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Abstract

Managing evolving graph data presents substantial challenges in
storage and privacy, and training graph neural networks (GNNs) on
such data often leads to catastrophic forgetting, impairing perfor-
mance on earlier tasks. Despite existing continual graph learning
(CGL) methods mitigating this to some extent, they rely on cen-
tralized architectures and ignore the potential of distributed graph
databases to leverage collective intelligence. To this end, we propose
Federated Continual Graph Learning (FCGL) to adapt GNNs across
multiple evolving graphs under storage and privacy constraints.
Our empirical study highlights two core challenges: local graph
forgetting (LGF), where clients lose prior knowledge when adapting
to new tasks, and global expertise conflict (GEC), where the global
GNN exhibits sub-optimal performance in both adapting to new
tasks and retaining old ones, arising from inconsistent client exper-
tise during server-side parameter aggregation. To address these, we
introduce POWER, a framework that preserves experience nodes
with maximum local-global coverage locally to mitigate LGF, and
leverages pseudo-prototype reconstruction with trajectory-aware
knowledge transfer to resolve GEC. Experiments on various graph
datasets demonstrate POWER’s superiority over federated adap-
tations of CGL baselines and vision-centric federated continual
learning approaches.
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Figure 1: Illustration of our FCGL paradigm, which achieves collabo-
rative CGL through multi-round GNN parameter communications
between clients and server. Each client’s evolving graph is repre-
sented by two tasks, with node colors indicating different categories.

1 Introduction

Graph neural networks (GNNs) have emerged as a powerful frame-
work for harnessing relationships in graph-structured data, en-
abling superior performance across diverse graph-based Al applica-
tions, including recommendation [40, 42], biomedical [3, 30], and
finance [2, 15]. However, in the era of big data, graph structures
often evolve as new entities and relationships emerge, while stor-
ing or accessing massive historical node profiles (e.g., features and
labels) and topologies is impractical considering database capacity
and security [29]. As a result, GNNs often experience unacceptable
performance degradation on past tasks (i.e., graphs prior to changes)
when adapting to current tasks, known as the catastrophic forget-
ting problem, a consequence of a weak stability-plasticity trade-
off [24, 32]. To tackle this issue, inspired by the success of continual
learning in vision tasks [22, 23, 38], various continual graph learn-
ing (CGL) studies have been proposed in recent years, all of which
have demonstrated satisfactory performance [6, 20, 35, 53, 56].

Overlooked Potential: CGL with Collective Intelligence

Despite their effectiveness, current CGL methods are based on the
assumption of centralized data storage, where a single institution
collects and manages the entire evolving graph. However, this as-
sumption does not always hold in real-world applications. In many
practical scenarios, graph-structured data is often distributed across
multiple decentralized sources, each capturing and responding to
local changes in nodes and topology over time independently.
Motivating Scenario. In the e-commerce domain, various on-
line platforms maintain private evolving product networks, where
nodes represent products and edges capture association relation-
ships (e.g., co-purchases or shared reviews), both evolving continu-
ously as new products or associations are introduced [13, 34].
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In such decentralized settings, existing CGL methods face inher-
ent limitations, as each institution trains its GNN independently,
relying solely on its own evolving graph. This isolated learning
differs from human learning, which benefits from collective intelli-
gence through group knowledge sharing (e.g., social media, semi-
nars) [33]. Obviously, if an institution could leverage knowledge
shared by others, it would be better positioned to mitigate cata-
strophic forgetting and adapt to new tasks. However, constraints
like data privacy and commercial competition make directly aggre-
gating multiple evolving graphs unfeasible, presenting significant
challenges to achieving effective CGL with collective intelligence.

First Exploration: Federated Continual Graph Learning

Building on the success of federated graph learning (FGL) [52],
we introduce federated continual graph learning (FCGL) as the
first practical framework for collaborative CGL in decentralized
environments. As shown in Fig. 1, FCGL employs a multi-round
communication process. The clients first train local GNNs on their
private evolving graphs, and a central server then aggregates these
models to form a global GNN, which has improved performance
across diverse local graphs. The global model is subsequently broad-
cast to the clients, enabling the leveraging of collective intelligence
without directly sharing massive and sensitive evolving graphs.
Notably, although various federated continual learning methods
[8, 36, 46, 50] have demonstrated effectiveness in vision tasks, their
algorithms rely on augmentation strategies and network architec-
tures tailored specifically for image data, rendering them inappli-
cable to graph data. Furthermore, for FCGL, the characteristics of
multi-client evolving graphs, feasibility, and potential challenges
impacting the GNN performance remain unexplored.

Our Efforts: Establishing an Effective FCGL Paradigm

To establish an effective FCGL paradigm, we make these efforts:

E1: In-depth Empirical Investigation of FCGL. We conduct
in-depth empirical investigations of FCGL (Sec. 3). From the Data
perspective, we explore the data distribution of multi-client evolv-
ing graphs and identify the phenomenon of divergent graph evo-
lution trajectories, which leads each client to develop expertise
in specific classes at different stages, forming the foundation of
their collective intelligence. From the Feasibility perspective, we
observe that even the simplest implementation of FCGL outper-
forms isolated CGL methods in decentralized scenarios, demonstrat-
ing its ability to harness collective knowledge from multi-client
evolving graphs. From the Effectiveness perspective, we identify
two non-trivial challenges impacting GNN performance, including
(1) Local Graph Forgetting (LGF), where the local GNNs forget the
knowledge from the previous tasks when adapting to new ones,
and (2) Global Expertise Conflict (GEC), where the global GNN per-
forms sub-optimally on both past and current tasks due to graph
knowledge conflicts, which occur during parameter aggregation
across clients with divergent graph evolution trajectories.

E2: Novel and Effective FCGL Framework. Building on the
insights from E1, we propose the first FCGL framework, named
POWER (graPh evOlution Trajectory-aware knoWledge TransfER).
Specifically, POWER is designed with two fundamental objectives:
(1) Addressing LGF at local clients: POWER selects experience nodes
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from past tasks with maximum local-global coverage and replays
them during local training for future tasks; and (2) Tackling GEC at
central server: POWER introduces a novel pseudo prototype recon-
struction mechanism, enabling the server to capture multi-client
graph evolution trajectories. Moreover, a trajectory-aware knowl-
edge transfer process is applied to restore the lost knowledge of
global GNN during parameter aggregation.

Our Contributions: (1) Problem Identification. To the best
of our knowledge, this is the first exploration of the FCGL par-
adigm, offering a practical solution for continual graph learning
under decentralized environments. (2) In-depth Investigation.
(Sec. 3) We conduct in-depth empirical investigations of FCGL from
the perspectives of Data, Feasibility and Effectiveness, provid-
ing valuable insights for its development. (3) Novel Framework.
(Sec. 4) We propose POWER, an novel and effective FCGL training
framework that tackles two non-trivial challenges of FCGL named
LGF and GEC. (4) State-of-the-art Performance. (Sec. 5) Exper-
iments on eight datasets demonstrate that POWER consistently
outperforms the federated extension of centralized CGL algorithms
and vision-based federated continual learning algorithms.

2 Problem Formalization

For FCGL, there is a trusted central server and K clients. Specifically,
for the k-th client, we use gk = {Tk, Tzk, TAIZ} to denotes the set
of its tasks, where M is the number of tasks. Then, the local private
evolving graph with M tasks can be formalized as follows:

k k ~k k
G* = {6k ck,..ck )

GF =Gk |+ AGE, g
where Gf = (Vk, 8;‘) is the graph given in task TX, Each node v; €
(Vtk has a feature vector x; € RF and a one-hot label yi € RC. The
adjacency structure is represented by matrix A’t‘ € RNXNe (N, =
|(Vtk|), and AG;c = (A‘Vk, ASf) is the change of the node and edge
set in task Ttk . The k-th client aims to train models {GNNe)if }le

from streaming data, where G)éC is the GNN parameter in task Tik.

This paper addresses semi-supervised node classification in a
class-incremental setting, where new classes emerge as the graph
evolves [7]. We assume all clients have M tasks, each introducing
¢ new node categories and undergoing R rounds of FCGL commu-
nication. Thus, after task ¢t = M, each client encounters C = ¢ X M
categories. We adopt the widely-used FedAvg [25] aggregation strat-
egy from federated learning, adapting it for the FCGL framework as
follows: (1) Initialization. At the first communication round (r=1)
of the first task (¢t =1), the central server sets the local GNN param-
eters of K clients to the global GNN parameters, i.e., ok — et Vk;
(2) Local Updates. Each local GNN performs training on the current
local data Gf to minimize the task loss L(Gk; (-)];), and then up-
dating the parameters: ©% «— @k — nV.£; (3) Global Aggregation.
After local training, the server aggregates the local knowledge with
respect to the number of training instances, i.e., ©8 « % Zlk(:l ok
with N = } i Ny, and distributes the global parameters ©8 to local
clients selected at the next round. For each task ¢, the process alter-
nates between steps 2 and 3 until reaching the final round R. The
iteration continues until the last round of the last task.
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Figure 2: Experimental results of our empirical study. (a) Node label distribution of each client’s class-incremental tasks, each exhibiting
divergent evolution trajectories. (b) Comparative analysis of three CGL methods in isolated versus federated settings, presenting AM and FM
metrics in the upper and lower parts, respectively. (c) Performance variation of Client 1’s local GNN (Single GNN) during training on Client
1 Task 3, with markers denoting receiving global parameters from the server. (d) Performance comparison between clients and the server
(Multiple GNNs) during training on Client 1 Task 3, indicating that the global GNN can be improved by local GNNs with expertise.

3 Empirical Investigation

In this section, we present a thorough empirical investigation of the
proposed FCGL paradigm, structured around three key questions
from different perspectives. From the Data perspective, to better
understand the complexities of graph data in FCGL contexts, we
answer Q1: What patterns and trends emerge in data distribution
across multi-client evolving graphs in FCGL settings? From the
Feasibility perspective, to demonstrate the advantages of FCGL
using collective intelligence, we answer Q2: Compared to isolated
CGL, does a naive FCGL approach (i.e., CGL integrated with FedAvg)
achieves better performance for decentralized evolving graphs?
From the Effectiveness perspective, to reveal the bottleneck of
naive FCGL and realize efficient FCGL paradigm, we answer Q3:
What non-trivial challenges limit the performance of GNNs within
the FCGL framework? Details for the described experimental setup,
algorithms, and metrics refer to Sec. 5.1.

To address Q1, we simulate multiple decentralized evolving
graphs using a two-step approach. First, we partition the Cora
dataset [44] into three subgraphs using the Louvain algorithm [4],
which is widely utilized in various FGL studies [18, 51, 52]. These
subgraphs are distributed among three different clients. Second,
following the standard experimental settings of CGL [6, 20, 56],
each client’s local subgraph is further divided into three class-
incremental tasks. Each task comprises two classes of nodes, dis-
carding any surplus classes and removing inter-task edges while
preserving only intra-task connections. For each client, we present
its tasks with node label distributions in Fig. 2 (a).

Observation 1. Although all these clients eventually learn across
six classes, they follow divergent graph evolution trajectories, vary-
ing both in sample quantity (e.g., Clients 1 and 2) and in the se-
quence of class learning (e.g., Clients 1 and 3). These clients tend to
develop expertise in specific classes at different stages, forming the
basis of the collective intelligence harnessed by the FCGL paradigm.

To address Q2, we assess the performance of three CGL algo-
rithms, including ERGNN [56], TWP [20], and DSLR [6], under two
scenarios: isolated training (referred to as Iso-ERGNN, Iso-TWP,
and Iso-DSLR) and federated training using the FedAvg [25] algo-
rithm (referred to as Fed-ERGNN, Fed-TWP, and Fed-DSLR). In the
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isolated setting, no client-server communication occurs, while the
federated variants implement naive FCGL strategies that simply
aggregate parameters from local GNNs. We assessed their perfor-
mance using two metrics: the accuracy mean (AM) and the forget-
ting mean (FM), where higher AM values denote better adaptation

to new tasks, and lower FM values denote less forgetting of previ-
ously learned tasks. The training protocol for each task includes 10
communication rounds, with 3 local epochs per round. As depicted
in Fig. 2 (b), the federated variants consistently outperformed their
isolated counterparts in both AM and FM metrics. This enhanced
performance is attributed to FCGL’s capability to leverage diverse
knowledge from evolving graph data across clients, thereby re-
ducing task forgetting through effective cross-client knowledge
transfer (e.g., alleviating the knowledge forgetting of Client 1 Task
1 and Client 2 Task 1 through insights gained from Client 3 Task 3).

Observation 2. Even a basic implementation of FCGL can sub-
stantially enhance the performance of existing CGL algorithms on
decentralized evolving graphs.

To address Q3, we evaluate the naive FCGL algorithm’s perfor-
mance across Client 1’s three tasks during the training of Task 3.
For readability, we present the results obtained from Fed-ERGNN,
as similar trends are also shown in Fed-TWP and Fed-DSLR. Our
analysis is further concentrated on rounds 4 and 5. From the Single
GNN aspect, we analyze performance variations in Client 1’s local
GNN, particularly during the critical phases of global parameter
reception and local training, motivated by findings in existing liter-
ature [20, 46], which suggest that shifts in parameter values play
a significant role in causing knowledge forgetting. This perspec-
tive enables a closer examination of how individual GNNs react
to external updates. As shown in Fig. 2 (c), each global parameter
reception phase is marked with scatter points, while lines represent
the 3-epoch local training phases. From the Multiple GNNs aspect,
we compare the performance of all local GNNs and the aggregated
global GNN. The results are depicted in Fig. 2 (d).

Observation 3. Building on these two aspects, we reveal the
following two Non-trivial Challenges limit the performance of
GNNs within the FCGL framework: (1) Local Graph Forgetting (LGF).

From the Single GNN aspect, local training on the current task (i.e.,
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Figure 3: Overview of our proposed POWER framework. We follow a class-incremental setting, where each client collects an evolving graph
into which unseen classes are continually introduced. Node colors indicate different labels. (1) To tackle LGF, POWER stores experience nodes
with maximum local-global coverage in the last round of the old task and replays them in each round of the new task; (2) To tackle GEC, POWER
reconstructs pseudo prototypes via client-server collaboration in the first round of each task. Based on this, POWER constructs a global buffer
graph and applies trajectory-aware knowledge transfer to recover the global GNN’s lost knowledge in each round of each task.

Client 1 Task 3) significantly impairs performance on earlier tasks
(i.e., Client 1 Tasks 1 and 2). This demonstrates that in the FCGL sce-
nario, the local GNN experiences local graph forgetting similar

to that of centralized CGL; and (2) Global Expertise Conflict (GEC).

From the Single GNN aspect, incorporating global parameters can
degrade the performance on the current task (i.e., Client 1 Task
3) while improving the performance on previous tasks (i.e., Client
1 Tasks 1 and 2). However, these improvements are limited when
considering Multiple GNNs aspect. For example, in Task 1, the
global GNN is outperformed by the local GNN of Client 3; in Task
2, it is outperformed by the local GNN of Client 2. This phenom-
enon occurs because each client’s local GNN develops expertise
shaped by its unique evolution trajectory, and this expertise leads
to conflicts during parameter aggregation, where the global GNN
fails to capture it adequately. Thus, GEC hinders FCGL’s ability
to adapt to new tasks and mitigate forgetting of previous ones.

In summary, both LGF and GEC present non-trivial challenges
that critically restrict the performance of GNNs in FCGL, which is
crucial to be addressed in building an effective FCGL framework.

4 POWER: The Proposed Framework

In this section, we introduce POWER, the first FCGL framework
designed for learning on multiple decentralized evolving graphs.
We first provide an overview of POWER in Fig. 3. Afterward, we
delineate the architecture of POWER based on its two design objec-
tives. Specifically, in Sec. 4.1, we detail the maximum local-global
coverage-based experience node selection and replay mechanisms
that POWER employs to address LGF at local clients. In Sec. 4.2, we
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expound on the pseudo prototype reconstruction mechanism and
the graph evolution trajectory-aware knowledge transfer process,
which is employed to tackle GEC at central server.

4.1 Local-Global Coverage Maximization

To tackle the challenge of LGF, POWER employs a strategic selec-
tion and storage of experience nodes from prior tasks, enabling
targeted replay during local training on new tasks. We begin by
introducing the experience node selection strategy.

Experience Node Selection. To ensure that selected experience
nodes capture knowledge from previous tasks, we build upon the
Coverage Maximization (CM) strategy [56] with further modifi-
cations tailored to FCGL settings. The conventional CM is based
on the intuitive assumption that nodes within the same category
share similar properties in the embedding space, with many nodes
of the same class naturally gathering near their class’s representa-
tive nodes. As for FCGL, we can utilize the embeddings from both
the local and global GNN:ss to fully consider both local and global
knowledge. Specifically, consider the k-th client training on its ¢-th
local task Ttk ; the local graph is denoted as Gf. At the last training
round, we calculate the local-global node embeddings Z as follows:

H = GNN(X¥, AF|eF),
HE = GNN(XK, A¥|e8),
Z = aH+(1 — a)H8,

@)

where H and H8 are node embeddings from local and global GNNs
with parameters ©F and ©8, respectively. a is the trade-off factor for
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combining local and global embeddings. The local-global coverage
C(v;) for each node v; in the training set YL can be calculated as:

C(vi) = {oj | vj € VPLy; =y, d(zi,2) < B}, (3)

where d(-, -) measures the Euclidean distance between the embed-
dings of v; and v}, € serves as a threshold distance, and E(v;) denotes
the average pairwise distance between the embeddings of training
nodes in the same class as v; and the central node v;.

Subsequently, for each class ¢ in the current task, we select b
experience nodes from the set of nodes in class ¢ with maximum
local-global coverage. The experience node set of class c is denoted
as B, which is formulated as follows:

©)

where (Vclbl = {vjlo; € bl yi = c}, b represents the buffer size
allocated per task and class, constrained by the storage capacity
budget. In our experiments, we set b = 1 as the default. Eq. (4) poses
an NP-hard challenge, which we address using a greedy algorithm.
At each iteration, the algorithm picks the node with the highest
local-global coverage from the remaining unselected nodes in (Vclbl,
repeating until b nodes are selected.

Finally, for each class c in task Ttk , the experience node set B is
stored into the local buffer B for replay (i.e., B = B U B,).

Experience Node Replay. POWER’s local training process pur-
sues two primary objectives. First, to adapt to the current task Tk,
the local GNN minimizes the cross-entropy loss over the labeled
training set V bl which can be calculated as follows:

¥ = GNN-CLS(XX, AF | 6F),

Lnew = (5)

> oy YilogFi + (1= yi) log(1 = 1),
where Y denotes the soft labels predicted by the local GNN for the
current task nodes, O represents the local GNN parameters, and
yi is the ground-truth label for a specific training node v;.

When the current task is not the first task (i.e., t # 1), the client
also optimizes a second objective, aiming at retaining knowledge
from previously learned tasks. To achieve this, the client replays
experience nodes stored in the local buffer 8, which captures rep-
resentative samples from prior tasks. The replay objective is the
cross-entropy loss over these stored nodes, as formulated below:

¥ = GNN-CLS(Xg,1| ©%),

. . ©)
Loa =), g ¥ilogyi+ 1=y log(1~ 1),

where Y represents the soft labels predicted by the local GNN for
the buffer nodes, while X g denotes the feature matrix of nodes in
the local buffer, and y; is the ground truth for a specific buffer node
v;. Notably, since we store only the node features without including
any topological structures, the adjacency matrix for buffer nodes
is set as the identity matrix I, meaning that each buffer node is
predicted in isolation.
Finally, the loss function of local training is defined as:

L= ﬁ-Enew + (1 - ﬁ)‘colw (7)

where f denotes the trade-off parameter to flexibly balance adapta-
tion to new tasks with a replay of previous tasks.
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4.2 Trajectory-aware Knowledge Transfer

As discussed in Sec. 3, GEC arises from knowledge conflicts during
the aggregation of parameters from local GNNSs trained on divergent
graph evolution trajectories. Consequently, for certain classes, the
global model exhibits sub-optimal performance compared to clients
with expertise in those classes. Motivated by this, POWER employs
two modules to address GEC: (1) Pseudo Prototype Reconstruction,
which enables the server to discern each client’s evolution trajectory
and expertise, and (2) Trajectory-aware Knowledge Transfer, which
utilizes multi-client trajectories and expertise to recover the lost
knowledge of the global GNN.

Pseudo Prototype Reconstruction Mechanism. First, to capture
the expertise of each client, POWER calculates the prototype (i.e.,
averaged node feature) for each class on the client side. Specifically,
consider the k-th client on its first communication round of ¢-th
local task Ttk . We denote the labeled node set as (Vlbl, with Vclbl =
{0; | v; € VP y; = ¢} representing the subset of nodes labeled as
class c. The prototype of class ¢ is denoted as P., formulated as:

1

P T e ®
However, directly transmitting class prototypes to the server poses
significant privacy risks. To mitigate this, POWER adopts a privacy-
preserving strategy where clients send prototype gradients instead,
allowing the server to reconstruct pseudo prototypes via gradient
matching. This enhances security for two reasons: (1) prototype
gradients come from a randomly initialized network, making it
hard to extract meaningful information without additional context,
and (2) pseudo prototypes mimic the gradient patterns of true
prototypes but lack identifiable numerical features that can be
recognized by humans. Specifically, the client feeds the computed
prototype P, into an L-layer randomly initialized gradient encoding
network I' with parameters {Qi}{le to obtain predictions. We then
backpropagate to compute the gradient VI, whose i-th element
Vg, can be computed as follows:

VQL'FCZVQ,'(_YC log yc+(1-yc) log(1-3¢)), 9)
where y. = F(PC|{Q,~}{.“:1) denotes the predicted soft label and y,
is the one-hot ground-truth vector representing class c.

When the server receives the prototype gradient VT, it recon-
structs pseudo prototypes via gradient matching. Specifically, con-
sider a trainable pseudo prototype P initialized by a standard Gauss-
ian noise N (0, 1), the server obtains the pseudo prototype predic-
tion by feeding P into a prototype reconstruction network I', which
is the same as the gradient encoding network used by all local clients
(i.e., also parameterized by {Qi}iL:l). Subsequently, the server back-
propagates the cross-entropy loss to compute the pseudo prototype
gradients VT, whose i-th element Vg, is formulated as follows:

Vo, I'=Vo, (-ylogy+(1-y) log(1-y)), (10)
where y = T'(P| {Qi}le) is the predicted soft label of pseudo proto-
type and y is the one-hot vector of a specific class c. Notably, the
class ¢ of prototype gradient VI can be inferred with the symbol of
prototype gradient (i.e., ¢ = argmin; Vo, T).
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Based on Egs. (9) and (10), the trainable pseudo prototype is
optimized via the gradient matching loss Lgm, defined as:

L o
Lom = Zm |Vq,T - Vo,T|2. (11)

Finally, the reconstructed pseudo prototypes are stored in global
buffer B8 (i.e., BE = B8 U {P}).

Second, we define the evolution trajectory of each client through
a cumulative label distribution, which aggregates task-specific label
distributions across the client’s task sequence, applying a grad-
ual decay to earlier tasks to simulate LGF during local training.
Formally, the evolution trajectory for the k-th client on task T? is
represented as q’; , defined as follows:

. k
Vie{1,...t},p~ o {Zvjew 1y,=c}eec

k_NE o r-ik
qt—Zi:1¢ i

where ¢ represents the decay coefficient that attenuates the con-
tributions of past tasks, C denotes the total classes, qi? denotes the

(12)

label distribution of task Tl.k ,and 1y,— takes the value 1ify; = ¢
holds, and 0 otherwise. Notably, Eq. (12) can be computed iteratively
without storing nodes from previous tasks.

Trajectory-aware Knowledge Transfer. Our key insight is to
utilize multi-client expertise and trajectories to recover the lost
knowledge of the global GNN. First, based on the global buffer B8,
the server constructs a global buffer graph G8 via the K-Nearest
Neighbor strategy to explore the global input space. Specifically, the
feature matrix of the global buffer is denoted as X8, the constructed
adjacency A8 can be calculated as:

H=o(XEXE),

1,if v € TOPK(k,H[u,:]),

(13)
0, otherwise,

A8[u,v]

where o(-) represents the element-wise sigmoid function, and
TOPK(k, -) selects the index of the first k largest items.

Subsequently, POWER leverages the global buffer graph G&
along with the set of clients’ evolution trajectories q; = {qlt‘ }le
to facilitate knowledge transfer. The extent to the global model’s
integration of expertise from each local GNN is guided by the
client’s evolution trajectory. Specifically, the knowledge transfer
loss for training on task T; is defined as:

Vk € {1,...K}, Y* = GNN-CLS(X, A%|0F),

Y8 = GNN-CLS(XE, A8|©8); (14)
ShS g5 (<) ,
Law=, >, >, 1yi=0———KLGFI).
c=1 k=10;€V8 j=19

where C is the set of all classes, V8 represents the node set of the
global buffer, y; denotes the ground truth for the i-th node in the
global buffer graph, and }7? and )75 are the soft labels predicted by
the global GNN and the local GNN of the k-th client, respectively.
The term ﬂ
T j=1%q; (c)
evolution trajectory of the k-th client relative to all clients, and
KL(-|-) denotes the Kullback-Leibler divergence. The full algorithm
for POWER is outlined in Algorithm 1.

provides the proportion of class ¢ within the

4208

Yinlin Zhu, Miao Hu, Di Wu

Algorithm 1: POWER-Clients and Server Execution

Input: Number of tasks T, each task communication rounds R,
local epochs E, global epochs E;, global GNN parameter ©5

Output: Local GNN parameters {ek kK=1
1 for each training task t in 1, ..., T do

2 for each communication roundr in 1, ...,R do

3 for each clientk =1, ..., o

4 | ©F vrk, qf —C_Exec(k,t,r,0%)

5 end

6 08 s_Exec(t,r, {VI}}K |, {¢F}E |, {8F}K )
// Receive uploaded messages

7 end

s end

/* Client Execution */
9 Function C_Exec(k,t,r, ©8):
10 ok — o8 // Update local GNN parameters

11 for each local training epoch e in 1, ..., E do

12 | Perform local training and replaying. /1 Eq. (7)
13 end

14 if r = R then

15 for each class c in task Ttk do

16 Select experience nodes B, // Eqs. (2), (3), (4)

17 B« BU B, // Store to local buffer
18
19
20

21

end

end

if r = 1 then

VIF « {}

for each class c in task Ttk do
Compute prototype gradients VI,
VIF « VI U VI,

22

23 // Eq. (9)

24
25 end
Compute evolution trajectory q’l.c

return @k, Vl"tk, q’;

26 // Eq. (12)
27
28 else
29 \

30 end

31

return @k, None, None

end
/% Server Execution
Function S_Exec(t, r, VI, q;, ©):
if r = 1 then
for Vl“tk in VI; do
for VIf in VI} do
Reconstruct P via VFIIZ
/* Store to global buffer
BE  BEU (P}
end
end
end
for each global training epoch e in 1, ..., E; do
Construct global buffer graph G&
Perform Knowledge transfer
end
return Global GNN parameters ©8

*/
32
33
34
35
19y, (1)

*/

36 // Egs.

37
38
39
0
41
12
43
44
45
46 end

// Eq.
// Eq.

13
(14)

5 Experiments

In this section, we present a comprehensive evaluation of POWER.
We first introduce the settings of our experiments (Sec. 5.1). After
that, we aim to address the following questions: Q1: Compared with
state-of-the-art baselines, can POWER achieve better predictive
performance under FCGL scenario (Sec. 5.2)? Q2: How much does
each module in POWER contribute to the overall performance
(Sec. 5.3)? Q3: Can POWER remain overall robust under changes
in hyperparameters (Sec. 5.4)? Moreover, we also provide further
experimental investigations about the efficiency (Q4) and sparsity
robustness (Q5) of POWER in [57] ?? and ??, respectively.
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Table 1: Statistical information of the experimental datasets, where “#Classes pT” denotes the number of classes per task.

Datasets #Nodes  #Features  #Edges  #Classes  #Classes pI  #Tasks  #Clients  Train/Val/Test Description
Cora 2,708 1,433 5,429 7 2 3 3 20%/40%/40% Citation Network
CiteSeer 3,327 3,703 4,732 6 3 3 20%/40%/40% Citation Network
OGB-arxiv 169,343 128 231,559 40 10 4 5 60%/20%/20% Citation Network
Computers 13,381 767 245,778 10 2 5 3 20%/40%/40% Co-purchase Network
Physics 34,493 8,415 247,962 5 2 2 10 20%/40%/40% Co-authorship Network
Squirrel 5,201 2,089 216,933 5 2 2 10 48%/32%/20% Wiki-page Network
Flickr 89,250 500 899,756 7 2 3 10 60%/20%/20% Image Network
Roman-empire 22,662 300 32,927 18 6 3 5 50%/25%/25% Article Syntax Network

5.1 Experimental Setup

We introduce 8 benchmark graph datasets across 6 domains and
the FCGL simulation strategy, followed by 10 state-of-the-art base-
lines and detailed metrics descriptions. For further statistics and
experimental details, see [57] ??.

Datasets and Simulation Strategy. We evaluate POWER on 8
benchmark graph datasets across 6 domains, including citation net-
works (Cora, Citeseer [44], OGB-arxiv [13]), co-purchase (Comput-
ers [34]), co-authorship (Physics [34]), wiki-page (Squirrel [27]), im-
age (Flickr [48]), and article syntax networks (Roman-empire [28]).
The decentralized evolving graph simulation strategy is detailed in
Sec. 3. For each dataset, client counts, the class counts of each task,
and data splits are defined based on node and class counts of the
original dataset.

Simulation Details. As mentioned in Sec. 3 and Sec. 5.1, the de-
centralized evolving graph simulation strategy is a 2-step process,
which first uses the Louvain [4] algorithm to partition the original
graph dataset into multiple subgraphs. These subgraphs are sub-
sequently distributed to different clients, all of which are further
divided into multiple class-incremental tasks. Each task comprises
multiple classes of nodes, discarding any surplus classes and re-
moving inter-task edges while preserving intra-task connections.
For each dataset, the number of clients, class per task, and data
splits are defined based on the node and class counts of the original
graph, as provided in Table. 1.

Baselines. We summarize 10 baselines into 3 categories as follows:
(1) FL/FGL Fine-tuning, including FedAvg [25], FedSage+ [52],
Fed-PUB [1] and FedGTA [18], which simply replace the local client
training process of the FL/FGL algorithm with fine-tuning on se-
quential tasks; (2) Federated CGL, including Fed-ERGNN, FedTWP
and Fed-DSLR, which combines the naive FedAvg algorithm with
three representative CGL methods, ERGNN [56], TWP [20] and
DSLR [6], respectively; (3) Federated Continual Learning for
CV, which includes GLFC [8], TARGET [50] and LANDER [36].

Evaluation Metrics. We adopt two primary metrics commonly
used in continual learning benchmarks [6, 20, 56] to evaluate model
performance across sequential tasks: (1) Accuracy Mean (AM),
defined as AM = % 2,—21 Ar;, and (2) Forgetting Mean (FM),

given by FM = 7= ZiTzll (A —Ar,;), where T represents the total

4209

number of tasks. In standard CGL, A; ; denotes the accuracy on task
Jj following the completion of task i. In our FCGL framework, each
client’s local GNN predicts its own task, and we compute a weighted
average of A; j across clients, based on their sample counts. AM
measures the average accuracy on each task after training on the
final task, with higher values indicating stronger performance. FM
captures the mean performance drop across tasks as new ones are
learned, with lower values indicating better retention.

5.2 Performance Comparison (Answer for Q1)

To answer Q1, we present a performance comparison of our pro-
posed POWER framework against various baselines in Table. 2. As
shown, POWER consistently outperforms all baselines across both
AM and FM metrics. We provide a detailed discussion of the reasons
behind the sub-optimal performance of each baseline category.

Comparison to FL/FGL Fine-tuning. These methods lack tar-
geted designs to alleviate LGF across tasks, resulting in poor reten-
tion of prior performance and consistently low AM and high FM.
Algorithms originally designed for FGL (e.g., FedSage+, Fed-PUB,
FedGTA) often perform worse than the simpler FedAvg, due to their
complex focus on current tasks, which can lead to overfitting and
worsen forgetting of previous tasks as local graphs evolve.

Comparison to Federated CGL. These methods combine the
centralized CGL algorithm with FedAvg, mitigating LGF but not
effectively addressing GEC. While they retain some memory of pre-
vious tasks, they still show a significant performance gap compared
to POWER (e.g., Fed-ERGNN vs. POWER on Cora), mainly due to
GEC, as discussed in Sec. 3. Notably, FedTWP often matches FedAvg,
losing most ability to retain previous task knowledge. We attribute
this to its regularization of task-sensitive parameters, disrupted by
the replacement of local parameters with the global model in FCGL.

Comparison to Federated Continual Learning for CV. These
methods are tailored for federated continuous learning in computer
vision but show significant shortcomings in the FCGL scenario.
While they outperform most fine-tuning methods, they lag behind
Fed-ERGNN and POWER. This is due to their heavy reliance on im-
age data augmentation or the need for complex generative models
to create pseudo images. In FCGL, simply removing data augmen-
tation or using a basic GNN-based model doesn’t yield satisfactory
results. Moreover, these methods fail to effectively address GEC.
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Table 2: Performance comparison of POWER and baselines, where the best and second results are highlighted in bold and underline.

Dataset Cora CiteSeer OGB-arxiv Computers Physics Squirrel Flickr Roman-empire
Methods AMT FM| | AMT FEM| | AMT FM| | AMT FM| | AMT FM]| | AMT FM| | AMT FM| | AMT FEM]
FedAvg [25] 40.14 78.92 42.50 59.30 21.90 57.57 19.81 94.94 60.63 75.98 3233 59.03 27.46 37.35 17.19 42.11
g +101 +184 +0.73 +L11 +0.99 154 £0.07 £171 £1.80 +3.58 +0.95 +2.67 +2.00 +3.02 £0.92 +160
FedSage+ [52] 30.41 87.63 33.70 58.76 15.22 56.87 12.22 95.19 58.24 79.82 29.52 79.82 25.58 36.12 13.35 40.27
8 £2.39 +0.28 +451 £6.29 +0.83 121 £1.77 +235 £2.18 £3.04 +2.18 +3.04 £254 +2.07 +133 +3.15
Fed-PUB [1] 30.02 90.88 33.48 73.66 15.17 56.94 11.93 95.46 58.75 79.72 28.82 43.52 2547 36.27 11.56 41.60
£1.28 £0.35 +234 £2.38 +0.15 +0.74 £154 +0.46 £0.62 £1.24 +042 £0.56 £110 +1.27 £0.20 +1.02

FedGTA [18] 38.62 80.99 47.00 54.05 16.80 62.89 19.48 96.40 61.62 74.10 30.84 42.47 27.78 40.05 14.16 46.54
£0.66 £131 +0.84 £165 +0.62 +183 £0.60 +335 +2.07 £4.09 +038 £2.29 +182 +174 £1.29 +0.66

Fed-TWP [20] 40.34 78.67 42.38 58.94 22.44 57.31 19.02 94.11 61.43 74.38 32.34 57.08 30.43 3741 17.58 42.02
£1.10 +1.63 +133 +148 +035 +142 £181 +3.65 £2.22 +445 +055 +3.84 +420 +637 +0.86 +136

Fed-ERGNN [56] 60.40 45.68 49.92 39.19 32.63 48.78 39.79 20.27 85.23 26.02 35.13 41.85 3179 22.52 2471 27.87
+2.78 +4.20 +2.02 +2.41 +3.48 +5.75 £7.00 +13.82 +2.74 £5.56 +2.12 +4.38 +3.93 +5.85 +0.87 +3.56

Fed-DSLR [6] 61.21 43.77 49.55 40.92 31.69 50.32 40.32 18.56 84.75 28.12 35.21 41.33 31.55 24.18 2432 28.22
325 £5.10 +2.16 +3.27 +432 +3.22 £530 831 +5.74 £6.56 +3.15 +5.27 +247 +630 £2.87 +4.13

GLEC [8] 52.04 55.80 46.30 51.24 30.27 5243 38.43 23.56 67.01 60.97 35.99 40.21 30.80 35.27 16.86 41.52
+534 +7.13 +3.27 £435 +434 +525 +7.62 +3.27 +4.87 +4.22 +6.78 £428 +3.74 +6.03 +3.07 +485

TARGET [50] 51.64 56.69 44.62 56.95 30.52 53.02 37.75 26.82 75.48 19.88 32.75 51.59 31.07 25.12 14.37 45.02
+4.18 £2.37 +2.14 +3.15 +5.19 +420 £154 £179 £2.06 +3.18 +2.03 +3.11 +3.24 +2.20 £111 +1.95

LANDER [36] 52.85 53.57 45.93 52.45 30.45 5431 38.13 2427 73.24 22.46 33.21 52.03 30.58 28.32 15.42 44.27
+5.07 +3.24 +3.20 +4.33 +4.12 +3.73 +2.64 +3.28 +4.51 +4.20 +3.35 +5.17 +4.12 +3.27 +2.35 +3.53

POWER (Ours) 65.74 28.10 54.47 28.94 36.19 30.52 43.26 12.59 89.17 13.03 40.27 35.24 35.79 18.13 26.54 16.23
+5.11 +4.95 +5.21 +3.19 +3.17 +4.22 +2.94 +3.03 +2.54 +4.53 +3.22 +2.98 +4.15 +3.24 +235 +2.26

Table 3: Ablation study results on the Cora dataset.

Components ‘ AM1T ‘ FM |

POWER ‘ 65.74 ‘ 28.10
+5.11 +4.95

w/o LGF 432._372 7:13._;245
w/o GEC 6112._7510 434.5)28
w/o LGF & GEC 491._314 7181._8942
Local CM 63.22 30.21
+4.27 +3.14

Non-cumulative 62.25 31.36

+2.77 +4.81

5.3 Ablation Study (Answer for Q2)

To address Q2, we analyze the composition of POWER, focusing on
two key modules: (1) LGF module, which combines local-global
coverage maximization (Egs. (2-4)) with experience node replay
(Eq. (7)); and (2) GEC module, which integrates pseudo prototype
reconstruction (Egs. (9-12)) and trajectory-aware knowledge trans-
fer (Egs. (13-14)). To evaluate each component’s contribution, we
conduct an ablation study on the Cora dataset. Additionally, we ex-
amine variations within each module: for the LGF module, we use
local coverage maximization (Local CM), and for the GEC module,
we replace the cumulative label distribution with a non-cumulative

version (Non-cumulative). The results are presented in Table. 3.

Inter-module Ablation. Removing the LGF Module causes signifi-
cant performance drops of 22% and 46% in AM and FM, highlighting
its critical role in FCGL'’s effectiveness. Excluding the GEC Module

leads to smaller reductions of 4% and 14%, indicating it limits fur-
ther performance gains but is less impactful than LGF. Removing
both modules reduces POWER to a basic FedAvg algorithm.

Intra-module Ablation. Delving deeper, we examine the inter-
nal design choices of each module. The Local CM variant, which
forgoes global insight during coverage maximization, leads to per-
formance degradation, confirming that our local-global coverage
maximization strategy benefits from global insights to select more
representative experience nodes. Similarly, the Non-cumulative
configuration weakens POWER’s ability to encode graph evolution
trajectory, confirming that the cumulative label distribution is key
to preserving the evolving knowledge across local GNNs over tasks.

In summary, both these modules and their designed compo-
nents play a pivotal role in shaping the overall performance.

5.4 Sensitivity Analysis (Answer for Q3)

To address Q3, we perform a sensitivity analysis of hyperparam-
eters in the POWER framework. First, we examine the impact of
replay buffer size b (Eq. (4)), as shown in Fig. 4. As observed, larger
b improves both AM and FM. Our default b = 1 minimizes storage
costs, but in scenarios with sufficient storage, increasing b can en-
hance performance. Next, we analyze the sensitivity of POWER to
the trade-off parameter f (Eq. (7)) and decay coefficient ¢ (Eq. (12)),
both affecting task knowledge retention. Fig. 5 shows results on the
Cora dataset, focusing on values near the optimal range. A large
p may underplay old task knowledge, while a small ¢ may fail to
capture it effectively. POWER performs stably with appropriate
and ¢ combinations, maintaining holistic performance.
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Figure 4: Sensitivity analysis for the replay buffer size b across eight benchmark graph datasets.

(a) Cora - AM

(b) Cora - FM

Figure 5: Sensitivity analysis for various combinations of the trade-
off parameters f and the decay coefficient ¢ on the Cora dataset.

6 Related Work

Continual Graph Learning (CGL). CGL introduces a paradigm
where GNNs learn from evolving graphs while retaining prior
knowledge. The main challenge, catastrophic forgetting, causes
performance degradation on past tasks as GNNs adapt to new data.
CGL research is mainly categorized into three approaches: (1) Ex-
perience Replay selects and stores a minimal set of data from pre-
vious tasks, aiming to efficiently retain representative data within
memory constraints. This involves deciding which data to replay
and how to use it for future tasks. Early works like ERGNN [56]
store experience data at the node level, using strategies such as cov-
erage and social influence maximization, and incorporating node
classification losses during new task training. DSLR [6] refines node
selection with a diversity-based strategy and improves node topol-
ogy via graph structure learning. Recent studies [11, 16, 21, 53-55]
focus on experience data selection at the subgraph or ego-network
level, preserving topological information and achieving good per-
formance. (2) Parameter Regularization alleviates catastrophic
forgetting by adding a regularization term during new task train-
ing to preserve parameters crucial for prior tasks. For example,
TWP [20] introduces a regularization term to preserve key GNN
parameters for node semantics and topology aggregation. To ad-
dress forgetting caused by structural shifts, SSRM [35] introduces
a regularization-based mitigation strategy. (3) Architecture Isola-
tion allocates dedicated GNN parameters to each task, preventing
interference when learning new tasks. Studies [31, 47] expand the
GNN architecture to accommodate new graphs when its capacity
is insufficient.Moreover, TPP [26] leverages Laplacian smoothing
to profile graph tasks and learns a separate prompt-based classifier
for each, thereby eliminating the need for replay and mitigating
catastrophic forgetting in CGL.

Federated Graph Learning (FGL). Motivated by the success of
federated learning in computer vision and natural language pro-
cessing [43] and the demand for distributed graph learning, FGL
has gained increasing attention. From the data and task perspec-
tives, FGL studies are categorized into two settings: (1) Graph-FL,
where each client collects multiple graphs for graph-level tasks, like
graph classification. The main challenge is avoiding interference
between clients’ graph datasets, especially in multi-domain set-
tings. For example, GCFL+ [41] introduces a GNN gradient pattern-
aware technique for dynamic client clustering to reduce conflicts
from structural and feature heterogeneity. (2) Subgraph-FL, where
each client holds a subgraph of a global graph for node-level tasks
like node classification. The key challenges are subgraph hetero-
geneity and missing edges. Fed-PUB [1] addresses heterogeneity
by enhancing local GNNs with random graph embeddings and
personalized sparse masks for selective aggregation. FedGTA [18]
encodes topology into smoothing confidence and graph moments
to improve model aggregation. Other studies [14, 17, 37, 58] also
achieve strong results on this challenge. To address missing edges,
FedSage+ [52] integrates node representations, topology, and labels
across subgraphs, training a neighbor generator to restore missing
links and achieve robust subgraph-FL. Other works [5, 45, 51] also
excel in this area. Detailed insights into FGL research are available
in surveys [9, 10, 49] and benchmark studies [12, 19, 39].

7 Conclusion

This paper pioneers the exploration of federated continual graph
learning (FCGL) for node classification, bridging the gap between
idealized centralized continual graph learning (CGL) setups and
real-world decentralized challenges. Through empirical analysis,
we investigate the data characteristics, feasibility, and effectiveness
of FCGL, identifying two critical challenges: local graph forgetting
(LGF) and global expertise conflict (GEC). To address these, we pro-
pose a novel FCGL framework named POWER to mitigate LGF by
selectively replaying experience nodes with maximum local-global
coverage, and resolve GEC through pseudo-prototype reconstruc-
tion and trajectory-aware knowledge transfer.
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