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Abstract

Federated continual learning (FCL) tackles scenarios of learning from continuously
emerging task data across distributed clients, where the key challenge lies in
addressing both temporal forgetting over time and spatial forgetting simultaneously.
Recently, prompt-based FCL methods have shown advanced performance through
task-wise prompt communication. In this study, we underscore that the existing
prompt-based FCL methods are prone to class-wise knowledge coherence between
prompts across clients. The class-wise knowledge coherence includes two aspects:
(1) intra-class distribution gap across clients, which degrades the learned semantics
across prompts, (2) inter-prompt class-wise relevance, which highlights cross-
class knowledge confusion. During prompt communication, insufficient class-
wise coherence exacerbates knowledge conflicts among new prompts and induces
interference with old prompts, intensifying both spatial and temporal forgetting. To
address these issues, we propose a novel Class-aware Client Knowledge Interaction
(C?Prompt) method that explicitly enhances class-wise knowledge coherence
during prompt communication. Specifically, a local class distribution compensation
mechanism (LCDC) is introduced to reduce intra-class distribution disparities
across clients, thereby reinforcing intra-class knowledge consistency. Additionally,
a class-aware prompt aggregation scheme (CPA) is designed to alleviate inter-
class knowledge confusion by selectively strengthening class-relevant knowledge
aggregation. Extensive experiments on multiple FCL benchmarks demonstrate that
C?Prompt achieves state-of-the-art performance. Our source code is available at
https://github.com/zhoujiahuan1991/NeurIPS2025-C2Prompt
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1 Introduction

With the proliferation of edge computing and IoT devices [1], federated continual learning (FCL)
has emerged as a critical paradigm for enabling intelligent systems to continuously learn from
decentralized data streams while preserving data privacy [2} |3} 4; |5]. However, this setting presents
a dual challenge: models must overcome catastrophic forgetting across sequential tasks (temporal
dimension) while adapting to heterogeneous data distributions among clients (spatial dimension) [[6;7].
While traditional continual learning methods [18; 95105 [11;[12] and federated learning approaches [13}
145 1155 [165 [17]] have made significant progress independently, their combined formulation in FCL
struggles to address the superimposed forgetting effectively [6} (18 [19]].

Existing FCL methods predominantly
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Recently, prompt-based learning [19
23; 24] has emerged as a promis-
ing solution for FCL by maintaining Figure 1: In FCL, class-wise knowledge coherence includes
task-specific prompts that store knowl- two aspects: (a) inter-prompt class-wise relevance which
edge representations while leveraging influences prompt aggregation in the server, (b) intra-class
a frozen pre-trained model [25; 26]. distribution gap (overlap) across clients which influences the
To overcome the overfitting to local locally learned semantics of each class.

distribution, some methods introduce

inter-client prompt communication to

improve the robustness [19]]. Despite their potential, these approaches are prone to class-wise
knowledge coherence during prompt communication, which comprises two aspects.

(b) Influence of Intra-Class Distribution Overlap O,

First, as illustrated in Figure [T] (a), class-wise knowledge across prompts from different clients
inherently varies to some extent. During prompt communication (aggregation), this divergence often
results in knowledge conflicts, degrading the model’s acquisition capacity. Moreover, these conflicts
exacerbate forgetting, as the aggregated prompts may conflict with the historical prompts. Second, as
depicted in Figure|1|(b), the intra-class distribution disparity across clients often affects the learned
semantics of prompts. Certain features, although locally discriminative, may prove suboptimal from
a global perspective, leading to further knowledge conflicts during prompt communication. Addi-
tionally, these locally discriminative features may be confused with historical data representations,
resulting in degraded performance on previously learned tasks.

To address these challenges, we propose a novel Class-aware Client Knowledge Interaction
(C?Prompt) approach to improve inter-prompt class-wise relevance and intra-class distribution
overlap simultaneously, as shown in Figure|l|(a)-(b). To achieve this, we first collect the local class
distributions across clients and estimate the class-wise global distribution according to probability
theory. Then, a local class distribution compensation mechanism (LCDC) is developed, which learns
a set of class prompts to transfer the local semantics to the global domain, significantly improving
intra-class knowledge consistency across clients. Additionally, each local prompt is recorded with its
affinity with different classes. Then, a class-aware prompt aggregation scheme (CPA) is designed
to exploit the class affinities to estimate the class-wise knowledge relevance across prompts and
generate dynamic weights to enhance class-relevant knowledge aggregation, effectively alleviating the
confusion caused by class knowledge conflict. Extensive experiments on multiple FCL benchmarks
demonstrate that C>Prompt outperforms state-of-the-art methods by large margins.

To summarize, the contributions of our paper are three-fold: (1) We present the C2Prompt, an
exemplar-free method that achieves Class-aware Client Knowledge Interaction to mitigate the tem-



poral and spatial forgetting simultaneously. (2) A local class distribution compensation mechanism
is developed to complement local distribution to improve cross-client semantic consistency. (3) A
class-aware prompt aggregation scheme is proposed to enhance intra-class knowledge aggregation
and alleviate the knowledge conflict via a class-wise knowledge relevant estimation mechanism. (4)
The superiority of C2Prompt is validated on the challenging FCL benchmarks, where our method
consistently achieves remarkable state-of-the-art performance.

2 Related Work

In this section, we review three research directions and discuss the state-of-the-art works that are
most relevant to this paper.

2.1 Federated Learning

FL considers a distributed machine learning paradigm where decentralized data resources are modeled
collaboratively [27; 28} 29; 130]. Each client trains with its corresponding data locally, and a server
aggregates the client knowledge to obtain a global model [315132;33;34]. The key challenge in FL.
is the data heterogeneity problem, where the data are not independently and identically distributed
(non-1ID) on different clients [35;136;137;138]. Current FL approaches can be primarily categorized
into three branches, i.e., client-side regularization, server-side regularization, and synthetic data
generation [39]. Client-side regularization methods aim to improve the alignment with the global
model by refining local updates [40; 4151425143} 144545t 146;/47]. Server-side regularization approaches
focus on achieving better aggregation to maximize the performance of the global model [48};149; 50;
51]]. Synthetic data generation methods rely on MixUp or training a deep generation model to generate
synthetic data to approximate IID conditions [52; 53] or post-train the global model [54; 1555 156]].
However, these FL methods assume that all the training data are available at the same time and
neglect the practical condition that the training data occur sequentially.

2.2 Continual Learning

Continual Learning (CL) aims to learn with non-stationary data and generate a unified model
that can address multiple tasks [9; I57; 58]. Current CL methods are mainly divided into two
categories: rehearsal-based and rehearsal-free. Rehearsal-based methods [20; 21} 22] save a subset of
learned samples into a memory buffer and replay them when learning a new task. While promising
performance has been achieved, they usually require a large memory cost and raise privacy concerns
during long-term learning. Rehearsal-free methods dynamically expand the network or isolate
parameters for different tasks, regularize the network parameters that are important to learned tasks.
Recently, freezing the pre-trained backbone model and only training a subset of learnable parameters
is the current mainstream approach [59;160; 615 [8]. L2P [62] pioneeringly introduced prompt learning
to CL and proposed a key-query similarity method to select prompts for each task data from a prompt
pool. CODAPrompt [[11]] transforms prompt selection into a differential process with an attention
mechanism. However, these approaches only consider alleviating temporal forgetting and struggle to
address the non-1ID data in the federated learning scenario [63} 164} 65]].

2.3 Federated Continual Learning

In FCL, each client continuously learns from a private and incremental task stream locally and a global
model aims to aggregate the spatial-temporal knowledge in a unified model [3]]. Existing FCL methods
primarily focus on generative replay to address the spatial and temporal forgetting [[665 [18; 165 675 68]].
However, due to the slow convergence of generation training, training a generative model introduces
massive training overheads [69]. Besides, the generative models typically risk privacy leakage of
local information [6]]. Recently, efficient tuning-based methods have shown advanced performance
in FCL. PILoRA and LoRM introduced LoRA to address FCL by learning low-rank parameters
in each client and aggregates them in the server. Besides, prompt learning has shown remarkable
anti-forgetting capacity due to the parameter-matching mechanism that enables mutli-task knowledge
co-consistency [70; [715 [19]. However, existing methods typically neglect the knowledge conflict
between individual prompts during server-side aggregation, leading to significant knowledge loss.
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Figure 2: Overview of our C*Prompt approach. During the training stage ¢, given the data D
at each client k, the local class-aware feature distribution is collected and uploaded to the server to
estimate the global distribution of each class. Then, the global distribution is distributed to the local
clients to train client-specific class-distribution compensation prompts Py ;.. During the later process,

the discriminativity prompts 73;1 & are introduced to learn classification-relevant knowledge, which are
iteratively aggregated in the server according to the class knowledge relevance for N, rounds.

3 Preliminaries

Problem Formulation: In FCL, a collection of K clients collaboratively learn under the coordination
of a central server. Each client k£ € {1,2,..., K} sequentially learns a series of T tasks. Let 775
denote the ¢-th task of the k-th client, and D be its corresponding dataset. The model parameters of
client k during the learning of 7,' are represented as 6},.

Baseline: Following recent FCL methods [19; 72} 715 [19], we adopt CODAPrompt [11] as the basic
architecture for both clients and the server. For each local task 7}, a set of prompts P, € RN*xLpxD
is learned, where N is the number of local prompts, L,, is the length of each prompt, and D is the
input dimension of the Vision Transformer (ViT) encoder. On the server side, a global prompt pool
P, € RNo*LexD i maintained, containing prompts from both previous tasks 77" and the current
task 7¢“". The total number of prompts in the pool is denoted as N, = M x N, where M is the
number of seen tasks. For an image =, its associated prompt p, € RYs*P is generated through a
weighted sum of the prompts in P:

N9
= aiPyli, ey

where the weights az = {1, @, ..., an, } are computed based on query-key similarity:

Qg = {’7((1(1') © [Ag]lv [Kg]l)vﬁy(q(x) © [Ag]Qa [Kg]Q)a cee 77(q(m) © [Ag]Nga [Kg]Ng)}a 2)

where 7(-, ) represents the cosine similarity function, K, € RMs*D and A, € RMa*D are the
learnable keys and attention weights of the prompts in P,. © denotes the Hadamard product. For
simplicity, given the one-to-one correspondence among A 4, K, and P4, we represent the global
prompt pool as P, encapsulating both attention and key representations.

In addition to the basic architecture of CODAPrompt, we also incorporate the knowledge distillation
loss introduced by Powder [19] to enhance knowledge retention across tasks. The distillation loss is
formulated as follows:

Ekd(gcuvgtr = Z ytr klOg CU]k (3)



where 7., denotes the output logits of the current model, and ¢, represents the logits of the model at
the beginning of the current communication round, containing the latest knowledge transferred from
other tasks.

4 Proposed Method

In this section, we elaborate on our C2Prompt which primarily consist of four modules, i.e., Global
Class Distribution Estimation, Class-aware Prompt Aggregation, Local Class Distribution Compensa-
tion, and Local Discriminativity Learning. An overview of C2Prompt is illustrated in Figure [2, and
the procedure is summarized in Algorithm[I]of Appendix [B]

4.1 Global Distribution Generation

When the new stage data of a client Dj, is given, the local distribution for each class is first computed,
resulting in a distribution set D}, = {(pf, ;, o?ﬁ}ﬁﬂ, where (. ;, 0}, ;) denotes the class center and
standard deviation, and |C. | is the number of classes for client k. For each class 7, the data distribution
on client % is approximated by a Gaussian distribution N (ui > (crf, +)?). Furthermore, the proportion
of samples for class ¢ at client % relative to the global sample size of class i is represented as p‘;“
The global mean and standard deviation are then aggregated across all clients as follows: '

K
=D ph Pl @)

K

(k)% + (00 1)%) s — (9)? 5)
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The theoretical derivations of Equation 4] and Equation [5]are provided in the Appendix Once
calculated, the global distribution of each class is sent back to each client for further processing.

4.2 Local Class Distribution Compensation

Upon receiving the global class distribution, local class distribution compensation prompts Py, =

{p§ }l i are introduced to address the issue of local undersampling by transferring the local samples to
align W1th the global distribution. Specifically, for each class 7, a local class distribution compensation
prompt is denoted as p§ € R<*9, where L. represents the length of p;. Given an input image
x, it is first tokenized [73] into a sequence representation h,, € RLnxd where Ly, is the sequence
length. The associated local class distribution compensation prompt of x, denoted pg,, is obtained by
indexing from Py, with its label. Both pg, and h,, are then fed into transformer layers:

fm,p = f@([h’w7p;7d$])a (6)

where f, is the parameters of the pretrained ViT, cls is the [CLS] token [59], and f, , € R is the
generated feature. To ensure that f, ,, aligns with the global class distribution, we assume that the
global distribution for class i follows a Gaussian parameterization N'(u?, (of)?). The alignment is
enforced through a distribution-based cross-entropy loss that maximizes the likelihood of f; , under
the global distribution:

= e~ )T (B e~ 1), )

where XY is a diagonal covariance matrix with its diagonal entries equal to (0f)2. The theoretical

derivations of Equation [7|are provided in the Appendix Note that once Py, = {pg}LC:kl is
trained, it is frozen during the sequential rounds of training in the current stage.



4.3 Local Discriminativity Learning

When Pf, is learned, we introduce the local discriminativity prompts P&, = {p? , } ,, matrixed as
P‘ti > Which corresponds to prompts of original CODAPrompt, to enable new knowledge learning.
Given x and its label 37, we generate instance-specific discriminativity prompt pZ form Pf i according

to EquationE} Besides, the local class distribution compensation prompt pg, is indexed from Py,
using y. Then, a cross entropy loss (C'E) is introduced to optimize pZ:

Ece :CE(kaG([hm7p;’pi,ClS]),y>7 (8)

where W is the learnable weight of the classifier of client k. Note that p§, is exploited with p = 0.5

to sufficiently utilize the information of both local original data and the completed distributions.

At the same time, a instance histogram H, = {si}X, for  is generated where {s’} denotes the

similarity score between x and p; ;. During one round of training, we introduce a client histogram
. . t

H L= {s{}‘f:’“l‘ for each prompt of stage ¢ that records the cumulative prompt-class matching scores

s7, which is mathematically calculated by:

[ Dy k|

si=Y [Ha,l; )

n=1

where s/ represents the affinity between the prompt and class. Note that Hj, can be generated
online during training and requires almost no additional computing overhead. When one round
of discriminative prompt training is finished, a set of client histograms { H}.}}¥ ; for the new stage
prompts is uploaded to the server.

4.4 Class-aware Prompt Aggregation

When a round of local discriminativity learning is finished, the local client histograms are collected
to form aset H, = {H{}L, U{HI}N, U--- U{Hj}Y,, which is matrixed as H, € RFVxIC:|,
Then, an inter-prompt correlation matrix W/ € R¥N >N is computed by

Wy =(HH /7), (10)

where 7 is the softmax function that is conducted row-wise here, and 7 is a hyperparameter to scale
the similarity scores. Besides, the prompts of stage ¢ are also collected from the clients to form a
set ’P; ={p N, u {pé}lN:.l U--- {P}(}f\il, which is matrixed as P, € R¥N>Lr*d_Then, a Class
Weighted Prompt Aggregation process is conducted by:

| 6 (11)
where P* € RN *Lrxd js the updated prompts that have collected the most relevant knowledge

from prompts of different clients. Then, PZ* is split into K prompt sets and distributed to the
corresponding clients.

Training and Inference: As shown in Figure[2] during stage ¢, the training process consists of two
phases. Firstly, Global Class Distribution Estimation and Local Class Distribution Compensation are
conducted at round 0. The local distribution compensation loss L. is adopted to train P .. Then,
from round 1 to N,., Class-aware Prompt Aggregation and Local Discriminativity Learning are
conducted in turn. The model is optimized by an overall loss:

Ed = ‘Cce + Bﬁkda (12)

where (3 is a hyperparameter to balance the loss components.

During inference, following previous works [19], the prompts learned on all the seen local tasks are
collected to generate a prompt p, which is exploited to generate predictions by



§=7(Wyfo([ha,py.cls]),y), (13)

where W is the global classifier by concentrates the local classifiers learned from different tasks
following [19].

5 Experiments

5.1 Experimental Setups

Datasets and Metrics: We conduct the experiments on three widely used benchmarks in FCL, i.e.,
ImageNet-R[74], DomainNet[75] and CIFAR-100[76]. To evaluate the effectiveness of different
FCL methods, 6 metrics are adopted in this paper, including Average Accuracy (Avg), Average
Incremental Accuracy (AIA), Forgetting Measure (FM), Forward Transfer (FT), Backward Transfer
(BT), Combined Transfer (CT). The configurations of the benchmarks and the details of the metrics
are presented in Appendix [C}

Table 1: Result comparison on the ImageNet-R and DomainNet benchmark

ImageNet-R DomainNet
Avgt AIAT FM| FTt BTt CTt Avgt AIAT FM| FTt BTt CT?

FedWEIT  rcmr2027 71.10 74.30 1.80 -2.39 -1.83 -3.86 67.84 69.63 1.91 -2.92 -3.11 -4.97
CFeD 1caro22 47.93 59.79 3.81 -17.67 -14.92 -29.60 42.85 60.19 1.65 -4.98 -13.32 -15.64
GLFC cvPr202272.96 75.21 1.10 -3.87 -1.55 -5.11 69.7570.34 1.23 -4.08 -2.46 -6.04
Fedspace cvrr202572.27 73.36 2.01 -2.60 -4.91 -5.95 68.9870.71 1.80 1.87 -4.16 -1.45

Fed-L2P  cvrr2o22 77.88 75.03 0.41 -2.79 -0.17 -2.92 70.98 72.36 0.16 -2.18 0.10 -2.09
Fed-Dual Eccv2022 76.85 7491 0.49 -3.12 0.22 -2.95 71.9072.15 0.16 -1.82 0.41 -1.49
Fed-CODA cvrr2025 79.65 75.14 -0.68 -2.53 1.69 -1.18 72.47 72.84 0.01 -0.82 0.83 -0.15
Fed-CP remr2023 76.75 72.59 0.63 -3.16 0.00 -3.16 71.28 69.92 0.18 -2.78 0.00 -2.78
Powder 1cmr2024 84.69 84.08 -0.54 448 195 6.04 75.98 77.28 0.10 1.28 0.14 1.40
PILoRA  Eccv2024 45.43 48.72 0.92 -5.75 -7.32 -12.5431.22 40.76 0.55 -0.12 -0.74 -1.81
Fed-MOS  aaar2025 47.67 47.08 1.40 -3.30 -0.12 -3.37 40.37 45.22 0.31 -1.43 -1.21 -2.50
LoRM rcer2025 58.00 67.78 8.71 -4.67 -9.22 -13.7023.18 28.49 5.72 -1.32 -0.11 -1.40

C2Pr0mpt This Paper 87.20 85.93 -0.36 7.63 1.12 8.52 78.88 77.55-0.02 3.87 023 4.05

Methods Pub.

Compared Methods: We compare our proposed C?Prompt with the following methods: (1) Fully-
Tuning-based (FULLY) federated continual learning methods, including FedWEIT [77]], CFeD [78]],
GLFC [7] and FedSpace [79]. (2) Efficient-Tuning-based (EFFICIENT) methods, including prompt
learning approaches, FedCPrompt [71] and Powder [19]]. Besides, the state-of-the-art prompt-based
continual learning methods, i.e., L2P [62], DualPrompt [8]], CODAPrompt [11], are integrated with
the well-known FedAvg [48]] algorithm to make a comprehensive comparison (Fed-L2P, L2P-Dual,
Fed-CODAP, Fed-CPrompt). Additionally, the LoRA-based FCL methods, including PILoRA [80]]
and LoRM [81]], and the adapter-based continual learning method MOS [82] is integrated with
FedAvg to form Fed-MOS. All experiments are implemented using official code, with the ViT-B/16
pre-trained on ImageNet-21k serving as the backbone network.

Implementation Details The settings of our discriminativity prompts follow the configuration of
previous works [19], where L,,, N and d are set to 10, 8 and 768, respectively. For our class
distribution compensation prompt, the prompt length L. is set to 3 by default. The Adam optimizer
with a learning rate of 0.01 is adopted during training. For all the experiments, the training and testing
images are resized to 224x224. The client number K and round number for each task are set to 5 and
3, respectively. All experiments are conducted on a single Nvidia 4090 GPU.

5.2 Comparison Results

We follow the experimental setting of the previous methods [19] and the comparison results on the
ImageNet-R and DomainNet are represented in Table 1} where Avg and AIA are the most important



metrics indicating the long-term knowledge accumulation and progressive performance, respectively.
The best and second best methods are highlighted in Bold and Underlined, separately.

Avg Comparison: Our C2Prompt outperforms the state-of-the-art Powder, achieving improvements
of 2.51% and 2.90% on ImageNet-R and DomainNet, respectively. These results demonstrate the
superiority of our method in long-term knowledge consolidation. This is because the new knowledge
acquisition capacity is significantly improved with our local class distribution compensation and
class-aware discriminativity prompt aggregation designs. Besides, the accurate knowledge communi-
cation mechanism avoids the irrelevant prompts fusion that generate invalid prompts which not only
semantically away from new prompts, but also conflict with historical prompts.

AIA Comparison:  Our C2Prompt
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existing approaches on DomainNet, 850 — T
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FM Comparison: Fed-CODAP, Powder stage
and our C?Prompt show a negative for- —— Ours Fed-L2P —— Fed-CODAP GLFC
getting rate on the small-scale dataset —— Powder —— Fed-Dual —— FedCPrompt —— Fedspace

ImageNet-R. This indicates the new tasks
can facilitate historical task learning when
training samples are limited. On the
large-scale dataset DomainNet, only our
C2Prompt shows a negative forgetting rate.
These results verify the effective antiforgetting capacity of our method under different conditions.

Figure 3: Avg-ACC curves on the seen tasks across
training stages .

FT Comparison: Our C?>Prompt shows advanced forward-transfer capacity, outperforming existing
methods by at least 3.15% and 2.59% on ImageNet-R and DomainNet, respectively. This is primarily
attributed to the Global Class Distribution Estimation and Local Class Distribution Compensation
designs, where the former can effectively exploit the asynchronously arriving data of the same class to
generate reliable global distribution estimation. Then the estimated global distribution is exploited by
the later to achieve data-level information compensation, thereby significantly improving subsequent
data learning.

BT Comparison: Fed-CODAP, Pow-
der and our C2Prompt consistently show

84.69

positive backward-transfer across both Baseline

ImageNet-R and DomainNet datasets. This “CPA 86.02

is because the asynchronously arriving data 5657
enable the later tasks to enhance the knowl- +LCDC

edge of previously seen classes. We ob-  iicpeicpa 5720

serve that the backward-transfer results of

84 86 88

C?Prompt are relatively inferior to Fed- Avg-ACC (%)
CODAP and Powder. This is because
the Local Class Distribution Compensation Figure 4: Ablation on the model components.

and Class-aware Prompt Aggregation de-
signs significantly improve the distributed data learning capacity at each stage, leaving less improve-
ment space for seen tasks.

CT Comparison: As for the combined transfer of forward and backward, our C2Prompt outperforms
all existing approaches with 2.48% and 2.65% improvements on ImageNet-R and DomainNet, re-
spectively. These results demonstrate that the class-aware client knowledge interaction designs in this
paper effectively boost the overall learning capacity in the temporal dimension in FCL. Specifically,
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Figure 5: Visualization of attention across prompt and image regions.

the Global Class Distribution Estimation effectively aggregates the distributional information across
spatial and temporal data sources. Local Class Distribution Compensation module leverages the
global distributional image to overcome the non-IID phenomenon across clients. Finally, Local
Discriminativity Learning and Class-aware Prompt Aggregation modules effectively integrate the
distributional knowledge into the prompts.

Performance Tendency Analysis: To further analyze the model learning process, we visualize the
Average Accuracy (Avg-ACC) across the seen tasks during the FCL stages in Fig. [3]on the ImageNet-
R benchmark. The results show that our method consistently outperforms state-of-the-art approaches
across all stages. Furthermore, the Avg-ACC of C?-Prompt exhibits a stable upward trajectory
throughout the training process, whereas other methods display either declining or fluctuating trends.
This advantage is attributed to our class-aware client knowledge interaction designs, which effectively
extract and preserve robust knowledge over long-term training. In contrast, existing methods are
more prone to knowledge conflicts during parameter aggregation in FCL, leading to performance
degradation as training progresses.

5.3 Ablation Study and Additional Analysis

Ablation on components. Since Fig. 2| (a)
and Fig.[2](c) rely on each other, we present -
them as a unified component termed LCDC. 201 <—Aggregation=s | —- e
Besides, Fig.[2](b) and Fig.[2](d) also rely S i1 ca CPALLEDC
on each other, we present them as a unified 150

component termed CPA.

1.254

The ablation studies on LCDC and CPA are 100
illustrated in Fig. 4] which are conducted 0751
with the ImageNet-R benchmark. When
using LCDC module alone, our method
obtains 1.88 % improvement compared to

e,

A
.- Tl

the baseline, verifying the effectiveness of Round 1 Round 2 Round 3
the Global Class Distribution Estimation
and Local Class Distribution Compensa- Figure 6: Visualization of loss curves.

tion mechanism. Besides, CPA achieves

1.33% improvement compared to the baseline, demonstrating the effectiveness of our Class-aware
Prompt Aggregation design. When all our modules are used together, the model performance is
further improved with 2.51% improvement. This is because LCDC and CPA achieve input-level
class information compensation and feature extraction parameter-level knowledge communication,
respectively. Therefore, they are complementary to each other.

We also visualize the loss of Baseline, CPA and CPA+LCDC in Figure[6] During round 1, different
methods primarily learn with new data and converge similarly. When the first aggregation is conducted,
all the methods show improved loss due to the parameter drift. CPA shows the least loss improvement
due to the class-aware prompt fusion design that mitigates the knowledge conflict issue. CPA+LCDC
shows a large loss improvement because the class distribution Compensation design guides the
model in the early stage. During the second aggregation, the loss improvement of CPA+LCDC is
significantly reduced since knowledge correlation between prompts is improved after round 2. After
the training of round 3, both CPA and CPA+LCDC show significantly lower loss compared to the



Baseline. Although CPA and CPA+LCDC obtain similar final losses, the performance of CPA+LCDC
is superior to CPA since LCDC improves the robustness of the learned knowledge.

Visualization of learned prompts: Figure |5|illustrates the prompt attention maps of our C2-Prompt
in comparison with state-of-the-art Powder [19]]. Specifically, the prompts generated by Powder are
largely dominated by class-irrelevant knowledge and exhibit limited discriminative feature extraction
capacity. In contrast, the prompts generated by our method effectively focus on the discriminative
regions and influence less on the class-irrelevant knowledge. These improvements are primarily
attributed to our Class-aware Prompt Aggregation mechanism, which effectively alleviates conflicted
knowledge fusion during prompt aggregation.

Communication Overhead: Table[2]com-
pares the communication and parameter Taple 2: Comparison of communication and additional
overhead of C2-Prompt with state-of-the- parameter overhead.

art methods. Our approach demonstrates

comparable communication and parame- o Parameter

ter costs with Powder, with only 0.6% Methods Communication —

and 6.8% increases, respectively. The ad- Training Inference
ditional communication overhead stems Fed-L2P 686.69MB 396MB 3.96MB
from the exchange of class distribution in- Fed-Dual 621.78MB 473MB 4.73MB

formation between the server and clients. Fed-CODAP 815.63MB 11.43MB 11.43MB
However, due to the sparse distribution Fed-CPrompt 815.63MB 11.43MB 11.43M

of classes, this overhead remains mini- Powder 493.0SMB 2.64MB 2.64MB
mal. The slight increase in training pa-

rameter count is attributed to the introduc- ~ C*Prompt 496.01lMB  2.82MB 2.64MB
tion of local class distribution compensa-
tion prompts, which are significantly fewer
than the discriminative prompts commonly used in existing methods. Note that C2-Prompt does
not introduce any additional parameters or computational overhead during inference, as only the
discriminative prompts are employed for testing.

6 Conclusion

In this paper, we propose Class-aware Client Knowledge Interaction (C2Prompt), which enhances
the class-wise knowledge coherence between prompts across clients, significantly alleviating both
temporal and spatial forgetting by mitigating the potential knowledge conflict during prompt commu-
nication. C2Prompt introduces two kinds of prompts, local class distribution compensation prompt
and local discriminativity prompt. The former transfers local class features to a global class-wise
distribution to improve the intra-class semantic consistency across clients. The latter learn discrimina-
tion capacity with local data and aggregated with the ones from other clients in the server according
to the class-wise affinity, enabling class-wise knowledge enhancement while alleviating conflicts.
Extensive experiments on the challenging FCL benchmarks demonstrate that our method significantly
outperforms the state-of-the-art, validating the effectiveness of our approach.

Limitation Discussion: Our approach requires class distribution communication at the initial round.
Although this operation incurs minimal overhead due to the sparsity of distributional parameters,
it introduces a minor communication cost. Furthermore, the prompt aggregation process generates
client-specific prompts, slightly increasing computing and storage overhead compared to existing
prompt-based methods. Nevertheless, this remains significantly more efficient than full fine-tuning
approaches, as the number of learnable parameters in prompts is substantially smaller than that of the
entire feature extractor.
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paper’s contributions and scope.
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to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We have attached our source code and data access links in the supplementary
materials, with sufficient instructions to faithfully reproduce the main experimental results.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We have specified all the training and test details necessary to understand the
results.

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Error bars are not reported due to computational constraints. However, all
experiments are conducted with consistent benchmark configurations and fixed random
seeds, ensuring reproducibility. The significant and consistent improvements across multiple
benchmarks substantiate the effectiveness of our method.

Guidelines:

* The answer NA means that the paper does not include experiments.
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8.

10.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: The paper provide sufficient information on the computer resources.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The Broader impacts has been discussed in the Appendix.
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Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: They are properly credited and respected.
Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

20



13.

14.

15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: This core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Theoretical Justification of Distribution Operations

A.1 Server-side Distribution Aggregation

Federated continual learning (FCL) involves decentralized clients collaboratively learning over
sequential tasks. To enhance cross-client coherence, we estimate the global class distributions on
the server by aggregating local class distributions from each client. Given local class distributions
N(u1,0%), N(u2,03), ..., N(pin, 02) with probability density functions f1 (), fa(z), ..., fa(),
the global distribution is defined using the clients’ sample frequencies p1, ps,. .., Dy, satisfying

Z?:l pi =1
The global class mean is calculated as:

p= / [p1f1(x) +pafe(z) + -+ pofu(@)] wdr = prus +papiz + -+ popn (14)

The global class variance is expressed as:

0% = / [pLf1(z) + p2fo(@) + - + pufula)] 2% do — i (15)
Then we have

0% =p1 (07 +p3) +p2 (03 +p3) + - +pu (0 + i) — p° (16)

This aggregation provides a comprehensive global distribution for each class, continuously updated
as new tasks arrive. These global statistics are then communicated back to clients to guide local
prompt optimization, enhancing semantic consistency.

A.2 Local Class Distribution Compensation Loss

Upon receiving global class distributions, each client optimizes local class distribution compensation
prompts. The derivation of the loss function for the prompt is as follows:

For class 4, the global class distribution is represented as N (u;, Eg). Specifically, for feature vector
X € R% of class i, its probability density is:

1 _lix_ NIy ix_,.
p(X|)u‘Z727):W6 Z(X l“l) Ei (X l‘w) (17)

where /1; € R? is the mean vector and ¥; € R?*? is a positive definite symmetric covariance matrix.
When assuming independent feature dimensions, the covariance matrix reduces to diagonal form:

3, = diag(07, 07, - -, 01y) (18)

with determinant and inverse matrix given by:

d 11 1
2] =[] o7 and Eil—diag<2,2,...,2) (19)

According to (I7), the exponent expands to:

d
_ Xj — pij)?
(X =) TE X ) = S0 Ko ) 0)
j=1 ij
Thus, the probability density function decomposes as:
d o (X:—p;:)?
1 _ 1 Z Jcr ij
pi(X|pis07) = e 2D

e (11, 02)
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In federated learning, client-generated features f; , should align with the server’s global class
distribution N (u;, E;). The optimization objective becomes maximizing the log-likelihood:

Lo = logp(fu plig, ) (22)
Substituting and expanding:

/U/g? Eq) = _5 10g(271') - 5 log |Eq| - §(f$,p - :U’g)T(Eg) 1(.f£€,p - lu’q) (23)

log p(fz p

Minimizing the negative log-likelihood loss:

Le = —logp(foplig, Zy) = 3 log(27) + 7 log 125+ §(fm,p — )T () (fap — 1) (24)

Since the first two constant terms can be omitted for optimization, L. can be simplified to:

1 . , )
Le= §(fz,p - M;)T(E;)_l(fw,p - :uzg) (25)

This objective encourages local features to match the global class distribution, effectively reducing
inter-client distribution gaps and enhancing semantic coherence during federated updates.

A.3  Theoretical Implications

Overall, the proposed distribution operations theoretically guarantee smoother knowledge align-
ment across clients by optimizing class-wise distribution coherence. This process stabilizes global
knowledge representations throughout continual learning, improving the robustness of the learned
knowledge and improving the aggregation compatibility between prompts from different clients,
effectively mitigating spatial and temporal forgetting.

B Algorithm of the proposed approach

The overall process of our C>Prompt is shown in Algorithm

C Details of the datasets and evaluation metrics

C.1 Datasets

We use three image datasets commonly utilized in Federated Continual Learning (FCL) to evaluate
our method: ImageNet-R, DomainNet, and CIFAR-100. ImageNet-R consists of 30,000 images
from 200 categories, including challenging samples from ImageNet and newly collected samples
with various styles. The dataset is divided into a training set with 24,000 images and a test set with
6,000 images, and 20% of the training set is selected as a validation set for tuning model parameters.
DomainNet is a large dataset containing 600,000 images and 345 categories, spanning six different
domains. CIFAR-100 contains 50,000 training and 10,000 test-colored images for 100 classes,
respectively.

C.2 Configuration of Federated Continual Learning Benchmarks

The benchmark configuration of this paper follows previous FCL method Powder [[19]. Based on
transferability (tasks have class overlap and each task contains only a small portion of each class’s
data) and asynchrony, for ImageNet-R, each task randomly selects 20 classes (20% samples per
class), distributed randomly across clients with varying round durations. For DomainNet, each task
randomly selects 35 classes (2% samples per class due to closeness to pre-trained distribution, others
same as ImageNet-R). We control task overlap by randomly selecting classes with the least overlap to
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Algorithm 1 Local Class Distribution Compensation and Global Class Distribution Estimation

Input: Stage ¢ data D' = {D{}5

Output: Global prompt pool P,

Initialize " = None
for each round » = 0 to IV, do
if round r = 0 then

# Local Class Distribution Compensation (LC DC)

for each client k do
Compute local class statistics (,ul,iﬂ.7 Jz7i) for each class i
Upload (pf, ;, 0}, ;) to the server

end for

# Global Class Distribution Estimation
Estimate global class center pi = S 145 1Dk is Eq.

Estimate global class variance (09)2 = Y5 ((u;k)Q + (of’k)Q) Pri — (1)) Eq.
Distribute the global distribution to the corresponding clients

# Back to (LCDC)

for each client k = 1 to K do .
Initialize local class distribution complension prompts Py, = {ps} Liﬁl
For input , obtain f, , = fo([hz, P, [CLS]]), Eq.[f]
Update Py, using Lo = —5(fap — 1) " (B9) 7 (fap — 1), Eq.

end for

Froze prompt Pf

end if

# Local Discriminativity Learning
for each client £k = 1 to K do
if Ptde # None then
Initialize local discriminativity prompts Py, = {pf}, with Py
end if
For each input z, pbtain pi, ps, and Hy
Update using L. = CE(Wy, fo([ha, PS, P, cls]), y), Eq.

Obtain client histogram Hj, = {s{}‘jcz’“l‘
Upload {H}}Y , and P,td, .. to the server

end for

for prompt pi,, where s = S°\24H (H, 1., Eq.@

# Class-aware Prompt Aggregation (CP A)
Server collects all client histograms to form H! € RENxIC:|

Server collects all client discriminativity prompts to form P?

Compute inter-prompt attention: W; = v(HgH’;T /7), Eq.
. ptx _ I/tPt ’

Update prompts: PL* = W/P}, Eq.

Distribute Pg & to corresponding clients

end for
Return Pf]

study FCL performance under different task correlations. Unlike the common Dirichlet distribution
method in FL, we avoid it here because in FCL, class sets of different tasks vary greatly, making
it hard to control similarity with it. The setup details for the CIFAR-100 dataset are the same as
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those for ImageNet-R. Simultaneously, we set five clients for training, each executing distinct tasks.
Furthermore, we organize the training process into phases, each consisting of three communication
rounds. At the beginning of each phase, 40% of the clients are selected to initiate learning on new
tasks. To ensure the fairness of the results, we keep the optimizer, learning rate, and local training
epochs consistent with those of the Powder method when training the classification prompts. Our
LCDC is trained using the Adam optimizer when new tasks arrive, and the trained prompt is only
used for the training of the formal classification prompt and not for the testing phase.

C.3 Evaluation Metrics

We evaluate the effectiveness of our method by adapting seven metrics, including the Average
accuracy of all tasks (Avg), Average Incremental Accuracy (AIA)[83]], Forgetting Measure (FM)[84],
Forward Transfer (FT)[85]], Backward Transfer (BT)[85]], Combined Transfer (CT), Final Average
Accuracy (FAA).

Average accuracy of all tasks (Avg) This metric measures the average accuracy of the final model
across all tasks, computed as
1 Z t
AVg = |7-‘ acﬂnax('R)
TreT

where 7 denotes the set of all tasks during the Federated Continual Learning (FCL) process, and
ai max(R) denotes the final accuracy of task 7. (i.e., the accuracy on this task when training con-

cludes).

Average Incremental Accuracy (AIA) This metric measures the average accuracy over the FCL

process, computed as
1 t
AlA =] > i,
reRTreT,

where R denotes the set of rounds with task switch, 7, denotes the set of existing tasks at round r,
and a!, ,. denotes the accuracy of 7 at round 7.

Forgetting Measure (FM) Forgetting is measured by the difference between the highest historical
accuracy and the current accuracy of a task. This metric quantifies the model’s memory stability by
the average forgetting over the FCL process, computed as

1
FM = ] S DD at,—al,

reR \TLeT,

where a. . denotes the max accuracy of 7 before round r.

Forward Transfer (FT) This metric assesses the model’s ability to transfer knowledge into a task,
from both previously learned tasks and other currently learned tasks, computed as

FT= — 3 (dt )
| ‘T;ET

where T denotes all tasks during the FCL process, ', denotes the accuracy of 7! when it finished,
and a!, denotes the accuracy of single-task training.

Backward Transfer (BT) This metric evaluates the model’s ability to transfer knowledge from
new tasks back to previously learned tasks, computed as

1 t st
BT = m Z (ac,max(R) - a’c)
TEeT

where a . denotes the final accuracy of 7.
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Combined Transfer (CT) This metric is a combination of FT and BT, evaluating the amount
of information that a task 7. acquires from other tasks. The other tasks can have any sequence
relationship with task 7. in terms of temporal dimension. It is computed as

CT = % TJZET (Gz,maX(R) - df:)

Final Average Accuracy (FAA) FAA is a standard metric used in FCIL to measure knowledge
retention and accumulation. Let a’ denote the test accuracy on the t-th task after the final incremental
step. FAA is defined as:

1 T
FAA= =Y af

where T is the total number of tasks. A higher FAA indicates better overall performance across all
tasks and stronger continual learning ability.

D Results under Other Federated Incremental Learning Experimental
Settings

In addition to the FCL setting proposed by Powder (ICML 2024)[19]], which considers task overlaps
over time, we evaluate our approach under the federated class incremental learning (FCIL) setting, as
investigated by PILoRA (ECCV 2024)[80]] and LoRM (ICLR 2025) [81]].

FCIL Setting: The FCIL setting divides the learning process into 10 incremental tasks, where class
distributions are disjoint across tasks. For each task, training data is distributed among 10 clients
following a Dirichlet distribution with parameter 8 € {0.5,0.1,0.05} to simulate non-IID scenarios.
A smaller 3 value represents a stronger data imbalance among clients.

Training Details: A ViT-B/16 backbone pre-trained on ImageNet-21K is adopted. Each communica-
tion round consists of 5 training epochs, with a total of 5 communication rounds. Data augmentation
for the training set includes random horizontal flipping and normalization. For the test set, prepro-
cessing involves resizing with bicubic interpolation to 256 x 256, followed by center cropping to
224 x 224 and normalization.

Comparison Results: We compare our C2Prompt with state-of-the-art FCIL methods [86; 87} 62}
115 1885 1895 190; (915 1685 1805 181]] and the FCL method Powder [19] on the ImageNet-R benchmark.
The Final Average Accuracy (FAA) [81]] results are presented in Table[3] The results demonstrate
that our C2Prompt surpasses the state-of-the-art FCIL method LoRM, achieving improvements of
2.75%15.91%1/2.29% at 3 = 0.5/0.1/0.05, respectively. Furthermore, compared to the state-of-the-
art prompt-based FCL method Powder, our approach achieves 0.61%/2.60%/6.48 % improvements
at 8 = 0.5/0.1/0.05, respectively. These increasing advantages under lower /3 values are attributed
to the effective inter-client intra-class distribution knowledge compensation mechanism, which
significantly enhances model acquisition capacity and mitigates inter-client knowledge conflicts.
These findings, alongside the experiments reported in the main paper, validate the adaptability of our
approach to diverse practical federated continual learning scenarios.

E Experimental comparison on Cifar100

Avg Comparison: Only our C>Prompt outperforms the state-of-the-art Powder, achieving improve-
ments of 1.54% on Cifar100. This finding highlights the advantage of our approach in long-term
knowledge consolidation. This can be attributed to the substantial enhancement of new knowledge
acquisition capability achieved through our local class distribution compensation and class-aware
discriminativity prompt aggregation strategies. Additionally, the precise knowledge communication
mechanism prevents the fusion of irrelevant prompts, which would otherwise produce invalid prompts
that are not only semantically divergent from new prompts but also clash with historical prompts.

AIA Comparison: Our C2Prompt achieves improvements of 0.86% on Cifar100, confirming that
our approach consistently outperforms existing methods across various training stages. These
improvements are due to the local class distribution compensation and class-aware discriminativity
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Table 3: Performance comparison on ImageNet-R with different 5 values.
ImageNet-R (FAA)

Method Publication
=05 =01 g=0.05

EWC [86] NAS 2017 58.93 48.15 43.68
LwF [87] PAMI 2017 54.03 41.02 46.07
FisherAVG [88]]  neuwrips 2022 58.68 50.82 47.33
RegMean [89]] ICLR 2023 61.18 57.00 55.80
CCVR [90] NeurIPS 2021 70.00 62.60 60.38
L2P [62] CVPR 2022 42.08 23.85 16.98
CODA-P [11] CVPR 2023 61.18 36.73 25.82
FedProto [91]] AAAI 2022 58.52 47.30 52.93
TARGET [68]] ICCV 2023 54.65 45.83 41.32
PILoRA [80] ECCV 2024 53.67 51.62 49.37
Powder [[19] ICML 2024 74.62 67.14 62.26
LoRM [81] ICLR 2025 72.48 63.83 66.45
C2Pr0mpt This Paper 75.23 69.74 68.74

Table 4: Performance comparison on CIFAR-100 with different 3 values.
CIFAR-100 (FAA)

Method Publication
=05 =01 g=0.05

EWC [86] NAS 2017 78.46 72.42 64.51
LwF [87] PAMI 2017 62.87 55.56 47.09
FisherAVG [88|]  NeuripPs 2022 76.10 74.43 65.31
RegMean [89] ICLR 2023 59.80 45.88 39.08
CCVR [90] NeurIPS 2021 79.95 75.14 65.30
L2P [62] CVPR 2022 83.88 61.54 55.00
CODA-P [11] CVPR 2023 82.25 61.82 46.74
FedProto [91]] AAAT 2022 75.79 70.02 60.55
TARGET [68]] ICCV 2023 74.72 72.32 62.60
PILoRA [80] ECCV 2024 76.48 75.81 74.80
Powder [[19] ICML 2024 87.46 85.33 82.03
LoRM [81] ICLR 2025 86.95 81.76 82.76
C2Pr0mpt This Paper 89.93 87.67 83.25

prompt aggregation designs, which strengthen robust local knowledge acquisition and enhance
distributed knowledge collection.

FM Comparison: Our C?Prompt shows a negative forgetting rate on the small-scale dataset Cifar100.
This suggests that new tasks can facilitate the learning of historical tasks when training samples are
limited. These results confirm the effective antiforgetting capability of our method.

FT Comparison: Our C?>Prompt shows advanced forward-transfer capacity, outperforming existing
methods on Cifarl00, respectively. This can be primarily attributed to two key components: the
Global Class Distribution Estimation and Local Class Distribution Compensation mechanisms.
Specifically, the former effectively leverages asynchronously arriving data from the same class
to generate reliable global distribution estimates, while the latter utilizes these estimated global
distributions to implement data-level information compensation, thereby significantly enhancing the
learning efficiency of subsequent data.

BT Comparison: Our C2Prompt consistently demonstrates positive backward transfer capability on
the Cifar100 dataset. This arises from the fact that asynchronously arriving data allow subsequent
tasks to enhance knowledge of previously seen classes. We observe that C?Prompt’s backward-
transfer results relatively outperform those of Fed-CODAP and Powder. This is because the Local
Class Distribution Compensation and Class-aware Prompt Aggregation designs significantly boost
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Table 5: Result comparison on the CIFAR-100 benchmark

Methods Publication Avgt AIAT FM| FT1 BT CTt
FedWEIT ICML 2021 95.17 95.61 0.48 3.76 -091 3.04
CFeD 1JCAI 2022 73.87 79.06 2.07 -11.01 -4.71 -14.78
GLFC CVPR 2022 95.35 95.92 0.35 5.51 -0.54 5.08
Fedspace CVPR 2023 94.17 94.87 1.03 0.37 -2.46 -1.60
Fed-L2P CVPR 2022 95.65 95.68 0.08 0.89 0.08 0.95
Fed-Dual ECCV 2022 95.35 95.08 0.27 0.70 -0.24 0.51
Fed-CODAP CVPR 2023 82.05 55.71 13.77 -30.25 -18.60 -45.13
FedCPrompt ICML 2023 94.22 94.04 0.08 0.32 0.00 0.32
Powder ICML 2024 95.78 95.83 0.35 2.03 -0.36 1.74
PILoRA ECCV 2024 76.21 82.31 0.32 0.01 -0.42 -0.40
Fed-MOS AAAI 2025 85.11 87.23 0.20 -0.31 -0.11 -0.45
LoRM ICLR 2025 77.42 80.11 0.74 0.07 0.20 0.22
Ours This Paper 97.32 96.78 -0.05 2.57 0.31 2.82
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Figure 7: Ablation studies on the hyper-parameters under ImageNet-R dataset.

the distributed data learning capability at each stage, thereby leaving less improvement space for seen
tasks.

CT Comparison: In terms of the comprehensive performance of forward and backward transfer,
our C2Prompt overall outperforms other existing methods that employ efficient fine-tuning. These
results demonstrate that the class-aware client knowledge interaction designs proposed in this paper
effectively enhance the overall learning capability of Federated Continual Learning (FCL) in the
temporal dimension. Specifically: the Global Class Distribution Estimation module efficiently aggre-
gates distributional information across spatial and temporal data sources; the Local Class Distribution
Compensation module utilizes global distribution representations to overcome the non-IID (non-
independent and identically distributed) phenomenon across clients; and the Local Discriminativity
Learning and Class-aware Prompt Aggregation modules effectively integrate distributional knowledge
into prompts.

F Analysis on the hyper-parameters

In Figure[7} we evaluate the performance of C>Prompt under different values of the hyper-parameters
L. and p. The parameter L. represents the length of the local class distribution compensation prompts.
When the prompt length is less than or equal to 3, a larger value of parameter a enables the trained
prompts to better fit the central distribution of the class, thereby improving the model’s performance.
Meanwhile, p serves as the usage probability of local class distribution compensation prompts, is
used to determine the number of generated new central distribution samples. Based on experimental
analysis, the optimal hyperparameter value for p is set to 0.3.
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Figure 9: Prompt attention visualization on DomainNet.

G Prompt attention visualization comparison on different benchmarks

Figure[8]and Figure [9] present the visualization comparison of prompt attention maps between our
C?Prompt framework and the state-of-the-art Powder method across the challenging ImageNet-R and
DomainNet benchmarks. The results demonstrate that prompts generated by Powder are predomi-
nantly influenced by class-irrelevant knowledge, leading to limited discriminative feature extraction
capabilities. In contrast, our method effectively focuses prompt activations on discriminative regions
while significantly reducing interference from class-agnostic knowledge. These improvements are pri-
marily attributed to the proposed Class-aware Prompt Aggregation mechanism, which systematically
alleviates the fusion of knowledge conflicts during prompt aggregation through explicit semantic
alignment.

H Broader Impacts

Our method tackles a practical federated continual learning (FCL) problem and introduces a novel
approach that effectively improves the local parameter learning in the client side and enhances
knowledge aggregation capacity on the server side.

The Potential Positive Societal Impacts of this research include:
1. Enhanced Privacy Preservation in Decentralized Learning

Federated continual learning (FCL) inherently avoids centralized data collection. C?Prompt further
eliminates reliance on raw data or generative models for knowledge retention, reducing risks of
sensitive data leakage. This is critical for applications like healthcare (e.g., personalized disease
prediction across hospitals) or finance (e.g., fraud detection without sharing transaction details).

2. Improved Adaptability in Dynamic Environments

By addressing both temporal and spatial forgetting, C2Prompt enables models to continuously adapt
to evolving data streams. This ensures long-term reliability in scenarios where data distributions shift
over time or vary across regions.

3. Democratization of Al in Resource-Constrained Settings

The lightweight prompt-based framework reduces computational and communication overhead
compared to traditional methods. This democratizes access to Al for edge devices with limited
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resources (e.g., rural IoT sensors, low-power medical devices), fostering equitable technological
progress.

4. Mitigation of Model Bias via Class-Aware Aggregation

The class-aware prompt aggregation (CPA) mechanism explicitly accounts for inter-client class
relevance, potentially reducing biases arising from skewed local data distributions. For instance, in
facial recognition systems deployed across diverse demographics, CPA could improve fairness by
ensuring minority groups’ features are adequately represented.

The Potential Negative Societal Impacts of this research include:
1. Energy Consumption

Additional distributional information communication and client-wise aggregation across distributed
clients may increase energy consumption, particularly in large-scale deployments.
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