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Is Parameter Isolation Better for Prompt-Based Continual Learning?
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Abstract

Prompt-based continual learning methods effectively miti-
gate catastrophic forgetting. However, most existing meth-
ods assign a fixed set of prompts to each task, completely
isolating knowledge across tasks and resulting in subopti-
mal parameter utilization. To address this, we consider the
practical needs of continual learning and propose a prompt-
sharing framework. This framework constructs a global
prompt pool and introduces a task-aware gated routing mech-
anism that sparsely activates a subset of prompts to achieve
collaborative optimization of task-specific feature representa-
tions. Furthermore, we introduce a history-aware modulator
that leverages cumulative prompt activation statistics to pro-
tect frequently used prompts from excessive updates, thereby
mitigating inefficient parameter usage and knowledge forget-
ting. Extensive analysis and empirical results demonstrate
that our approach consistently outperforms existing static
allocation strategies in effectiveness and efficiency. Code
and models will be released.

1. Introduction

Continual learning (CL) [1, 2, 7, 15] aims to endow models
with the ability to learn new tasks sequentially without forget-
ting previously acquired knowledge. A persistent challenge
in this setting is catastrophic forgetting [29, 31, 32, 40, 49],
where the model’s adaptation to new data overwrites past rep-
resentations. Recently, prompt-based learning has emerged
as a promising direction: instead of updating the entire net-
work, it adapts to new tasks by optimizing a small number
of task-specific prompts, while keeping the pre-trained back-
bone frozen [9, 26, 47, 50]. This approach achieves param-
eter efficiency and naturally supports knowledge isolation,
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making it attractive for scalable lifelong learning.

Currently, mainstream prompt-based CL methods [24, 39,
43, 44] are built on the assumption that tasks are independent
and should be handled separately, and thus typically allocate
a fixed set of prompts to each task. However, we rethink
the practical demands of continual learning and argue that
this paradigm has two main limitations. (i) Although this
rigid allocation simplifies task management, it inherently
limits parameter sharing between related tasks, struggles to
handle the diverse capacity requirements of heterogeneous
task sequences, and lacks the flexibility needed for scalable,
long-term, continual learning. (ii) Static prompt assignments
often result in inefficient use of model capacity, as different
tasks may have varying degrees of relatedness or complexity
that static prompts cannot easily accommodate.

In this paper, we propose a history-aware prompt-sharing
framework for continual learning (Hash). Specifically, we
construct a global prompt pool, where each prompt func-
tions as an expert specializing in certain feature patterns
or task attributes. To enable efficient knowledge routing,
we introduce a lightweight task-aware gating mechanism
that dynamically selects a small subset of prompts for each
input, facilitating adaptive composition of relevant knowl-
edge. This parameter-sharing mechanism encourages posi-
tive transfer across related tasks and enables efficient local
updates during continual learning. As shown in Figure 1(a),
compared to static prompt allocation strategies, the proposed
method demonstrates superior adaptability in learning new
classes. Moreover, the mechanism supports flexible activa-
tion of prompt subsets based on task demands, providing
strong capacity adaptivity. This sparse activation strategy
promotes efficient parameter utilization and minimizes re-
dundant computation across tasks. As illustrated in Fig-
ure 1(b), the proposed method achieves a better trade-off
between accuracy and parameter efficiency, demonstrating
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Figure 1. (a) Accuracy of novel classes at each incremental step on the CUB200 dataset. Our method achieves better novel class learning
ability compared to static prompt allocation. (b) Comparison of parameter count and accuracy on the Imagenet-R dataset. Our method
demonstrates a better accuracy—parameter trade-off than existing approaches. (¢) Comparison of expert activation frequency distribution on
the Imagenet-R dataset. Our proposed method achieves superior load balancing while effectively reducing knowledge forgetting (FR).

enhanced scalability and computational efficiency.

While this shared prompting mechanism improves gener-
alization on new classes, it may also cause certain prompts
to be excessively updated due to repeated reuse, leading to
catastrophic forgetting over time [13]. To strike a balance
between accurate learning of new tasks and preserving pre-
viously acquired knowledge, we propose a history-aware
modulator based on cumulative activation statistics. It con-
sists of two components: (i) a routing penalty mechanism
that reduces the selection scores of overused prompts to
encourage balanced activation; and (ii) a gradient scaling
strategy that attenuates the update magnitude for frequently
activated prompts during training. These two components
optimize the activation strategy of sub-prompt sets without
altering the core architecture, enhancing parameter efficiency
and effectively mitigating potential forgetting. As shown in
Figure 1(c), the proposed history-aware modulator achieves
better load balancing, and ablation studies demonstrate its
significant reduction in forgetting rate.

Our contributions can be summarized as follows: (1) We
propose a continual learning framework based on a shared
prompt pool with dynamic, sparse prompt selection, enabling
flexible knowledge composition and improved parameter ef-
ficiency. (2) We introduce a history-aware modulator that
adaptively adjusts prompt selection and protects important
prompts based on cumulative prompt activation statistics.
(3) We provide analytical and empirical evidence showing
that shared prompt learning outperforms static prompt al-
location in continual learning settings. (4) We conduct
extensive experiments across diverse benchmarks, with
comprehensive ablations and visualizations, consistently
achieving superior performance over existing methods.

2. Related Work

Continual Learning: Continual learning aims to enable
models to learn sequential tasks without suffering from catas-
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trophic forgetting. Rehearsal-based methods mitigate forget-
ting by storing and replaying representative samples from
previous tasks [8, 18, 33, 38], but raise concerns regard-
ing memory efficiency and data privacy. A widely stud-
ied alternative is non-exemplar class-incremental learning,
where no data from prior tasks is retained and task identifiers
are not available during inference. To address this chal-
lenging setting, prior works have explored regularization-
based constraints that penalize deviations from old param-
eters or impose knowledge distillation losses to preserve
learned representations [19, 27, 48], augmentation strate-
gies that synthesize pseudo-features or generate class pro-
totypes from limited statistics to approximate old class dis-
tributions [10, 21, 52, 53], and model rectification meth-
ods that adjust classifier outputs through bias correction
or score calibration to mitigate prediction bias toward new
classes [42]. Recently, approaches leveraging pre-trained
models [11] have shown promising results for non-exemplar
CIL, exploiting rich transferable representations to achieve
strong generalization without maintaining old-task mem-
ory. Among them, many adopt prompt-based tuning and
employ instance-level prompt selection to dynamically re-
trieve task-relevant knowledge, effectively disentangling
task-specific representations while reusing shared backbone
knowledge [14, 24, 35, 36, 39, 44, 45].

Prompt Tuning: Prompt tuning is a parameter-efficient
paradigm for adapting pre-trained models to downstream
tasks. Existing approaches can be broadly categorized into
two groups: task-specific prompt allocation and shared
prompt pooling. The first group assigns dedicated prompts
to each task. DualPrompt [44], CPrompt [14], and HiDe-
Prompt [39] statically allocate task-specific prompts to en-
code task identity, often combining them with shared compo-
nents or contrastive regularization to improve generalization.
NoRGa [24] extends this idea by introducing a non-linear
residual gating mechanism, viewing prompts as implicit



experts to enhance flexibility. The second group explores
shared prompt pools with dynamic selection. L2P [45],
CODA-Prompt [36], and SMoP [6] maintain a global pool
of prompts and select subsets based on input features using
learned routing mechanisms. CPG [28] also adopts a shared
MoE-based prompt pool, but enforces consistency via or-
thogonal projection constraints on both router and experts to
prevent representational drift. OVOR [20] takes a minimalist
approach by using only a single shared prompt across all
tasks, relying instead on virtual outlier regularization ap-
plied to the classifier head to tighten decision boundaries
and reduce inter-task confusion. ConvPrompt [35] simi-
larly uses a shared prompt pool but incorporates external
knowledge by retrieving class-level attributes from GPT-3
during training, introducing additional supervision beyond
standard continual learning settings and thus excluded from
direct comparison. Building upon HiDe-Prompt [39], which
achieves high accuracy in task identification through hierar-
chical key-prompt matching, we introduce MoE into prompt
tuning for enhanced specialization capabilities. However,
this raises a critical challenge in continual learning: balanc-
ing forgetting and generalization [16]. We propose history-
aware modulation to address this, dynamically regulating
expert contributions via cumulative usage statistics to main-
tain both backward compatibility and forward adaptability.

3. Methods
3.1. Problem Definition

We consider the task of non-exemplar class-incremental
learning (CIL), where a model must continually learn a
sequence of classification tasks {71, 7z,..., Tr} without
storing any data from previously encountered tasks. Each
task 7; introduces a disjoint set of classes C;, and training
data is only accessible during its corresponding learning
phase. At test time, the model must jointly classify over the
union of all seen classes Cy.; = UZ:1 C; without access to
the explicit task identifier. At stage ¢, the model receives
a dataset D; = {(ac(-t) (VN \where xl(-t) € REXd of

i 1 Yi )}

=1
sequence length L and embedding dimension d denotes the
input and y;t) € C; the corresponding label. The model is
optimized to minimize a supervised loss L¢s over D, while
maintaining performance on all prior tasks 77.;—1.

3.2. Shared Prompt Pool with Dynamic Allocation

To promote knowledge sharing across tasks, we introduce
the shared prompt pool architecture based on Mixture-of-
Experts, which dynamically selects prompts for each input
to enhance generalization and reuse.

The prompt pool P = {p1,p2,...,pk} contains K
prompts, each p, € RY»*? of sequence length L, acting as
an expert. To enable task-specific selection, we assign each
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of the T tasks a dedicated router for dynamically selecting
relevant prompts.

For a sample :cz(»t) from task 7y, its corresponding router
R+ computes the relevance score between the sample and

each prompt py, in the prompt pool using a weight matrix
W, € R¥*K a5 follows:

Q:Et)WT
\/a )

where v/d is a normalization factor. The score matrix § €
RE*K is averaged over the sequence length dimension L to
obtain a one-dimensional score vector s = [s1, Sa, . . ., Sk]|
of length K. The top-k prompts are then selected based on
s, denoted as IC(s) = TopK(s). The normalized weights
for the selected prompts are computed as:

®

K2

50 = Ry(x;") = (1)

exp(sk)

o = ==—————
Eje)c(s) exp(s;)

k€ K(s). )

The instance-specific prompt p is then computed as the
weighted sum of the selected top-k prompts:

p= Z QkPE-

keK(s)

3)

To integrate the task-specific prompt p into the attention
mechanism, we divide it into two parts: 5, p" € R xd,
which are added to the key and value matrices, respectively.
Although we omit the layer index for notational simplicity,
a distinct instance-specific prompt p(*) is generated and in-
jected into each attention layer [. Here, the splitting process
is denoted as p*, p" = split(p).

Subsequently, we prepend 5% and 5" to the key and
value matrices in the attention computation, respectively,
resulting in the augmented matrices: K’V = [p%; K]
and V'O = [5V; VU], Accordingly, the final attention is
computed as follows:

) v/,

“4)

Q(l)(K/(l))T

Attn(QW, K’V V') = softmax (
( T

where Q, K, and V() represent the query, key, and
value matrices for layer [, respectively, and d; is the dimen-
sionality of the attention heads. By integrating dynamically
composed prompts into the attention backbone, our frame-
work unifies specialization and generalization in a single,
efficient mechanism.

Benefiting from our shared prompt pool and dynamic
allocation mechanism, our method achieves a lower total
parameter count than Hide-Prompt, even when including our
router.

Analysis: Benefits of Prompt Sharing. Unlike static meth-
ods that allocate disjoint prompt subsets to each task, our
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Figure 2. Network architecture overview: Our method adopts a MoE-based shared prompt strategy. During training, the historical activation
count of each prompt is recorded and incorporated as a bias term into the router’s scoring mechanism, enabling dynamic and informed

expert selection based on historical usage.

approach constructs a continuous and expressive representa-
tion space by dynamically composing prompts from a global
pool. Formally, for static allocation where each task 7; uses
a fixed subset P, = {p¢1,...,prr} C P, the optimization
objective is:

Citatic — ﬁle(f(x, 9, Pt))v (5)

yielding isolated updates with no inter-task parameter shar-
ing. In contrast, our method leverages a shared pool P =
{p1,...,pr} and constructs input-adaptive prompts p(z)
via relevance-weighted composition:

> apr,  LF = Las(f(x30,5()), (6)

keK(s)

This design induces a smooth and compositional prompt
space that facilitates prompt reuse, expands representational
capacity, and enhances generalization to novel classes.

The entropy H(a) = — ), oy log oy, quantifies the di-
versity of prompt activation for each input. A higher H («)
implies that the model distributes attention across multiple
prompts to accommodate input complexity, while a lower
H («) reflects selective activation for simpler prompts. This
input-aware modulation supports a flexible allocation of ca-
pacity, allowing the model to generalize across tasks while
retaining sufficient specialization where needed.

3.3. History-Aware Modulator

To further address the issue of prompt overuse in traditional
shared prompt pool methods [13], we introduce a history-
aware mechanism which dynamically adjusts expert routing
scores and gradient update magnitudes based on historical
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usage statistics, thereby mitigating the overuse of prompt
and alleviating catastrophic forgetting.

History-Aware Dynamic Routing. In the history-aware
dynamic routing (HDR) mechanism, we record the cumu-
lative activation count H! for the e-th prompt up to task
t, which is then used for load balancing within the prompt
pool. Specifically, for any input, each prompt is assigned an
initial relevance score s.. To prevent the overuse of certain
prompts, we apply a penalization function ¢ : Ry — R to
their activation history:

= (M), (7

Se = Se

where s, is the updated score. The penalty function 1) may be
logarithmic (e.g., log(1+#H%)), polynomial (e.g., (H%)?), or
even task-specific. In our default implementation, we adopt
a simple stepwise penalization applied to top-k activated
experts:

— (5, ife e At,
. ®)
otherwise,
where § > 0 is a fixed deduction and .A; denotes the top-k
experts with the highest cumulative activation count H, up
to task ¢. This can be seen as a discrete approximation of a
continuous penalization function, enforcing sparse regular-
ization in a greedy fashion.
History-Aware Gradient Modulation. To further preserve
the historical knowledge of prompts and prevent its dis-
ruption in subsequent learning, we propose history-aware
gradient modulation (HGM) to protect prompts that have
been activated in the past. Specifically, we use a monotonic



Table 1. Overall performance comparison on Split CIFAR-100 and Split ImageNet-R. We present Final Average Accuracy (FAA), Cumulative
Average Accuracy (CAA), and Forgetting Measure (FM) of all methods. “Shared” indicates whether the method adopts a shared prompt

strategy.
Method Shared Split CIFAR-100 Split Imagenet-R
FAA (1) CAA() FM({) FAA (1) CAA(D) FM({)
DualPrompt[44] X 87.30+0.27 91.23+0.65 3.87+043 70.93+0.08 75.67+£0.52 5.47+0.19
CPrompt [14] X 87.82+0.21 92.53+0.23 5.06+0.50 77.15+0.11 82.92+0.70 5.97+0.68
HiDe-Prompt [39] X 92.61 £0.28 94.03+£0.01 1.50%+0.28 75.06+0.12 76.60£0.01 4.09+0.13
NoRGa [24] X 94.484+£0.13 95.83+0.37 144+£0.27 7540+0.39 79.52+£0.07 4.59+0.07
EvoPrompt [23] X 87.97+0.30 89.12+0.21 2.60+0.42 76.83+0.08 7843+0.42 2.78+0.06
L2P [45] v 83.06+0.17 88.27+0.71 5.61+0.32 67.53+044 71.98+0.52 5.84+0.38
CODA-Prompt [36] v 86.94+0.63 91.57+0.75 4.04+0.18 70.03+047 74.26+0.24 5.17+0.22
OVOR [20] v 85.99 £0.21 90.26£0.35 6.42+0.17 76.11+0.33 79.12+£0.28 7.16 £0.28
CPG [28] v 90.63+0.44 93.24+0.33 3.98+0.65 78.63+0.52 81.04+0.23 7.18+0.62
Hash (Ours) v 95.02+0.34 9597£0.28 1.67£0.23 79.02+£0.36 82.96+0.17 2.63+0.15

decay function v : Ry — (0, 1] to modulate the gradients.

Ge =Y(HL) - ge. ©

where g, is the raw gradient for expert e. The modulation
function can take various forms, such as inverse scaling
v(h) = 1/(1 4+ h) or exponential decay exp(—Sh), with
B > 0. In practice, we use a piecewise constant modulation
for the top-k experts:

if
V) = {a, ife e Ay,

. (10)
1, otherwise,
with 0 < o < 1. This reduces the learning rate for frequently
activated experts, implicitly enforcing parameter stability.
History-Aware Modulator from a Regularization Per-
spective. We aim to reconsider the problem from a reg-
ularization perspective, formalizing the trade-off between
maximizing expert scores and penalizing their overuse. This
unified framework not only explains our dynamic expert rout-
ing and history-aware gradient modulation but also validates
our design intuition.

The overall mechanism can be interpreted through the
lens of regularized optimization. Expert routing aims to
maximize the score while penalizing overused experts:

E E
min ﬁroute(p) = Zpe : (_Se) + Zpe ’(/J(/Hz), (11
e=1 e=1

PEAE

where A¥ is the probability simplex. While the full mini-
mization corresponds to soft attention over all experts, our
top-k routing can be viewed as a sparse approximation under
entropic regularization.

For gradient modulation, our update step approximates
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the minimization of a stability-aware regularized loss:

Re(ee;He) 9
———

history-aware regularization

min £(6)+ (12)

e=1

where R, penalizes deviation from prior parameters 6’ ac-
cording to historical activation:
Ro(BH) = =ML 0. — 02 (13)
€ € e 2 e € e .
This induces a stability constraint that grows with expert
usage, aligning with the intuition of selectively freezing
experts that are heavily relied upon.

By embedding historical usage into both expert routing
and gradient modulation, our mechanism strikes a dynamic
balance between adaptability and stability. This approach en-
ables continuous control over routing selection and gradient
flow, while inherently maintaining robustness in response to
diverse inputs.

4. Experiments

4.1. Experemental Details

Benchmark. We evaluate our method on a suite of diverse
class-incremental learning (CIL) benchmarks to assess its
adaptability across various scenarios. Split CIFAR-100 com-
prises 100 classes of natural images [22], partitioned into 10
sequential tasks with disjoint class labels. Split ImageNet-R
is constructed from 200 classes sampled from ImageNet-
R [17], including renditions, sketches, and abstract styles.
These are divided into 10 tasks and present a significant
domain shift. Split CUB-200 is derived from the CUB-200-
2011 dataset [37], a fine-grained bird classification bench-
mark split into 10 tasks. 5-Datasets [12] comprises CIFAR-
10 [22], MNIST [25], Fashion-MNIST [46], SVHN [30],



Table 2. The results on Split CUB-200 and 5-Datasets. Here we
present FAA and CAA for all approaches.

Method Split CUB-200 5-Datasets
FAA CAA FAA CAA
L2p 75.46 81.59 81.84 85.36
DualPrompt 77.56 83.24 77.91 84.92
CODA-Prompt 74.34 79.52 64.18 77.62
CPrompt 80.35 87.66 84.96 88.67
HiDe-Prompt 86.56 89.34 93.83 94.32
NoRGa 90.90 92.53 94.16 94.55
Hash (Ours) 91.34 92.98 95.12 95.67

Table 3. Long sequence incremental analysis: Experimental results
with 20 incremental tasks.

Split CIFAR-100 Split ImageNet-R

Method

FAA FM FAA M
L2P 79.95 5.69 69.72 5.92
DualPrompt 81.34 4.02 66.72 5.63
CODA-Prompt 81.94 4.92 69.96 6.79
CPrompt 84.57 6.01 74.79 7.34
HiDe-Prompt 91.68 2.34 73.98 4.98
NoRGa 93.12 2.12 74.32 5.14
Hash (Ours) 94.07 1.98 76.57 4.62

and notMNIST [3], each serving as a distinct incremental
task to evaluate the model’s robustness under significant
inter-task distributional shifts.

Baselines. We compare our method with a suite of represen-
tative prompt-based continual learning approaches, including
L2P [45], DualPrompt [44], CODA-Prompt [36], C-Prompt
[14], HiDe-Prompt [39], and NoRGa [24], covering diverse
designs for prompt integration and selection. All methods
are evaluated under consistent experimental settings using
the same backbone and training pipeline. The main paper re-
ports results under the supervised ImageNet-21K (Sup-21K)
[34] pre-training, while results under additional pre-training
paradigms (iBOT [51], DINO [4], MoCo [5]) are deferred
to the Appendix.

Evaluation Metrics. Following standard practice, we re-
port three widely-used metrics to evaluate continual learning
performance: final average accuracy (FAA), cumulative av-
erage accuracy (CAA), and final forgetting measure (FM)
[40]. FAA reflects the average performance on all tasks after
learning the final task, while CAA summarizes the historical
performance across all seen tasks. FM quantifies the extent
of knowledge forgetting between tasks.

Implementation Details. All experiments are conducted
on a single NVIDIA A100 GPU. We adopt the pre-trained
ViT-B/16 as the backbone across all methods. Training is
performed using the Adam optimizer with default parameters
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Table 4. Results on CORe50. A gives the accuracy averaged over
tasks and buffer size represents the number of old exemplars stored
in the memory buffer.

Method Buffer size An (D)
ER 80.10
GDumb 74.92
BiC 79.28
DER++ 50/class 79.70
Co’L 79.75
DyTox 79.21
L2P 81.07
EWC 74.82
LwF 75.45
L2P 0/class 78.33
CODA-P-S 85.41
S-Prompts 83.13
PINA 86.74
Hash (Ours) 87.94

(81 = 0.9, B2 = 0.999), a batch size of 128. We adopt
the same epoch configuration for all methods as provided
by HiDe-Prompt [39]. Prompt selection is performed at
the instance level during both training and inference. We
empirically verify that the test results are invariant to batch
size. All results are averaged over three random seeds.

4.2. Comparison Results

Class-IL Results. Table 1 reports results on Split CIFAR-
100 and Split ImageNet-R under the Sup-21K pre-trained
vision transformer. Our method achieves the highest FAA
and CAA across both benchmarks, while maintaining com-
petitive FM, demonstrating strong performance and stability
in class-incremental learning. Specifically, we obtain 95.02%
FAA on CIFAR-100 and 79.02% on ImageNet-R, outper-
forming NoRGa by 0.54% and 3.66%, respectively. Notably,
while regularization-based methods typically achieve low
FM, our design strikes a better balance between final accu-
racy and forgetting, validating the effectiveness of expert
routing and gradient modulation. Table 2 further shows
performance on Split CUB-200 and 5-Datasets benchmark.
Again, our method achieves the best FAA of 91.34% on
CUB-200 and 95.12% on 5-Datasets, outperforming the
strongest baseline by 0.44% and 0.96%, respectively. These
improvements are particularly meaningful in settings prone
to overfitting or under-generalization. Overall, the consistent
performance gains across different datasets and pre-training
types validate the effectiveness and adaptability of our MoE-
enhanced dynamic prompt learning framework.

Long Sequence Incremental Analysis. We assess the per-
formance of all methods under a more challenging long-
sequence incremental learning setup, where each dataset is
uniformly divided into 20 sessions. All methods are evalu-
ated using the ViT-B/16 backbone pre-trained on ImageNet-



Table 5. Ablation study on key components of the proposed method.

MoE HDR HGM Split CIFAR-100  Split Imagenet-R

FAA CAA FAA CAA
v 88.56 90.12 7699  79.53
v v 94.15 95.03 78.10  81.21
v v 93.86 9477 77.56  80.82
v v v 95.02 9597 79.02 82.96

Table 6. Performance comparison with different prompt positions.

Split CIFAR-100  Split ImageNet-R

Hash
FAA CAA FAA  CAA
(Default)y 1-4 | 95.02 9597  79.02  82.96
Dee 512 | 9467 9559 7861  82.48
p 1-12 | 9481 9576 7875  82.65
Shallo 1 9328 9412 77.00  80.94
W12 | 9301 9385 7682  80.70

21K. Compared to short-session setups, this setting imposes
greater pressure on knowledge retention and prompt scalabil-
ity due to finer task granularity, increased semantic overlap,
and extended task sessions. These challenges tend to am-
plify catastrophic forgetting in existing methods. As shown
in Table 3, our method consistently maintains high accuracy
and low forgetting across both CIFAR-100 and ImageNet-R.
Notably, the performance gap widens with increasing task
length, indicating that our approach scales more effectively
under prolonged incremental learning. This further high-
lights the advantage of our shared, input-adaptive prompt
mechanism, which promotes efficient knowledge reuse and
mitigates catastrophic forgetting even in the presence of long
and complex task sequences.

Domain-IL Results. To complement our evaluation under
class-incremental settings, we further assess the performance
of our approach in the domain-incremental learning (DIL)
scenario, where tasks share the same label space but dif-
fer in domain-specific input distributions. We compare our
method with three recent DIL baselines: CODA [36], S-
Prompts [43], and PINA [41]. CODA employs domain-
specific adapters with contrastive objectives to separate
domain-invariant and domain-specific features, while S-
Prompts maintains a per-domain prompt pool with a learned
scoring mechanism for selection. PINA, in contrast, intro-
duces a cross-domain concept integration framework that
effectively aggregates knowledge from multiple domains,
demonstrating strong performance on several DIL bench-
marks. We report results on CORe50 in Table 4, showing
that our method outperforms CODA by +2.53% and sur-
passes S-Prompt, which was specifically tailored for DIL.
Notably, our approach also exceeds the performance of PINA
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Table 7. Sensitivity of the number of router experts.

Split CIFAR-100 Split Imagenet-R

N,

FAA CAA FAA CAA
10 94.89 95.32 78.76 82.54
15 95.02 95.97 79.02 82.96
20 95.08 96.14 78.95 82.72
25 94.54 95.08 78.28 81.92

by a margin of 1.2%, further highlighting its effectiveness.
All methods are evaluated using the same pre-trained back-
bone (ViT-B/16), and exemplar-based approaches store 50
exemplars per class following standard protocol. These find-
ings highlight the robustness and generality of our approach
across diverse continual learning settings.

4.3. Ablation Study

Impact of History-Aware Modulator. To evaluate the effec-
tiveness of our proposed history-aware routing mechanism,
we conduct a comparative analysis of forgetting rates across
multiple datasets. Figure 3 illustrates the impact of our ap-
proach on catastrophic forgetting mitigation. Figure 3(a)
shows that history-aware routing consistently reduces for-
getting rates across all datasets, with absolute decreases of
2.65%, 1.65%, 2.39%, and 2.74% on CIFAR-100, Imagenet-
R, CUB-200, and 5-Datasets, respectively. This stems from
two complementary synergistic effects: routing penalties
prevent over-reliance on dominant prompts, while gradient
scaling protects their learned representations from exces-
sive updates. Figure 3(b) shows that without the modulator,
expert usage is highly skewed, with a strong bias toward
a few dominant experts. After applying the history-aware
modulator (Figure 3(c)), expert utilization becomes signifi-
cantly more balanced without sacrificing cross-task sharing,
thus improving the overall efficiency of the shared prompt
pool. The activation pattern shifts from highly concentrated
to broadly distributed, ensuring more diverse prompt combi-
nations across tasks.

Module-Wise Ablation. To disentangle the contributions
of our two key components, namely history-aware dy-
namic routing (HDR) and history-aware gradient modulation
(HGM), we perform an ablation study summarized in Ta-
ble 5. The study reports the FAA and CAA. Beginning with
a naive MoE-based prompt tuning baseline with uniform
expert assignment, we first introduce HDR alone, which
improves accuracy from 88.56% to 94.15% on Split CIFAR-
100 and from 76.99% to 78.10% on Split Imagenet-R under
the Sup-21K backbone, yielding relative gains of 5.59% and
1.11% respectively. This confirms that leveraging historical
expert activations enhances expert selection efficacy. Apply-
ing HGM in isolation achieves similar improvements—an in-
crease of 0.57% on Imagenet-R (Sup-21K), reaching 77.56%,
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Figure 3. (a) Forgetting rate reduction with history-aware modulator. (b) Cross-task expert utilization frequency distribution without
history-aware modulator. (c) Cross-task expert utilization frequency distribution with history-aware modulator.

Table 8. Sensitivity of prompt lengths.

Split CIFAR-100 Split Imagenet-R

L

FAA CAA FAA CAA
5 94.12 94.72 77.44 81.22
10 94.95 95.72 78.55 82.44
15 95.02 95.97 79.02 82.96
20 95.11 96.03 78.39 82.21
25 94.79 95.88 78.32 82.04

and a gain of 5.30% on CIFAR-100. Finally, combining
HDR and HGM yields the best results across all configu-
rations, achieving 95.02% on CIFAR-100 and 79.02% on
Imagenet-R, which corresponds to total gains of 6.46% and
2.03% over the naive MoE variant. These improvements un-
derscore the complementary nature of the two components:
HDR optimizes which experts to activate, while HGM reg-
ulates how they are updated, jointly enhancing both knowl-
edge acquisition and retention.

Layer-wise Prompt Deployment Analysis. To investigate
the impact of layer-wise prompt deployment, we systemat-
ically placed the prompt modules at different layers of the
backbone and evaluated their effect. As shown in Table 6,
deploying prompts at the lower layers consistently yields
the best results across benchmarks, achieving 95.02% FAA
on CIFAR-100 and 79.02% on ImageNet-R. Notably, using
deeper layers or all layers degrades performance by 0.21—
0.41%, while single-layer deployment performs significantly
worse with drops of 2.02-2.20%. This indicates that prompt-
based adaptation is most effective when applied to early
feature representations, where multi-layer coordination en-
ables better balance between plasticity and stability. Lower
layers encode more task-agnostic patterns that are easier
to modulate without disrupting prior knowledge, whereas
deeper features are more task-specific and less adaptable to
continual learning scenarios.
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Hyperparameter Sensitivity Analysis. We analyze the sen-
sitivity of our method to the number of experts IV, and the
prompt length L, as reported in Table 7 and Table 8. The
performance remains relatively stable across different con-
figurations, indicating the robustness of the method. For
the number of experts, increasing [V, generally leads to per-
formance improvement up to a certain point, with optimal
results achieved at NV, = 15 — 20. When NN, becomes
too large (e.g., 25), the overall accuracy slightly declines,
possibly due to insufficient training samples per expert or
increased optimization difficulty. This highlights the im-
portance of balancing model capacity and expert coverage.
In terms of prompt length, longer prompts improve perfor-
mance initially, with L = 15 emerging as the optimal con-
figuration across both benchmarks. Beyond this point, the
benefit quickly saturates and may even slightly decline, sug-
gesting that moderate lengths suffice for adaptation without
incurring unnecessary memory cost.

5. Conclusion

This study presents a prompt-sharing framework for contin-
ual learning, which adopts a sparse and dynamic prompt al-
location strategy. By enabling prompt sharing, our approach
inherently promotes generalization and reduces redundancy
compared to static prompt allocation designs. To address
catastrophic forgetting, we further introduce a history-aware
modulator which jointly balance knowledge transfer and task
stability. Empirically, we show that it strikes an effective bal-
ance between generalization and forgetting, outperforming
parameter-isolation prompt-based approaches.

Limitations. Building on the current work, which is con-
strained by computational resources, future efforts will ex-
plore larger-scale backbone models. Additionally, we aim to
further enhance the performance of the network framework,
particularly in maintaining its advantages under conditions
of extremely low task similarity.
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