observe that, for cases without the gradient
projection strategy or with the traditional projection strat-
egy, the forgetting rates are at relatively high levels. How-
ever, when combined with the DMNSP, the forgetting rates
of the two methods are reduced to lower levels, indicating
the effectiveness of our method. More results can be found
in the Section C of the Supplementary Material.
Complexity comparison. We further compare the com-
putational costs of our method with those of other meth-
ods to verify its parameter efficiency and time efficiency
during training. Table 5 shows that methods described
in [5, 20, 42] require full-tuning of all CLIP parameters.
Consequently, these approaches demand extensive training
resources, including a large number of parameters, sub-
stantial GPU usage, and considerable computational time.
Although MoE4Adapters [40] only needs to fine-tune the
adapter, due to its internal adoption of the Mixture of Ex-
perts structure [30] and routing selection mechanism, it
also demands a relatively large number of training parame-
ters and computing time. In contrast, despite using a sim-
pler adapter structure, our approach reduces the number of
training parameters by approximately 86.9% compared to
MoE4Adapters, while also increasing training speed per it-
eration by roughly 6.8 times. This highlights the simplicity
and efficiency of our method.
Parameter variation and residual changes. In the
adapter-based VLM architecture, we conduct an in-depth
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Figure 4. Parameter variation and residual changes in Adapter-
based VLM before and after combination with DMNSP.

Method Venue 10 subset 20 subset
Avg. ↑ Last ↑ Avg. ↑ Last ↑

L2P [37] CVPR’22 80.83±1.39 74.60±0.90 78.39±0.94 72.09±1.12

DualPrompt [36] ECCV”22 81.39±1.25 74.87±0.85 79.12±1.27 71.69±1.06

ESN [35] AAAI’23 81.63±1.10 75.11±0.36 77.95±0.76 70.57±0.62

CODAprompt [31] CVPR’23 81.32±1.01 75.51±0.81 78.07±0.40 72.25±0.78

LAE [10] CVPR’23 76.71±0.10 71.70±0.39 73.72±0.05 66.98±0.35

InfLoRA [21] CVPR’24 80.82±0.24 75.65±0.14 77.28±0.45 71.01±0.45

EASE [43] CVPR’24 81.73 76.17 - -
CPrompt [11] CVPR’24 82.92±0.70 77.14±0.11 81.46±0.93 74.79±0.28

RAPF [16] ECCV’24 85.85 79.62 86.28 79.62
VPT - NSP2 [24] NeurIPS’24 84.84±0.12 78.88±0.50 - -

Adapter-based CLIP + GPM [29] - 86.18±0.08 80.11±0.12 86.73±0.19 80.65±0.14

Adapter-based CLIP+ TRGP [22] - 86.24±0.10 81.29±0.09 86.07±0.17 81.21±0.13

MoE4Adapters [40] + DMNSP (Ours) - 86.45±0.11 81.87±0.16 87.06±0.20 81.61±0.18

Adapter-based CLIP + DMNSP (Ours) - 87.49±0.07 81.94±0.15 86.81±0.16 82.72±0.09

Table 6. Comparison of Transformer-based methods on ImageNet-
R under CIL with domain gap.

exploration of the variation patterns of adapter parameters
and the numerical changes in the residual term Wt · xt−1

(as described in Eq.(2)) of the model on old task data after
learning new tasks.

As shown in Figure 4 (left), before the integration with
the DMNSP, the variation amplitude of the parameters of
the visual adapter (as shown by the purple line) is signif-
icantly higher than that of the language adapter (as shown
by the green line). After the integration with DMNSP, the
parameter updates of the visual adapter are projected into
the null space. This mechanism effectively suppresses its
parameter variance and enhances the stability of the model.
In contrast, since the language adapter do not adopt the
DMNSP strategy, during the joint update process, its vari-
ance further increases. This enables the language adapter to
better adapt to the distribution of the new tasks, enhancing
the plasticity of the model.

As can be seen from Figure 4 (right), as the null space
gradient projection transitions from single-layer to multi-
layer and finally the DMNSP is introduced, the residual
term gradually approaches zero. This changing trend im-
plies that the model’s resistance to forgetting is continu-
ously enhanced. The above results strongly confirm the ef-
fectiveness of our processing of the visual modality.
Superior cross-domain adaptation. Given that the
ImageNet-R dataset comprises complex cross-domain dis-
tribution shifts from natural images to artistic renditions
[11] and includes hard samples that convolutional neural
networks struggle to handle [10], we compare our approach
with existing transformer-based methods that are adept at
addressing domain gaps. The task setup is conducted ac-
cording to [11]. As shown in Table 6, our method achieves
superior performance. This indicates that our method main-

Components 5 subset 10 subset 20 subset
Multi-layer λ Text Vision Avg. ↑ Last ↑ Avg. ↑ Last ↑ Avg. ↑ Last ↑

- - ✓ ✓ 82.82±0.02 78.24±0.23 81.84±0.31 76.54±0.38 81.12±0.27 75.58±0.11

✓ - ✓ ✓ 82.77±0.10 78.12±0.15 81.84±0.21 76.74±0.14 81.16±0.19 75.66±0.15

✓ ✓ ✓ ✓ 82.99±0.13 78.56±0.25 81.79±0.11 76.78±0.09 81.28±0.07 75.96±0.14

✓ ✓ ✓ - 82.66±0.09 77.22±0.12 81.50±0.05 75.06±0.21 80.78±0.16 75.58±0.06

- ✓ - ✓ 82.83±0.12 78.46±0.2 81.79±0.18 76.78±0.13 81.11±0.07 75.62±0.13

✓ ✓ - ✓ 83.28±0.11 79.14±0.16 82.70±0.20 77.94±0.13 81.96±0.18 77.10±0.15

Table 7. Ablation experiments on asymmetric adapters, multi-
layer null spaces, and λ on TinyImageNet.

tains good adaptability in CL, even when confronted with
complex data distributions.

4.3. Ablation Study
We conduct ablation studies to assess the effectiveness of
asymmetric adapters and multi-layer null spaces in the pro-
posed method. In Table 7, the first row presents the results
of the traditional single-layer projection method applied to
both modalities, which does not incorporate DMNSP or
the dynamic projection coefficient λ from Eq.(6). When
multi-layer null space projection is applied to both the vi-
sual and language modalities, the model exhibits limited
plasticity due to overly restrictive gradient projection con-
straints. Consequently, combining it with λ does not yield
significant performance improvements, as shown in rows 2
and 3. In contrast, since language parameters exhibit rela-
tively low inherent variability, applying DMNSP solely to
the language branch fails to effectively mitigate forgetting
caused by changes in visual parameters (as shown in row 4).
Similarly, applying single-layer gradient projection only to
visual parameters, even when combined with λ, results in
limited performance gains because of the insufficient con-
straints imposed on the residual term (as shown in row 5).
Ultimately, the DMNSP strategy, which integrates multi-
layer gradient projection with dynamic λ, achieves the high-
est performance. These results highlight the crucial role of
the two components in reducing catastrophic forgetting and
enhancing model performance. More experiment results are
provided in the Section D of the Supplementary Material.

5. Conclusion
In this work, we propose a novel Dynamic Multi-layer Null
Space Projection (DMNSP) strategy to tackle the catas-
trophic forgetting issue in Vision-Language Models (VLM)
for continual learning. This strategy integrates a multi-layer
null space gradient projection mechanism with a dynamic
projection coefficient to realize a projection onto the com-
mon null subspace with minimal nonzero residuals. More-
over, by handling the visual and language branches of the
VLM in an asymmetric manner, our method helps the VLM
to achieve better continual learning ability. Extensive exper-
iments have demonstrated that our method outperforms the
state-of-the-art methods in terms of accuracy and resistance
to forgetting. In the future, we plan to explore projection
methods with more network architectures and modalities to
further advance continual learning capabilities.
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