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1. Training Algorithm
We adopt the HiDe-Prompt framework [17] and adjust it to
suit our shared prompt pool setting. During the Within-Task
Prediction (WTP) phase, we jointly optimize the classifica-
tion head ψ and the global prompt pool P = {p1, . . . , pK},
where each training instance dynamically activates a sparse
subset of prompts via a learned task-specific router. The se-
lected prompt composition p̃ is used in the encoder fθ(x, p̃)
to obtain the instructed representation. All past prompt pa-
rameters remain active and shared, enabling dynamic reuse
instead of freezing as in static prompt allocation.

To further enhance representation stability, we adopt the
same contrastive regularization term as in HiDe-Prompt.
Specifically, for each previously encountered class c ∈
Y(i), i = 1, . . . , t − 1, its instructed and uninstructed rep-
resentations are approximated by class-wise Gaussian dis-
tributions Gc and Ĝc. Let P̃t = {p̃1, p̃2, . . . , p̃Nt} de-
note the set of instance-specific prompts dynamically se-
lected by the task-specific router Rt for all training sam-
ples in Dt. We define the current task embeddings as
Ht = {fθ(x(t)

i , p̃i) | i = 1, . . . , Nt} and µc be the mean of
Gc. The contrastive loss is computed as:

LCR =
∑
h∈Ht

t−1∑
i=1

∑
c∈Y(i)

log

(
exp(h · µc/τ)

Z(h)

)
, (1)

Z(h) =
∑

h′∈Ht

exp(h · h′/τ) +

t−1∑
i=1

∑
c′∈Y(i)

exp(h · µc′/τ)

(2)

Here, Z(h) acts as the partition function, collecting all posi-
tive and negative pairs for normalization and τ is the temper-
ature that is set to 0.8. The overall loss for WTP combines
classification and contrastive objectives:

LWTP(ψ, P̃t) = LCE(ψ, P̃t) + λLCR, (3)

where λ is a balancing hyperparameter. Following the WTP
stage, we further refine the classifier parameters ψ through a
dedicated objective known as task-adaptive prediction (TAP).
This stage aims to mitigate classifier bias by accounting
for the distributional properties of all previously observed
classes. Specifically, TAP optimizes hψ using pseudo fea-
tures sampled from Gaussian approximations of prior class
representations. The TAP loss is defined as: The TAP loss is
defined as:

LTAP(ψ) =

t∑
i=1

∑
c∈Y(i)

∑
h∈Hi,c

− log

(
exp
(
hψ(h)[c]

)
ZTAP(h)

)
(4)

where ZTAP(h) =
∑t
j=1

∑
c′∈Y(j) exp

(
hψ(h)[c

′]
)

is the
normalization factor (partition function) over all previously
observed classes and Hi,c contains pseudo representations
sampled from the Gaussian prototype Gc of class c from
task Ti. This step enhances the alignment of the classifier
with the evolving feature space, thus improving robustness
against forgetting.

At test time, our method employs a lightweight auxiliary
task predictor ĥω : RD → RT , trained with the Task-Identity
Inference (TII) objective, to infer the task identity from the
uninstructed representation fθ(x). This module is trained
using a cross-entropy loss over pseudo features sampled
from the approximate Gaussian distributions Ĝc of previously
encountered classes. Formally, the TII objective is defined
as:

LTII(ω) =
∑
c∈Yt

∑
ĥ∈Ĥc

− log

(
exp(ĥω(ĥ)[c])∑

c′∈Yt
exp(ĥω(ĥ)[c′])

)
,

(5)

where Ĥc contains pseudo representations sampled from
the uninstructed class prototype Ĝc for c ∈ Y(i) and i =
1, . . . , t..

During inference, the predicted task index from ĥω deter-
mines the corresponding router Rt, which computes prompt
relevance scores based on input features and selects the top-k
prompts K(h) from the shared pool. These prompts are then
aggregated into a composite vector p̃, which conditions the
encoder to produce the final prediction: ŷ = hψ(fθ(x, p̃)).
Please refer to Algorithm 1 for more details.

2. Experimental Details
2.1. Additional Benchmark Details
In this section, we provide detailed information on the bench-
marks used in our work.

Split CIFAR-100 : CIFAR-100 [9] is a widely used im-
age classification benchmark consisting of images from 100
classes. The dataset contains diverse natural images, includ-
ing animals, vehicles, and various everyday objects. Each
image is annotated with both fine and coarse labels, enabling
hierarchical classification tasks. For class-incremental learn-
ing settings, the 100 classes are randomly divided into 10
incremental tasks, each comprising a unique set of classes.

Split ImageNet-R : ImageNet-R [8] is a variant of the
ImageNet benchmark, containing images from 200 classes



Algorithm 1 Training Algorithm of Hash
Input: Pre-trained transformer backbone fθ, training sets D1, ...,DT , number of tasks T , number of epochsE, hyperparameters
τ and λ.
Output: Parameters R1, ..., RT , p1, ..., pK , ω and ψ

1: Initialize R1, p1, ..., pK , ω and ψ
2: for t = 1, ..., T do
3: for c ∈ Yt do
4: Obtain Ĝc from fθ and Dt ▷ Uninstructed Representations
5: Initialize empty prompt batch: P̃t
6: for xi ∈ Dt do
7: Construct routing score: si = Rt(xi)
8: Construct top-k index set: K(si) = TopK(si)
9: Construct attention weights: αk = exp(si,k)

/∑
j∈K(hi)

exp(si,j)

10: Construct instance prompt: p̃i =
∑
k∈K(si)

αkpk

11: Append p̃i to P̃t
12: for epoch = 1, ..., E do
13: Optimize pt and ψ with LWTP in Eq. (3) ▷ Within-Task Prediction
14: Optimize ω with LTII in Eq. (5) ▷ Task-Identity Inference
15: Optimize ψ with LTAP in Eq. (4) ▷ Task-Adaptive Prediction
16: for c ∈ Yt do
17: Obtain Gc from fθ, P̃t and Dt ▷ Instructed Representations
18: return (R1, ..., RT , p1, ..., pK , ω, ψ)

that are selected to emphasize robustness to distribution
shifts. The dataset includes diverse renditions of objects such
as paintings, cartoons, sketches, and other non-photographic
styles, covering a broad range of natural and man-made
categories. These classes are also randomly divided into 10
distinct incremental tasks.

Split CUB-200 : CUB-200 [16] is a fine-grained im-
age classification dataset containing images from 200 bird
species. The dataset features a diverse collection of natu-
ral bird photographs, capturing various poses, backgrounds,
and environmental conditions. Each image is annotated
with a species-level class label, supporting detailed visual
recognition research. For class-incremental learning, the 200
categories are randomly split into 10 sequential tasks, each
with a distinct subset of bird species.

5-Datasets : 5-Datasets[4] is a composite continual learn-
ing dataset that integrates five widely used image classi-
fication datasets: CIFAR-10 [9], MNIST [11], Fashion-
MNIST [21], SVHN [14], and notMNIST [1]. Each compo-
nent dataset presents distinct visual characteristics, ranging
from natural images and street view numbers to handwritten
and typewritten digits or fashion items. In this benchmark,
each dataset is treated as a separate incremental task, en-
abling the evaluation of methods under substantial distribu-
tional shifts and task heterogeneity.

Table 1. Performance comparison of adapter-based continual
learning methods using ViT-B/16 with Sup-21K weights. Here we
present Final Average Accuracy (FAA).

Method Split CIFAR-100 Split CUB-200

C-ADA 88.25 76.13
LAE 85.33 80.97
ADAM + Adapter 87.29 85.84
EASE 87.76 84.65
InfLoRA 88.31 80.78
Hash (Ours) 95.02 91.34

Table 2. Performance comparison of pre-trained model-based
continual learning methods using ViT-B/16 with Sup-21K weights.
Here we present Final Average Accuracy (FAA).

Method Split CIFAR-100 Split CUB-200

ADAM + VPT-D 85.04 85.28
ADAM + SSF 85.27 85.67
ADAM + Adapter 87.29 85.84
RanPAC 92.20 90.30
Hash (Ours) 95.02 91.34

2.2. Additional Comparison Methods Details

In this section, we provide a detailed description of the meth-
ods compared in our work.



Table 3. Overall performance comparison on Split CIFAR-100 and Split ImageNet-R. We present Final Average Accuracy (FAA), Cumulative
Average Accuracy (CAA), and Average Forgetting Measure (FM) of all methods under different pre-trained models.

PTM Method
Split CIFAR-100 Split Imagenet-R

FAA (↑) CAA(↑) FM(↓) FAA (↑) CAA(↑) FM(↓)

iBOT-21K

L2P 79.13± 1.25 85.13± 0.05 7.50± 1.21 61.31± 0.50 68.81± 0.52 10.72± 0.40
DualPrompt 78.84± 0.47 86.16± 0.02 8.84± 0.67 58.69± 0.61 66.61± 0.67 11.75± 0.92
CODA-Prompt 80.83± 0.27 87.02± 0.20 7.50± 0.25 61.22± 0.35 66.76± 0.37 9.66± 0.20
CPrompt 82.14± 0.32 88.09± 0.09 7.02± 0.24 74.42± 0.18 79.19± 0.27 7.02± 0.36
HiDe-Prompt 93.02± 0.15 94.56± 0.05 1.26± 0.13 70.83± 0.17 73.23± 0.08 6.77 ± 0.23
NoRGa 94.76± 0.15 95.86± 0.31 1.34± 0.14 73.06± 0.26 77.46± 0.42 6.88± 0.49
Hash (Ours) 95.12 ± 0.24 95.97 ± 0.21 1.22 ± 0.17 76.97 ± 0.18 81.87 ± 0.29 6.84± 0.39

iBOT-1K

L2P 75.51± 0.88 82.53± 1.10 6.80± 1.70 59.43± 0.28 66.83± 0.92 11.33± 1.25
DualPrompt 76.21± 1.00 83.54± 1.23 9.89± 1.81 60.41± 0.76 66.87± 0.41 9.21± 0.43
CODA-Prompt 79.11± 1.02 86.21± 0.49 7.69± 1.57 66.56± 0.68 73.14± 0.57 7.22± 0.38
CPrompt 83.12± 0.39 89.53± 0.08 6.42± 0.27 72.42± 0.18 75.98± 0.23 7.05± 0.21
HiDe-Prompt 93.48± 0.11 95.02± 0.01 1.63± 0.10 71.33± 0.21 73.62± 0.13 7.11± 0.02
NoRGa 94.01± 0.04 95.11± 0.35 1.61 ± 0.30 72.77± 0.20 76.55± 0.46 7.10± 0.39
Hash (Ours) 94.59 ± 0.07 95.98 ± 0.24 1.72± 0.19 75.01 ± 0.18 78.45 ± 0.22 6.99 ± 0.19

DINO-1K

L2P 72.23± 0.35 79.71± 1.26 8.37± 2.30 57.21± 0.69 64.09± 0.74 7.47± 0.96
DualPrompt 73.95± 0.49 81.85± 0.59 9.32± 1.42 57.98± 0.71 65.39± 0.27 9.32± 0.69
CODA-Prompt 77.50± 0.64 84.81± 0.30 8.10± 0.01 63.15± 0.39 69.73± 0.25 6.86± 0.11
CPrompt 81.98± 0.52 89.82± 0.43 9.14± 0.66 71.92± 0.38 76.23± 0.32 6.77± 0.64
HiDe-Prompt 92.51± 0.11 94.25± 0.01 1.67± 0.20 68.11± 0.18 71.70± 0.01 6.45± 0.58
NoRGa 93.43± 0.33 94.65± 0.62 1.65± 0.25 71.77± 0.44 75.76± 0.49 6.42± 0.68
Hash (Ours) 94.12 ± 0.09 95.21 ± 0.17 1.59 ± 0.24 73.98 ± 0.23 77.74 ± 0.12 6.25 ± 0.44

MoCo-1K

L2P 77.24± 0.69 83.73± 0.70 5.57± 0.75 54.13± 0.67 62.09± 0.76 4.88 ± 0.42
DualPrompt 77.56± 0.63 84.37± 0.51 6.54± 0.50 54.45± 0.30 62.92± 0.41 5.34± 0.41
CODA-Prompt 77.83± 0.34 84.97± 0.23 12.60± 0.02 55.75± 0.26 65.49± 0.36 10.46± 0.04
CPrompt 84.12± 0.29 89.23± 0.33 6.92± 0.15 64.79± 0.26 70.64± 0.14 9.73± 0.33
HiDe-Prompt 91.57± 0.20 93.70± 0.01 1.51 ± 0.17 63.77± 0.49 68.26± 0.01 9.37± 0.71
NoRGa 93.52± 0.06 94.94± 0.29 1.63± 0.13 64.52± 0.16 70.21± 0.64 9.06± 0.19
Hash (Ours) 94.37 ± 0.09 95.62 ± 0.21 1.54± 0.13 67.09 ± 0.13 72.12 ± 0.09 8.14± 0.25

L2P : L2P [20] is a continual learning framework that
leverages a pool of learnable prompts to guide a frozen pre-
trained transformer model. During each incremental task,
L2P dynamically selects and updates prompts relevant to the
current data, enabling the model to adapt to new tasks with-
out revisiting previous data or altering the backbone weights.
This approach effectively mitigates catastrophic forgetting
and facilitates efficient knowledge integration across tasks.

DualPrompt : DualPrompt [19] is a prompt-based contin-
ual learning method designed for transformer architectures.
It introduces two types of prompts: task-shared prompts that
capture general knowledge across all tasks, and task-specific
prompts that focus on information unique to each task. By
jointly optimizing both prompt types, DualPrompt achieves
a balance between knowledge retention and task adaptability,
significantly improving performance in class-incremental
learning scenarios.

CODA-Prompt : CODA-Prompt [15] introduces a set of
learnable prompt components, which are assembled into
input-conditioned prompts using an attention-based scheme.
Unlike previous methods, all prompting parameters are opti-
mized end-to-end with the task loss, enabling greater capac-
ity and adaptability for rehearsal-free continual learning.

C-Prompt : CPrompt [7] addresses the training-testing
inconsistency in prompt-based continual learning by intro-
ducing classifier consistency learning (CCL) and prompt
consistency learning (PCL). CCL exposes prompts to all
classifiers during training, while PCL improves prediction
robustness and prompt selection using random prompt sam-
pling and a multi-key mechanism. This design achieves more
consistent and effective rehearsal-free continual learning.

HidePrompt : HiDe-Prompt [17] proposes a hierarchical
decomposition framework for prompt-based continual learn-



ing under self-supervised pretraining. It disentangles the
continual learning objective into three components—within-
task prediction, task-identity inference, and task-adaptive
prediction—and optimizes them jointly using task-specific
prompts and structured contrastive regularization. This ap-
proach enhances robustness to pretraining paradigms and
improves generalization in task-incremental scenarios.

NoRGa : NoRGa [10] is a prompt-based continual learn-
ing framework that reinterprets prefix tuning as adding task-
specific experts to a pre-trained mixture-of-experts model.
By embedding non-linear residual gating into the prefix scor-
ing mechanism, NoRGa improves parameter estimation and
sample efficiency while preserving model compactness and
mitigating catastrophic forgetting.

2.3. Evaluation Metric
Evaluation Metrics. We adopt three standard metrics to
assess continual learning performance: Final Average Ac-
curacy (FAA), Cumulative Average Accuracy (CAA), and
Forgetting Measure (FM). Let ai,t denote the accuracy on
task Ti after learning task Tt, and define the average ac-
curacy after learning t tasks as At = 1

t

∑t
i=1 ai,t. Then,

FAA is computed as AT = 1
T

∑T
i=1 ai,T , CAA is given

by 1
T

∑T
t=1At = 1

T

∑T
t=1

(
1
t

∑t
i=1 ai,t

)
, and FM is cal-

culated as 1
T−1

∑T−1
i=1 max1≤t<T (ai,t − ai,T ). FAA is the

primary metric to evaluate final performance, CAA reflects
performance across the entire learning process, and FM quan-
tifies the extent of forgetting.

2.4. Implementation Details
For each setting, we report the average performance over
three independent runs using different random seeds to ac-
count for training variance. In more detail, L2P [20] is
configured with a total of N = 30 prompts, a prompt length
of Lp = 5, and Top-K key selection with K = 5. For
DualPrompt [19], we use a prompt length of Lg = 5 for
the task-shared prompts g, which are inserted into layers 1
and 2, and a prompt length of Le = 20 for the task-specific
prompts e, inserted at layers 3 through 5. S-Prompt++ [18]
follows a similar configuration to DualPrompt, but replaces
all task-shared prompts with task-specific ones; specifically,
the task-specific prompts are inserted into layers 1-5 with
a prompt length of Le = 20. For CODA-Prompt [15], we
use N = 100 prompts, each of length Lp = 8, inserted into
layers 1-5. HiDe-Prompt [17] and NoRGa [10] shares the
overall architectural design of S-Prompt++, yet differs by
substituting the task-specific keys with an auxiliary classifier
ĥω for task identification. Hash modifies the HiDe-Prompt
architecture by adopting a mixture-of-experts framework,
where the Top-K experts with K = 2 are selected for each
input. We note that our reported results are based on infer-

ence with batch size 1. We have verified that performance
remains consistent across different inference batch sizes, but
omit these additional configurations for brevity.

3. Extended Results
3.1. Long Sequence Incremental Analysis
We also present results under the challenging 50-session
setting. As shown in Figure 1, our method maintains strong
performance even with 50 sessions, exhibiting only a minor
drop in accuracy compared to the 20-session setting. Notably,
the performance degradation is slower than other prompt-
sharing methods, highlighting the anti-forgetting advantage
of our history-aware module.

3.2. Comparison with Adapter-based Methods
We compare our method with several recent adapter-based
continual learning approaches. LAE [5] and ADAM [23]
propose unified frameworks for parameter-efficient tuning
(PET) via model ensembling and modular adaptation. C-
ADA [6] introduces Continual Adapter Layers with a Scale-
and-Shift module to enable task-specific attention and feature
transformation. EASE [22] achieves rehearsal-free continual
learning by iteratively adapting multiple adapter modules
through repeated forward propagation, while InfLoRA [12]
leverages low-rank adaptation with an online class-specific
memory to stabilize task transitions.

As shown in Table 1, our method achieves a Final Aver-
age Accuracy (FAA) of 95.02% on Split CIFAR-100, sur-
passing the next best method, InfLoRA, by 6.71%. On the
fine-grained Split CUB-200 benchmark, our approach at-
tains 91.34% FAA, 5.5% higher than ADAM + Adapter.
Adapter-based methods provide parameter efficiency and
modularity in continual learning, but often require careful
placement. In contrast, our prompt-based method uses dy-
namic prompt composition and instance-adaptive routing,
allowing for more flexible and precise knowledge sharing
and task adaptation..

3.3. Comparison with Pre-trained Model-based
Methods

Recent research has demonstrated that continual learning
can greatly benefit from pre-trained models (PTMs), espe-
cially when paired with parameter-efficient tuning (PEFT)
strategies. Methods such as ADAM [23] and RanPAC [13]
typically adapt the backbone model only during the first task,
employing techniques like FiLM or prompt tuning. By lever-
aging strong pre-trained representations, these approaches
often attain high accuracy on the initial task sequence.

However, these methods exhibit notable limitations when
presented with new tasks, as the backbone remains fixed
after the initial adaptation. This constraint can hinder the
model’s ability to acquire and disentangle features specific



(a) (b)

Figure 1. Long sequence incremental analysis: (a) Test accuracy after every 10 sessions in the 50-session setting on Split CIFAR-100,
comparing Hash and CODA. (b) Test accuracy across different total session numbers.

Figure 2. Ablation study on the hyperparameter of history-aware module.

to novel tasks, particularly in the presence of significant
distribution shift.

To address this, we propose a method that maintains a
global prompt pool and employs a dynamic routing mech-
anism to select task-relevant prompts during both training
and inference. As shown in Table 2, our approach consis-
tently outperforms first-task adaptation baselines on both
Split CIFAR-100 and Split CUB-200 benchmarks. Specifi-
cally, we achieve a Final Average Accuracy (FAA) of 95.02%
on CIFAR-100, exceeding ADAM and RanPAC by 2.82%,
with similar improvements observed on CUB-200 (91.34%
FAA). These results highlight the effectiveness of contin-
ual prompt adaptation in overcoming the rigidity of static
backbone tuning.

Table 4. Effect of different history-aware dynamic routing strate-
gies.

HDR (ψ)
Split CIFAR-100 Split ImageNet-R

FAA CAA FAA CAA

None 88.56 90.12 75.92 79.53
Logarithmic 91.02 93.21 76.84 80.91
Polynomial 93.12 94.38 76.95 81.05
Stepwise (Ours) 94.15 95.03 77.03 81.21

3.4. Results under Alternative Pre-training
Paradigms

To complement the main paper, which reports results based
on supervised ImageNet-21K (Sup-21K) pre-training, we
provide additional experimental results for all compared



Table 5. Effect of different history-aware gradient modulation
strategies.

HGM (γ)
Split CIFAR-100 Split ImageNet-R

FAA CAA FAA CAA

None 88.56 90.12 75.92 79.53
Inverse 92.45 93.88 76.23 80.24
Exponential 93.24 94.19 76.37 80.45
Piecewise (Ours) 93.86 94.77 76.49 80.82

methods under alternative pre-training paradigms, including
iBOT [24], DINO [2], and MoCo [3]. These results serve
to evaluate the robustness and generalizability of various
prompt-based continual learning approaches across diverse
pre-training strategies. All experiments are conducted under
the same experimental settings as described in the main
paper, ensuring fair and consistent comparisons.

Across all alternative pre-training paradigms, our method
consistently achieves high accuracy and maintains low for-
getting rates. This demonstrates that the shared prompt and
history-aware routing strategies not only ensure robust per-
formance under different pre-trained backbones, but also
offer strong scalability to diverse continual learning scenar-
ios.

4. Additional Ablation Results

4.1. Ablation on History-Aware Modulator
We study several alternative penalty and modulation func-
tions to validate the design choices in our history-aware
routing and gradient modulation components.

Dynamic Routing. We compare three variants: (i) Loga-
rithmic penalty ψ(h) = log(1 + h), which applies a smooth
and conservative decay that favors stable reuse of frequently
activated prompts; (ii) Polynomial penalty ψ(h) = hγ ,
where γ > 1, enforcing stronger suppression on heavily
used prompts to encourage diversity; and (iii) our adopted
Stepwise penalty, which subtracts a constant value δ for
top-k prompts, offering a practical trade-off between sim-
plicity and balancing. Logarithmic tends to under-penalize,
while Polynomial may over-penalize and hurt performance.
Stepwise yields better load balancing without sacrificing
reuse.

Gradient Modulation. We examine: (i) Inverse Scaling
γ(h) = 1/(1+βh), offering gradual decay and flexible con-
trol; (ii) Exponential Decay γ(h) = exp(−βh), enabling
stronger suppression but more sensitive to β; and (iii) our
adopted Piecewise Constant strategy, where only top-k ex-
perts are modulated with a constant factor α < 1. Compared

Table 6. Comparison of training times for NoGRa and Hash. All
experiments were conducted on a single NVIDIA A100 GPU.

Method CIFAR-100 ImageNet-R CUB-200 5-Datasets

Hide 2.80h 2.67h 1.04h 24.06h
NoRGa 2.85h 2.70h 1.10h 24.23h
Hash 2.66h 2.49h 0.96h 23.52h

to continuous modulation, our approach achieves better bal-
ance between stability and plasticity while being easier to
tune.

As illustrated in Figure 2, we select the optimal hyper-
parameters δ = 0.4 and α = 0.1 based on the ablation study.
Empirical results (Table 4 and Table 5) are consistent with
our analysis: our piecewise and stepwise strategies achieve
superior performance and stability across datasets, validating
their effectiveness and ease of tuning.

5. Training Cost Analysis
All experiments are conducted on a single A100 GPU, and
the corresponding training times are reported in Table 6.
Compared to HiDe-Prompt and NoRGa, our approach not
only requires less training time but also achieves superior
performance across all evaluated benchmarks. This com-
putational efficiency stems from our architectural design
choices: we employ a smaller total number of prompts
through shared pooling, use shorter prompt lengths per in-
stance due to sparse top-k selection, and inject prompts into
fewer layers compared to Hide-Prompt. These design deci-
sions substantially reduce the computational overhead during
both forward and backward passes, while our dynamic rout-
ing mechanism ensures that the reduced capacity is allocated
more effectively. As a result, our method offers a more
efficient optimization process without sacrificing accuracy,
demonstrating the advantages of parameter sharing and se-
lective activation in achieving both computational efficiency
and strong continual learning performance.
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