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Abstract

Visual prompt tuning-based continual learning (CL) methods
have shown promising performance in exemplar-free scenar-
ios, where their key component can be viewed as a prompt
generator. Existing approaches generally rely on freezing old
prompts, slow updating and task discrimination for prompt
generators to preserve stability and minimize forgetting. In
contrast, we introduce a novel approach that trains a consis-
tent prompt generator to ensure stability during CL. Consis-
tency means that for any instance from an old task, its corre-
sponding instance-ware prompt generated by the prompt gen-
erator remains consistent even as the generator continually
updates in a new task. This ensures that the representation
of a specific instance remains stable across tasks and thereby
prevents forgetting. We employ a mixture of experts (MoE)
as the prompt generator, which contains a router and multiple
experts. By deriving conditions sufficient to achieve the con-
sistency for the MoE prompt generator, we demonstrate that:
during training in a new task, if the router and experts up-
date in the directions orthogonal to the subspaces spanned by
old input features and gating vectors, respectively, the consis-
tency can be theoretically guaranteed. To implement this or-
thogonality, we project parameter gradients to those orthogo-
nal directions using the orthogonal projection matrices com-
puted via the null space method. Extensive experiments on
four class-incremental learning benchmarks validate the ef-
fectiveness and superiority of our approach.

Introduction

Continual learning (CL) aims to learn new tasks without for-
getting the old ones in the scenario of sequentially arrived
data (Ratcliff 1990; McCloskey and Cohen 1989). In recent
years, visual prompt tuning-based (Jia et al. 2022) CL meth-
ods (Wang et al. 2022b,a) utilizing pre-trained Vision Trans-
formers (Dosovitskiy et al. 2021) have shown promising per-
formance in CL. Even without storing exemplars (i.e., sam-
ples from previous tasks), they can outperform conventional
CNN-based CL approaches by a large margin.

Despite the variations among existing prompt-based CL
methods, their fundamental objective is to generate stable
instance-aware prompts from a form of prompt generator to
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reduce catastrophic forgetting and maintain stability. Main-
stream methods employ a prompt pool (Wang et al. 2022b),
which retrieves an instance-aware prompt based on the input
feature, as the prompt generator. They usually keep stabil-
ity by freezing old prompts and incrementally training new
task-specific prompts (Wang et al. 2022a; Smith et al. 2023),
which is essentially a progressive expansion scheme (Wang
et al. 2024). Other methods train prompt generators by slow
updating, first-task adaptation or task discrimination for sta-
bility (Gao et al. 2023; Jung et al. 2023; Khan et al. 2023).
Nevertheless, existing methods cannot theoretically guaran-
tee the use of consistent instance-aware prompts or experts
across tasks, leading to representational drift and forgetting.
Different from existing works, we propose to train a con-
sistent prompt generator to preserve the model’s stability
during CL. Specifically, the consistency is that for any in-
stance from the old task, its corresponding instance-aware
prompt generated by the prompt generator remains consis-
tent as the prompt generator updates continually in a new
task. By doing this, the representation of the instance does
not drift, and stability can be maintained in theory. The
consistency can be achieved by orthogonal projection con-
straints on the gradients (Wang et al. 2021; Saha, Garg, and
Roy 2021; Qiao et al. 2024; Lu et al. 2024) of the prompt
generator during training in the new task. Consequently,
our prompt generator has the ability to generate consistent
instance-aware prompts across tasks to mitigate forgetting.

To more effectively select and integrate diverse knowl-
edge for prompt generation, we use a mixture of experts
(MoE) as the prompt generator. The MoE consists of a rout-
ing strategy and multiple experts, each contributing special-
ized knowledge. The routing strategy uses a router to guide
the selection of specific experts for each input feature. A
fixed set of candidate prompts serves as experts, which are
selectively combined to generate the instance-aware prompt.
The MoE not only enables each expert to specialize in clus-
ters of similar tasks, but also mitigates forgetting through
the correct selection of instance-relevant experts. Therefore,
we propose a consistent MoE prompt generator to maintain
stability for continual learning in our approach.

To derive the specific orthogonal projections for the pro-
posed MoE prompt generator, we analyze the conditions that
satisfy the consistency objective: in the new task where the



router and experts have been updated, the generated prompt
for an old input feature should be identical to that generated
in the old task. By decoupling this consistency objective into
two joint equations related to the router and experts and solv-
ing them separately, we derive two sufficient orthogonality
conditions. They reveal that if 1) the router and 2) the ex-
perts update in the directions orthogonal to the subspaces
spanned by 1) old input features and 2) old gating vectors,
respectively, the consistency objective can be achieved. To
implement the orthogonality conditions, we employ the null
space method (Wang et al. 2021) to compute two orthogonal
projection matrices. To better trade off plasticity against sta-
bility, we aim to enable experts to acquire more new knowl-
edge without altering the experts already trained to special-
ize in handling specific instances. Therefore, we relax the
orthogonal constraint for the experts by reducing the weight
of orthogonal projection matrix. Then the obtained matrices
are used to project gradients during training in the new task.
We summarize our contributions as follows:

* We propose to train a consistent prompt generator to
maintain the model’s stability theoretically, which is dis-
tinct from existing prompt generators in the scheme of
anti-forgetting.

We propose a MoE as the prompt generator, which can
leverage the strengths of individual experts to handle di-
verse knowledge and adapt to various downstream tasks.

We derive two orthogonality conditions that provide a
theoretical guarantee for training the consistent MoE
prompt generator. By implementing these conditions, our
approach shows solid effectiveness in anti-forgetting and
achieves state-of-the-art performance.

Related Work

Prompt-Based Continual Learning The main line of
methods designs a prompt pool as the prompt generator
to retrieve an instance-aware prompt by key-value match-
ing (Wang et al. 2022b, 2023b; Kurniawan et al. 2024; Xing
et al. 2023). They freeze the prompts trained in old tasks to
keep stability, such as CODA-Prompt (Smith et al. 2023) and
ConvPrompt (Roy et al. 2024). Another line of methods up-
dates parameters at a slow rate or only in the first task to keep
the parameters stable (Gao et al. 2023; Jung et al. 2023). For
example, LAE (Gao et al. 2023) updates an offline expert
with a large momentum to reduce the alteration of parame-
ters. Some works aim to improve stability by enhancing the
task discrimination ability. The techniques mainly include
task-identity inference network (Wang et al. 2023a; Yu et al.
2024), multi-centroid prototype (Wang, Huang, and Hong
2022; Yang et al. 2023; Li et al. 2024b) and language guid-
ance (Wang et al. 2023b; Khan et al. 2023). For example, S-
Prompts (Wang, Huang, and Hong 2022) clusters the class
prototypes into multiple centroids for a better matching of
task-specific prompts.

MOoE in Continual Learning MoEs have emerged as a
popular technique for scaling large models efficiently. Some
works introduce MoEs (Jacobs et al. 1991; Shazeer et al.
2017) in CL (Yu et al. 2024; Rypes¢ et al. 2024). Ex-
pertGate (Aljundi, Chakravarty, and Tuytelaars 2017) and
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DDAS (Yu et al. 2024) incrementally expand or freeze ex-
perts with the increase of tasks, and use out-of-distribution
detectors implemented by task-specific auto-encoders to de-
termine which expert to route at test time. DSE (Chen et al.
2023) preserves old knowledge by freezing old experts and
fits new data distributions by adding experts with regular-
ization. By contrast, our MoE generates consistent prompts
across tasks by orthogonal projections, which differs from
them in the scheme of maintaining stability.

Orthogonal Projection in Continual Learning A line of
CNN-based CL methods focuses on explicitly manipulating
the optimization program for anti-forgetting (Saha, Garg,
and Roy 2021; Deng et al. 2021; Kong et al. 2022; Lin et al.
2022; Hu et al. 2024). OWM (Zeng et al. 2019) constructs
an orthogonal projector to project the gradients of convolu-
tional kernels into the direction orthogonal to the subspace
of the old input features in previous tasks. By doing this,
the output features for old instances can remain unchanged
during training in a new task, which theoretically keeps sta-
bility. NSCL (Wang et al. 2021) directly projects the gradi-
ents into the null space of old input features, hence becom-
ing more straightforward. We adopt the null space method
to compute orthogonal projection matrices in our approach.
However, since the operations in the MoE prompt genera-
tor which includes routing and experts are more complicated
than convolutional and linear operations, the orthogonality
condition for them is inapplicable to our method. We need to
analyze the consistency objective specifically for our model
and derive concrete orthogonality conditions to implement
orthogonal projections, as introduced in the next section.

Method
Problem Setting

Continual learning can be defined as training a model over a
sequence of T tasks 71,72, -+ , Tr. In the t-th task 7;, the

training set is D, = {X, yt Y7l where X? is the n-th im-
age with label y?, and | 7;| denotes the number of samples in
this task. We focus on the class-incremental learning proto-

col: the label space ) of task 7y is disjoint with other tasks,
ie., ﬂle Vi = (). Once the model finishes learning on task
T;, the corresponding training set ©, will be dropped and
become inaccessible when learning from 7;, 1. The model
should be able to classify test samples from any learned task.

Overview of Our Approach

We aim to train a consistent prompt generator ®(x; ®) for
CL, where x and © denote its input feature and trainable
parameters, respectively. As illustrated in Figure 1, for an
input feature x* extracted from an instance X* (the instance
index is omitted) which belongs to the old task 7;, we aim to
achieve the following consistency objective formulated as:

O(z'; ©") = o(x'; ©1), (1)

where ©! and ®**! denote the parameters after training on
the old task 7; and the new task 7y, 1, respectively. We use
A®O to denote the parameter update in the new task, ie.,
O!tl = O + A®. AO is the variable to be solved for
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Figure 1: [llustration of our approach. W;: the weight matrix of the router which outputs M gating values; P*: the concatenation
of experts; superscript of a variable: the task identifier; subscript in g%, a’ and P?: the component index in the vector/matrix;
W (-): the function defined for selecting top-K gates; ®: product; : addition. The dashed blocks denote the unactivated gates
or experts. Our objective is to generate consistent prompts (i.e., P! = P?) for the old feature (x*) of the old task (7;) when
the parameters (") of the MoE prompt generator (®(+)) update (by A®) in the new task (T;41).

Eq. (1). Specifically, in the case of our prompt generator im-
plemented by MoE, A® = {AW , AP}, where W, is
the weight matrix of the router and P denotes the candidate
prompts served as experts.

A Vision Transformer (ViT) composed of several ViT lay-
ers is used as the backbone. Suppose a ViT layer (-) where
its layer index is omitted. We use E and x to denote the
image tokens and class token to be fed into (-), respec-
tively. « is also the input of the prompt generator ®(-) which
generates the prompt: P = &(x;©). Then P is fed into
Q(-) with E and « to obtain the output of the ViT layer:
Y = Q([x, 15, E]). The output class token of the last ViT
layer will be fed into a classifier for classification. Note
that the prompt generator is applicable to any ViT layer that
needs prompt. Overall, our consistent MoE prompt genera-
tor mainly contains the MoE and consistent prompt genera-
tion, which are introduced below.

MOoE Prompt Generator

The detailed structure of our MoE prompt generator ®(-) is
shown in Figure 1, which consists of routing and experts.

Routing The input feature (i.e., the class token) € RP
first undergoes the router with a softmax operation to obtain
the gates g, with D denoting the dimension of the feature.
Suppose there are M experts in the MoE, and thereby g is a
vector containing M gates:

g = softmax(xW,) € RM, 2)
where W, ¢ RP*M g the weight matrix of the router.

In a typical MoE, only K maximum gates are selected,
and the corresponding K experts will be activated after-
wards. To denote the sparse operation of selecting top-K
gates in a dense manner, we define a function ¥(-) to get
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a mask according to the gates in g:
\Ij(gvK):[dlvdZV" vdj\l]v (3)
where d,,, denotes the m-th value in d. Vm € {1,--- , M},

dm = {

We can use the function ¥(-) to mask the non-top-K gates
in g through adding ¥(g, K) to g. As a result, the masked
gates are set to —oo, while the selected top-K gates are re-
tained. Then we normalize the top-K gates by softmax so
that their sum equals 1, while the unactivated gates are set to
0. By doing this, we obtain the gating vector a:

0, if g,,, is in the top K elements of g, @

—o00, otherwise.

a = softmax(g + ¥(g, K)) € RM. )
Experts The concatenation of all the experts is denoted as
P = [Py, - ,Py] € RM*XEXD "where L is the prompt

length. The expert whose corresponding gating value in a is
greater than O will be activated. We fuse the activated experts

by a weighted sum to obtain the generated prompt P. This
sparse fusion can be represented in a dense form as:
P = aP € R*P, (6)

We further analyze how to generate consistent prompts
from the proposed MoE prompt generator as follows.

Conditions for Consistent Prompt Generation

As aforementioned, ® is composed of W, and P in our
MoE prompt generator. Therefore, our consistency objective
of Eq. (1) can be reformulated as:

(x'; Wi, P') = o(z"; Wi P, (7)

where Wit = W, + AW, and P*! = P! + AP. AW,
and AP represent the parameter updates in task 7; 1.



We aim to derive the conditions expressed with AW 4 and
AP by solving Eq. (7), such that we can perform projections
on parameter gradients to achieve this consistency objective
for stability. Nevertheless, it is difficult to derive the neces-
sary and sufficient conditions for Eq. (7). The reason is that
there are non-injective functions (e.g., Eq. (4) and softmax)
which result in non-unique (infinite) solutions. We turn to
derive one (or more) sufficient condition(s) that can satisfy
Eq. (7), since a sufficient condition can be seen as a partic-
ular solution to the equation.

To analyze the consistency objective, we formulate Eq. (7)
as the following equation according to Eq. (6):

a'P’ = o 'P ®)

Since there are two potential independent variables (i.e.,
AW, and AP) in this only equation, we adopt a two-step
strategy to solve it. Firstly, we assume the following equa-
tion holds:

a'=a't.

©))
Then Eq. (8) can be simplified as the following equation
based on Eq. (9):

a'Pt = a'Pitt (10)

In this way, we can solve Eq. (8) by solving Eq. (9) and
Eq. (10) jointly.

We first analyze the sufficient condition for satisfying
Eq. (9) based on Eq. (5):

softmax(g’ + ¥(g', K)) = softmax(g'™ + (g, K))

(11
It is difficult to solve the above equation due to the afore-
mentioned non-injection property. However, it is clear to see
that if g* equals g**!, then ¥(g?, K) = ¥(g'*!, K) holds,
and hence Eq. (11) is also true. Therefore, we derive the fol-
lowing sufficient condition that satisfies Eq. (11):

g' =g (12)

which is also the sufficient condition satisfying Eq. (9). Ac-
cording to Eq. (2), Eq. (12) can be expanded as:

softmax(z'W!) = softmax(:cth]H). (13)
A sufficient condition for Eq. (13) is:
o'W =z'Wh = 2/(W! + AW,). (14

Consequently, we derive the following equation expressed
with AW, which is the sufficient condition for Eq. (9):

' AW, = 0. (15)

Next, we analyze the sufficient condition for satisfying
Eq. (10) by substituting P'*! = P* + AP:

a'P! = a'P'"! = o (P' + AP), (16)
which is further simplified as:
a'AP = 0. (17)

As deduced above, we finally derive two sufficient condi-
tions that jointly achieve the consistency objective of Eq. (7):

{ T AW, =0 (18)
a'AP =0 (19)
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Eq. (18) and (19) indicate that during training the MoE
prompt generator in task 7z 1, if the router update (AW )
and the experts update (AP) can be orthogonal to the sub-
spaces spanned by the old input feature x* and gating vector
al, respectively, the generated prompt for that old input fea-
ture will keep consistent. We refer to these two equations as
the orthogonality conditions for our consistency objective.

Computation of Orthogonal Projection Matrices

The gradients of W, and P calculated in task 7;; are de-

noted as Vwy, L and Vp L, respectively, where L is the loss.

We aim to compute two projection matrices H,, and H,

which can project the gradients as the parameter updates to
satisfy the orthogonality conditions:

AW, =H,Vw,L, (20)

{ AP =H,VpL, (21)

The null space method (Wang et al. 2021) is adopted in our

approach to obtain the projection matrices as detailed below.

We use the superscript ¢, n to denote the index of the n-
th instance in task 7; (n € {1,---,|7¢|}). The concatena-
tion matrices of ! and a' for all the instances in 7; are
represented as X! = [z®!,... zt7] € RIT!XD and
At = [ab?t, - abIT] € RITHIXM regpectively. First, we
compute the uncentered covariance matrices for the two con-
catenation matrices: X! = (X*)TX* and A* = (A*)T A",

Then we perform singular value decomposition (SVD) on
the uncentered covariance matrices:

U,A,V, =X, U,A, V] =A". (22)

Next, a total of R, right singular vectors whose corre-
sponding singular values close to zero are picked from V.
The matrix composed of those R, vectors is denoted as
V., € RP*E=_ which represents the bases of the (approx-
imate) null space of X?. We follow (Wang et al. 2021) to
regard the singular values lower than o, Ay min to be close
to zero so as to determine R,. c, is a hyper-parameter and
Az,min denotes the minimum non-zero singular value in A.
Similarly, we can obtain a matrix V,, € RM*% represent-
ing the bases of the null space of A?, where R, denotes its
nullity determined by a hyper-parameter c,.

Finally, the projection matrices H,, and H,, are derived:

H,=V,V], H,=V,V,. (23)

To sum up, we use Eq. (20) and (21) to perform orthogo-
nal projections, where the projection matrices are computed
by Eq. (23). By doing this, we achieve the objective of con-
sistent prompt generation for the old input features in task 7;
during training in task 7;1. To further balance stability and
plasticity better, we assign a weight n € [0, 1] to the projec-
tion matrix of experts (H,,) to relax the orthogonal constraint
and enhance plasticity: AP = [nH, + (1 —n)I] VpL,
where 7 should be close to 1.

As for all previously learned tasks 71, 72, - - - , T;, we per-
form SVD on the accumulated uncentered covariance ma-
trices >2°_, X7 and S.°_, A7, and then calculate H,, and
H,, according to Eq. (23) in the same manner. Consequently,
the generated prompts can retain consistent for the instances
across all the learned tasks. An algorithm of our approach is
provided in the Algorithm section of the Appendix.



10-split CIFAR-100

20-split CIFAR-100

10-split ImageNet-R ~ 10-split DomainNet

Method
Acc.t Forgetting] Acc.t Forgetting] Acc.t Forgetting] Acc.t Forgetting|

VPT-baseline 84.68i0.23 15.36i0,34 80.78i0,34 19'11i0‘35 72'37i0.24 19.16i0.29 73-3110.28 27-1810.36
VPT-CPG 90.63:|:0_44 3.98:|:0_65 88.08:|:()_77 5-20:|:0.64 78.63:|:0.52 7.18:|:0.62 83.21:‘:().67 7-09:t0.82
Upper—bound 93-57i0.07 - 93-57i0.07 - 84.91 +0.17 - 89.42i0‘04 -
CLIP-baseline 75.40:|:()_73 19.18:|:0_9g 71.97:|:1_41 21.44:|:1_74 79.14:|:().29 9.62:|:().79 84.65:|:().19 10.31:|:().33
CLIP-CPG 82764041 6.141056 82.06.077 5.68.057 82.08.0s5 6.28. 063 88.78:03 4.11.050
Upper—bound 86.44i0,21 - 86.44i0,21 - 85.05i0.03 - 91 .0710_04 -

Table 1: Comparison between the proposed approach (”-CPG”) and the baseline of sequential fine-tuning using VPT and CLIP
models. The upper-bound means jointly training all the classes in the dataset. The value after & indicates the standard deviation.
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Figure 2: Results of using different types of pre-training parameters for the VPT-based model. The annotated values of the filled
bars denote the accuracy or forgetting of our approach, while those of the blank bars denote the two metrics of the baseline.
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Figure 3: Task-by-task accuracy changing curves of the
VPT-baseline and the VPT-CPG on two benchmarks.

Experiments
Experimental Setups

We evaluate our approach using four class-incremental
learning (CIL) benchmarks: 10-split and 20-split CIAFR-
100 (Krizhevsky and Hinton 2009), 10-split ImageNet-R
(Hendrycks et al. 2021) and 10-split DomainNet (Peng et al.
2019). Note that the 10-split DomainNet is organized by
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(Wang et al. 2023c) specifically for cross-domain CIL, with
the top 200 classes from the original DomainNet (Peng et al.
2019) selected based on the number of images.

We employ the ViT-B/16 (Dosovitskiy et al. 2021) as
the backbone for all experiments. Each of the 12 ViT lay-
ers is equipped with our proposed prompt generator by de-
fault. The MoE includes 36 experts (M = 36), and we
select the top four experts (K = 4) for CIFAR-100 and
ImageNet-R, while 16 experts are chosen for DomainNet. To
enhance the training of MoE, we implement the balancing-
expert strategy as proposed by (Shazeer et al. 2017). We
report the mean values of the final average accuracy and
final average forgetting over three runs with different ran-
dom seeds. Additional experimental details can be found in
the Appendix. Our code is available at https://github.com/
zugexiaodui/ConsistentMoEPromptGenerator.

Experimental Results

Validation of Effectiveness To comprehensively validate
the effectiveness of our approach, we conduct experiments
on four benchmarks using two types of models involving a
total of six types of pre-training parameters. The baseline,
which employs sequential fine-tuning without the MoE and
orthogonal projections, i.e., only one expert without routing,
is represented by “-baseline”. Our consistent MoE prompt
generator is denoted by ”-CPG”. The models include the ViT
pre-trained on ImageNet-21K (Russakovsky et al. 2015),



10-split CIFAR-100  20-split CIFAR-100 10-split ImageNet-R 10-split DomainNet

Method Venue

Acc.t Forgetting] Acc.t Forgetting] Acc.t Forgetting]  Acc.f  Forgetting|
L2P CVPR’22 83.831004 7.63+030 80.10407% - 61.574066 9.73+047 811710837 8.984125
DualPrompt ECCV’22 86.51:‘:033 5.16:|:()_()9 82.02:‘:032i - 68.13:|:0_49 4.68:‘:020 81.70:|:().78% 8.04:|:()_31
CODA-Prompt CVPR’23 86.25i0,74 1.67i0.26 - - 75-45i0.56 1.64i0'10 80.041().79% 10.16i0‘35
LAE ICCV’23  85.591¢46 - 83.931 0.8 - 72.661063 - - -
LGCL ICCV’23  87.231921 5.10405 - - 69461004 4.201006 - -
C-LN ICCVW’23 86.951037 6.981043 - - 76361051 8.311128 - -
ESN AAAT'23 86.341050 4.764014 80.5641004% - 62.6110.06* - 79.224904" 10.624015

HSICBO AAAD'24 - - - - 71.43 102 - - -

EVOPI‘OIIlpt AAAT’ 24 87.97i0_30 2.60i0_42 84.64:&0'14 3.98i0_24 76.83i0_08 2-78:t0.06 79.50:‘:0‘29* 3.81:|:0.36
PGP ICLR24  86.92.1005 5.35+010 83.741001 7.91i015 69.341005 4531004 80.414005 8394018
OVOR-Deep ICLR’24 85~99:t0.89 6.42:|:2_()3 84.13:‘:0.75* 6.81i0_77 76.11:|:()_21 7.16:‘:0.34 79-61:t0.86* 4.77:|:().94
ConvPrompt CVPR’24 88.871033 4.751015 87.221042 5431020 77.864025 4.331024 79471035 6491043
InfLoRA CVPR24 87.064025 6224030 81421054 6421033 75.654014 5.734044 81451068 5354105
EASE CVPR’24 87.76 5.94 85.80 7.19 76.17 7.82 78.89" 7.89

CPrompt CVPR’24 87.82i0'21 5.06i0,50 83.97i0'31 * 6.85 +0.43 77. 14i0.l 1 5-97i0.68 wio'y 7'45i0.93

VPT-CPG This work 90.63i0_44 3-98:|:0.65 88.08:&0'77 5-20:t0.64 78.63i0_52 7-18:t0.62 83-21:t0.67 7.09:|:0.32

Table 2: Comparison with existing methods whose backbones are pre-trained on the ImageNet-21K. The results marked with
1 and * are implemented by (Gao, Cen, and Chang 2024), (Gao et al. 2023) and us, respectively, due to lack of official results.
The highest accuracies are in bold, and the second highest accuracies are underlined.

10-split CIFAR-100 20-split CIFAR-100 10-split ImageNet-R 10-split DomainNet
Acc.T Forgetting Acc.t Forgetting| Acc.t Forgetting Acc.tT Forgetting

84.6841023 15364034 80.784034 19.111035 72.374024 19.164000 73314028 27.184036
86.08405 13334056 82065005 18775001 74025051 1833300 7573005 22.851074
85. 724041 13934070 80.354068 20.541079 71.074064 20.8341054 75264056 24.18406s
88.17 049 9.891060 86.04108 12294061 75.834063 13.754064 80.824062 15.681034
90.63 1044 3981065 88.08.077 5204064 78.631052 7181062 83211067  7.0940s2

MoE H, H,

L X
< X< X X
< L X X X

Table 3: Ablation studies of the three components proposed in our approach. The prompt generator consisting of only one expert
without a router is implemented as the baseline of no MoE.

referred to as "VPT” (Jia et al. 2022), and the CLIP pre- ment demonstrates the good generalizability of our method.
trained on WebImageText (Radford et al. 2021), referred to . . .
as "CLIP” For the CLIP model, prompt generators are in- Comparison with E).ﬂstln.g Approaches We compare the
serted into the image encoder. Table 1 presents the results proposed approach with existing state-of-the-art methods on
for both types of models. Our approach consistently outper- the four benchmarks in Table 2. The competitors include:
forms the baseline, enhancing accuracy by 6%~10% and re- L2P (Wang et al. 2022b), DualPrompt (Wang et al. 2022a),
ducing forgetting by 11%~20% for the VPT-based model CODA-Prompt (Smith et al. 2023), LAE (Gao et al. 2023),
across all benchmarks. Figure 3 visually depicts the accu- LGCL (Khan et al. 2023), C-LN (Min et al. 2023), Evo-
racy curves for the 10-split CIFAR-100 and ImageNet-R, Prompt (Kurniawan et al. 2024), ESN (Wang et al. 2023c),
demonstrating the sustained superiority of our method over HSICBO (Li et al. 2024a), PGP (Qiao et al. 2024), OVOR-
the baseline on each task. The CLIP-based model also bene- Deep (Huang, Chen, and Hsu 2024), ConvPrompt (Roy et al.
fits from our approach, achieving 3%~10% improvement in 2024), InfLoRA (Liang and Li 2024), EASE (Zhou et al.
accuracy and 3%~15% reduction in forgetting. 2024) and CPrompt (Gao, Cen, and Chang 2024). VPT-CPG
o o surpasses other leading methods by a maximum of 1.76%
We explore four additional types of pre-training param- and an average of 0.91% in accuracy across the four bench-
eters for the VPT-based model, as shown in Figure 2. The marks, and achieves new state-of-the-art performance.
pre-training parameters are derived from: naive classifica-
tion on ImageNet-1K (IN-1K), DINO (Caron et al. 2021) Ablation Study Our approach comprises three key com-
on ImageNet-1K (DINO), MIIL (Ridnik et al. 2021) on ponents: the MoE and two orthogonal projection matrices
ImageNet21k-P (MIIL) and CLIP on LAION-2B (Cherti H,, and H,. We study the effect of each component, as
et al. 2023) (LAION). The significant performance enhance- shown in Table 3. The proposed MoE improves accuracy
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50S-CIFAR-100

50S-ImageNet-R  50S-DomainNet

100S-ImageNet-R  100S-DomainNet

Method Venue
Acc. Forgetting Acc. Forgetting Acc. Forgetting Acc. Forgetting Acc. Forgetting

L2p CVPR’22 7990 11.33 51.38 1234 63.13 11.19 41.51 1448  54.83 14.95
OVOR-Deep ICLR’24 6794 1279  63.25 5.23 68.29 6.85 43.02 7.30 52.09 8.66
ConvPrompt CVPR’24 87.55 5.19 64.61 7.12 71.76 6.37 44.32 8.97 56.21 6.27
InfLoRA CVPR’24 6547 1243 62.81 1037 71.87 9.20 42.23 14.17  48.06 15.43
EASE CVPR’24 80.28 8.47 70.27 6.73 65.34 9.64 51.56 7.56 3726 29.12
CPrompt CVPR’24 78.03 6.57 70.75 7.44 70.74 9.01 59.90 9.52 57.60 9.42
VPT-baseline Baseline 66.57  33.28  60.22 34.62 4690 56.12 5192 4359  25.03 77.15
VPT-CPG This work 87.95 5.42 73.08 1212 7227 1993  64.63 12.18  60.81 2743

Table 4: Results for long-term continual learning under the settings of 50 tasks and 100 tasks across five benchmarks.

Acc. Acc. Acc. Acc.
91 ¢ 90.69 89 4 s 7863 78.58 s4 F
78.33 8321
90.31 I 88.08 i 3 F8296 ==
90.08 88 78 83
9 | 26.88 87.21 . 77.30
87 == i 82 r 81.66
89.35 86.57 81.25
89 86 76 81
.00 099 098 0977 1.00 099 098 09771 1.00 099 098 09771 1.00 099 098 09771
2 2 6
4 F3.03 3908 5 F 24 7 F s } 7.01 7.09
( . 5.20 0 715 718
¥ RS | 7.54 8.06 0t 9.63
8 v : v 9.19 9 2 893 v 10.48
Forgetting Forgetting Forgetting Forgetting

(a) 10-split CIFAR-100 (b) 20-split CIFAR-100

(c) 10-split ImageNet-R (d) 10-split DomainNet

Figure 4: Effects of the orthogonal projection weight 1 on accuracy and forgetting for the stability-plasticity trade-off.

by an average of 1.69%. As for the orthogonal projections,
the projection matrix of the router (H,,) may not solely
contribute to reducing forgetting. This is because the same
experts are always selected for a specific instance, leading
to the complete overwriting of the learned instance-specific
knowledge in subsequent tasks. However, when the two pro-
jection matrices are used jointly, accuracy is improved and
forgetting is mitigated significantly, and the model achieves
the best accuracy with the least forgetting. Specifically, the
accuracy improves by 4.55%~7.48% and the forgetting de-
clines by 9.32%~15.76%. This demonstrates that the two
orthogonal projections can collectively contribute to the sta-
bility of the MoE prompt generator significantly.

Long-Term Continual Learning In order to verify that
our approach remains effective and superior in long-term
continual learning, we conduct experiments under the pro-
tocols of 50 tasks and 100 tasks across five benchmarks. Be-
sides, we reproduce 6 existing methods for a comparison,
as shown in Table 4. It can be seen that VPT-CPG achieves
significant improvement in accuracy (by 12%~35%) and re-
markable reduction in forgetting (by 22%~49%) compared
to the VPT-baseline. Compared with other stat-of-the-art ap-
proaches, VPT-CPG can still outperform them. It surpasses
the second-best approaches by an average of 2.21% with a
maximum of 4.7%. This demonstrates that our approach has
a good ability to handle long-term CL problem.

Trade-off between Stability and Plasticity Figure 4 il-
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lustrates the impacts of 17 on accuracy and forgetting. When
7 decreases from 1 to 0.97 in steps of 0.01, the accuracy ini-
tially increases and then decreases, while forgetting steadily
increases. This indicates that stability weakens while plas-
ticity strengthens. Although forgetting is minimized when 7
is 1, accuracy is not maximized as the model struggles to
learn new knowledge. The model achieves the highest accu-
racy at the optimal trade-off (7=0.99) between stability and
plasticity. This demonstrates the effectiveness of the pro-
posed projection weight in promoting the model to learn new
knowledge. More experiments regarding the configurations
and analysis of our method can be found in the Appendix.

Conclusion

We propose a consistent MoE prompt generator to maintain
stability for continual learning in this work. Concretely, for
a specific instance, we aim to achieve that the correspond-
ing generated instance-aware prompt in a new task keeps
consistent with that in the old task, even if the generator up-
dates in the new task. The consistency can be theoretically
guaranteed if the router and experts update in the directions
orthogonal to the subspaces spanned by old input features
and gating vectors, respectively. We employ the null space
method to compute orthogonal projection matrices to imple-
ment this orthogonality. Our approach demonstrates robust
effectiveness across various benchmarks in anti-forgetting.
As aresult, it outperforms existing competitors and achieves
state-of-the-art performance.
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