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Abstract

Careful client selection for aggregation can help improve
the global model’s performance. However, existing research
on federated heterogeneous graph learning (FHGL) has paid
limited attention to the client selection (CS) problem. Cur-
rent CS algorithms struggle to accurately assess client con-
tributions and select suitable participants in FHGL, creating a
trade-off between convergence and accuracy. In this paper, we
propose a Reinforcement Active client selection based Feder-
ated Heterogeneous Graph Learning (RAFHGL), which pre-
cisely evaluates the importance of local heterogeneous graph
data and selects high-contributing clients for aggregation.
RAFHGL employs an active learning agent to select repre-
sentative nodes for local training. The statistical features of
the active scores are used to assess client contributions. A
client selection agent then chooses clients conducive to global
model convergence for aggregation. To address heterogeneity
introduced by sample and client selection, the training pro-
cess stabilizes by correcting local losses based on data pro-
totypes. Experimental results on 4 publicly available hetero-
geneous graph datasets show that RAFHGL outperforms ex-
isting Client Selection algorithms in federated heterogeneous
graph learning scenarios in terms of performance and conver-
gence.

Introduction
Similar to other neural networks, a substantial amount of
data can enhance the performance of Heterogeneous Graph
Neural Network (HGNN). However, in reality, it is often
challenging to collect extensive data for training due to con-
straints such as hardware limitations or privacy concerns
from multiple data sources (Lin et al. 2020; Zhang et al.
2022a; Chen et al. 2021; Peng et al. 2021). Federated Learn-
ing (FL) (McMahan et al. 2017; Chai et al. 2020; Dennis, Li,
and Smith 2021) has emerged as a promising approach for
collaborative model training without the need to exchange
raw data, particularly well-suited for training machine learn-
ing models on distributed devices. Consequently, research
on Federated Graph Learning (FGL) (Zhang et al. 2021; Liu
et al. 2022b; Tan et al. 2023; Hu et al. 2022) has emerged,
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with Federated Heterogeneous Graph Learning (FHGL) al-
lowing local clients to maintain Heterogeneous Information
Network (HIN) data with multiple node or edge types. Com-
mon FHGL still requires all clients to participate in global
aggregation, resulting in significant computational resource
and communication time wastage or randomly select clients
for global training without the ability to choose clients that
could better aid global model convergence or performance
improvement (Fu and King 2023; Yan et al. 2023; Qu et al.
2022; Song et al. 2023). Although existing client selection
(CS) (Ribero and Vikalo 2020) algorithms have been exten-
sively studied in the context of Euclidean data, the utiliza-
tion of CS algorithms on FHGL has not received much at-
tention. Furthermore, the unique characteristics of HIN and
the complexity of HGNN make it challenging to accurately
assess client contributions and select appropriate clients for
aggregation in the FHGL scenario.

In FHGL scenarios, client selection (CS) faces two main
challenges. On one hand, the diverse node and edge types in
HINs introduce complex topological information, requiring
more advanced HGNN architectures to handle more difficult
tasks. Existing CS algorithms that rely on model informa-
tion and performance metrics introduce biases when evalu-
ating client quality (Wang et al. 2024; Shi and Shen 2021).
As a result, when applied to FHGL, these CS algorithms
struggle to accurately select clients that most contribute to
global model aggregation. On the other hand, existing CS
algorithms often face a trade-off between convergence and
generalization due to high data heterogeneity (Zhan, Li, and
Guo 2020; Guan et al. 2023). The complexity and diversity
of HIN increase the data heterogeneity in FL. Data distribu-
tions across clients may vary significantly, with diverse node
and edge combinations creating complex topological infor-
mation, challenging FL’s robustness in managing data het-
erogeneity (Song et al. 2023; Yang, Liu, and Kassab 2023).
Traditional CS algorithms may worsen the trade-off between
convergence and accuracy in such scenarios (Goetz et al.
2019; Rjoub et al. 2022; Jiang et al. 2022).

In this paper, we introduce a novel approach, Reinforce-
ment Active Client Selection-based Federated Heteroge-
neous Graph Learning (RAFHGL), which combines Re-
inforcement Learning (RL) and Active Learning (AL) to
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enhance CS in FHGL. Our RAFHGL algorithm dynami-
cally adapts to evolving client scenarios, offering an effec-
tive CS method that balances short-term convergence with
long-term contributions to the global model. By leveraging
reinforcement learning’s ability to handle delayed rewards,
RAFHGL enables intelligent client decision-making, bene-
fiting both local models and the overall performance of the
federated learning framework. The following sections will
provide a detailed exposition of the proposed algorithm and
present experimental results demonstrating its effectiveness
across various federated learning scenarios.

The primary contribution of this paper can be summarized
as follows:

1. We present a reinforcement active learning based method
for evaluating the information content of nodes in HINs
prioritizing the participation of nodes with higher per-
plexity in local training. Evaluate the distribution of ef-
fective samples as an indicator of client contributions, ad-
dressing the challenge in accurately evaluating the qual-
ity of client data.

2. We present a CS strategy designed for the FHGL sce-
nario, which employs a RL agent to assess the distri-
bution of locally effective nodes. It selectively chooses
clients for aggregation training, aiming to mitigate the
trade-off between convergence and performance inherent
in traditional CS approaches.

3. We propose a data prototype-based local training cor-
rection method, which constrains the distance between
the node embeddings obtained by different clients in the
feature space and the prototype set. Effectively alleviate
client drift caused by active selection on both the client
and server sides.

Related Work
Federated Learning Client Selection
Existing CS strategies based on Euclidean data primarily
rely on model features (Fraboni et al. 2021; Balakrishnan
et al. 2022), such as parameters, gradients, parameter vari-
ations, and performance metrics (Huang et al. 2023; Cho,
Wang, and Joshi 2020; Tang et al. 2022), including loss, ac-
curacy, and accuracy variations, to decide client participa-
tion in training. However, model performance results from
the interaction between the global model and local data, with
differences primarily arising from variations in client-side
data.

Heterogeneous Graph Learning
HGNN is an extension of graph neural networks designed
to handle HIN. In heterogeneous graphs, nodes and edges of
different types have distinct semantics and attributes (Wang
et al. 2022; Tian et al. 2023; Liu et al. 2023; Yang et al.
2023). This heterogeneity presents challenges for directly
applying conventional homogeneous graph neural networks.
Consequently, HGNN shows great potential in addressing
the complex relationships in HIN and has been widely stud-
ied in practical applications, such as legal statute identifica-
tion (Paul, Goyal, and Ghosh 2022), drug repurposing (Mei

et al. 2022), and sentiment analysis (Lu, Li, and Wei 2022;
An et al. 2022).

Federated Active Selection Algorithm
RL provides a compelling solution for dynamic CS in fed-
erated learning (Wang et al. 2020; Zhang, Lin, and Zhang
2022). Unlike traditional models that require pre-training on
extensive selection data, RL models can adaptively learn CS
patterns (Tang et al. 2022). The introduction of AL (Ren
et al. 2021; Liu et al. 2022a), by focusing on assessing the
quality of client-contributed data, further enhances the CS
process. Integrating AL into the process allows for a more
nuanced evaluation of client data quality (Chen et al. 2019;
Zhang et al. 2022c), using the distribution of effective sam-
ples as an indicator of client contributions, while respecting
privacy constraints.

Methodology
Problem Formulation
In this paper, we define a federated heterogeneous graph
learning framework consisting of a global server and K
clients. Each client, indexed as the kth client, stores
and maintains an independent heterogeneous graph dataset
Dk = (Gk, Xk, Y k), where Xk and Y k are feature matrix
and label matrix, Gk = (V k, Ek, Ak, Rk) is the heteroge-
neous graph. All clients will engage in federated learning
to jointly train a HGNN model without compromising local
privacy.

Framework Overview
The objective of RAFHGL is to collaboratively train a uni-
fied HGNN without disclosing local client data. Through
AL to assess the quality of client-side data, we selectively
choose samples that are more informative for the model. Uti-
lizing the distribution of effective samples as an indicator for
evaluating client quality can mitigate interference from other
factors while ensuring data privacy. The overall framework
of RAFHGL is illustrated in Figure 1.

Active Learning Agent on Local Clients
On the local client side, ALA calculates the active scores
of samples based on the local state. It prioritizes selecting
nodes with higher scores to participate in the training of the
local HGNN. Simultaneously, the statistical features of ac-
tive scores are transmitted to the server. Since the outcomes
of local AL serve as crucial inputs for the global reinforce-
ment learning state, generating stable and accurate AL re-
sults is paramount. RL algorithm can adaptively adjust sam-
ple selection strategies to address diverse usage scenarios
and the continually evolving global model.

To achieve this objective, the instantiation of AL on
the client side is structured as a Markov Decision Process
(MDP). The ALA on the kth client can be represented as a
tupleMk = ⟨Sk, Uk, rk⟩, where Sk denotes the local state
set, Uk signifies the action set, specifically the probability
distribution over output selections, and rk signifies the re-
ward associated with the chosen action.
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Figure 1: Architecture of the proposed Reinforcement Active Client Selection based Federated Heterogeneous Graph Learn-
ing (RAFHGL), which primarily relying on 2 distinct agents, the local Active Learning Agent (ALA) and the global Client
Selection Agent (CSA), to assist the server in precisely assessing client information and selecting the most informative clients
for global model convergence. Simultaneously, the proactive selection by the 2 agents introduces bias into the training data,
thereby prompting the proposal of a data-prototype-based mitigating method, which aims to alleviate the overly personalized
development of local models.

State. The local active state sk comprises 3 key aspects:
Node centrality, reflecting a node’s significance in the data
network, is effectively calculated using the PageRank algo-
rithm (Zhang et al. 2022b). Information entropy gauges the
classifier’s ease in accurately classifying a node’s embed-
ding, with high entropy aiding the learning of ambiguous in-
formation and low entropy reinforcing existing knowledge.
In a federated system, information density involves AL on
a client, selecting samples with the highest training priority
instead of creating a core set for labeling. This paper utilizes
the hidden layer representation of nodes to assess the em-
bedding density of samples, as traditional methods relying
on distance computation with core sets are challenging to
apply.

Action. In accordance with the state of the local node,
ALA computes active scores for all local samples using a
fixed batch size. The top-Bs samples with the highest proac-
tive scores are selected to participate in local training. Simul-
taneously, statistical features of the active scores are calcu-
lated.

Reward. The objective of local AL can be summarized
as enhancing the model’s performance, specifically in terms
of both local training performance AccL and global model
performance AccG. It is crucial to note that elevating the
global performance takes precedence; hence, the change in
global performance is computed and exponentially ampli-
fied through an exponential base BL. To ensure that sam-
ples possessing lower or even negative local performance

changes, but which could contribute to the enhancement of
global performance, are not overlooked, local performance
is accorded a linear weight. The specific computational for-
mula is provided in Eq. 1.

rkt = B
(AccGt −AccGt−1)

L +AccLt . (1)

Client Selection Agent on Global Server
On the global server side, CSA on global server constructs a
global state derived from the aggregated statistical features
of active scores across all clients. Subsequently, the server
identifies clients most likely to make significant contribu-
tions to the global model for model aggregation. Therefore,
in each round of federated communication, we employ CSA
to select K devices for participation in training. The specific
design of the agent CSA for CS is outlined as follows:

State. The selection state of the global client can be repre-
sented as a vector sG = {u1, u2, ..., uK}, where uk signifies
the statistical features of the active score results of the kth

client. For a given parameter nq , the statistical features cor-
respond to the nkth

q quantile of the assessment results.
Action. Similar to the work presented in (Wang et al.

2020), the action space is defined as {1, 2, ...,K}, where
a = k indicates the selection of the kth device for partic-
ipation in federated training.

Reward. The reward, on the other hand, is computed ac-
cording to Eq. 2. This is designed to incentivize the agent to
approach the target accuracy AccT , thereby achieving higher
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precision while concurrently controlling the number of train-
ing rounds. Here, BG represents the global exponential base.

rglobal = B
(AccG−AccT )
G − 1. (2)

Mitigating Active Drift through Data Prototype
Due to the data selection process on both the client and
server sides, the global model in each aggregation round is
influenced by only a subset of distinctive data. This may po-
tentially lead to the convergence of the global model to a
local optimum and exacerbate client drift phenomena. To
address this issue, we propose a mitigation strategy based
on data prototypes (Tan et al. 2022; Long et al. 2023). This
strategy aims to constrain local training, thereby preventing
overly significant impacts of outlier samples on the model
and ensuring training stability.

Specifically, each client initially calculates the local data
prototypes Ck based on the hidden layer representations of
their local dataset Dk.

Ck =
1

|Dk|
∑

(x,y)∈Dk

fk(θk;x), (3)

where fk(θk; ·) represents the local heterogeneous graph
neural network on kth client.

Subsequently, the RAFHGL server collects all client
prototypes to obtain a global prototype set P =
{C1, C2, ..., CK}, which is then distributed to the clients.
During this process, the server refrains from aggregating
the prototypes. Instead, it introduces a regularization term
Lk
mitigate to penalize those nodes whose hidden layer fea-

tures deviate from the entire federated system.

Lk
mitigate =

∑
(x,y)∈Dk

min
i∗
k

∥fk(θk;x)− Ci∗
k
∥2. (4)

The addition of the regularization term aims to mitigate
client drift induced by repeated active selections between
both the client side and the server side. Excessive penaliza-
tion, however, might restrict the pace of client exploration in
the solution space, leading to a reduced convergence speed.
Therefore, rather than computing a global prototype, we in-
tuitively select the local prototype with the smallest devia-
tion from the respective local client for correction.

Ci∗
k
= P ⊙ Ck = min

0<i<N,i ̸=k
∥Ck − Ci∥2. (5)

Training Process
The complete training process of RAFHGL is outlined in
Algorithm 1. On the client side, ALA evaluates local hetero-
geneous graph nodes based on topology, entropy, and em-
bedding information, generating statistical features of the
active score. It prioritizes the top-Bs samples with the high-
est active scores for local updates. During local updates, the
algorithm calculates the loss Lkθ of the HGNN and simulta-
neously computes the mitigation term Lkmitigate based on
Eq. 4. The HGNN is then updated according to the total loss
Lk. After each training round, the state transition is writ-
ten into the Local Transition Replay Buffer (LTRB). Ran-
domly selected transition samples from LTRB are used to

Algorithm 1: Training Process of RAFHGL

1: Procedure SERVEREXECUTION
2: Initialize CSA, P and fk(θk) for all clients.
3: for each communication round t = 1, 2, ..., T do
4: CSA selects a subset St of clients.
5: for each client s ∈ St do
6: f t

s(θ
t
s), ut

s, Ct
s ← CLIENTUPDATE(s, P(t−1),

f (t−1)(θ(t−1)))
7: end for
8: Update global information f t(θt), Pt, stG.
9: Store global transition and train CSA.

10: end for
11:
12: Procedure CLIENTUPDATE(k, P , f(θ))
13: for epoch e = 1, 2, ..., E do
14: CSA calculates active scores for all nodes.
15: Select top-Bs samples as Dk

s .
16: for minibatch m sampled from Dk

s do
17: Calculate Lk

θ using Y k and fk(θk;x
k).

18: Calculate Lk
mitigate according to Eq. 4.

19: Lk = Lk
θ + λLk

mitigate

20: Update local model according to Lk.
21: end for
22: Store local transition and train ALA.
23: end for
24: Calculate ut

k and Ct
k.

25: Update f t
k(θ

t
k), u

t
k, Ct

k to Server.

train the ALA. On the server side, a stochastic probability ϵ
is employed to determine whether to select a client using ac-
tions generated by CSA. With probability ϵ, the global server
selects a client based on CSA-generated actions, and with
probability 1− ϵ, it adopts a CS strategy using AFL with the
mean active score. In the initial stages, when ϵ is relatively
large, clients are selected using a heuristic approach, prepar-
ing a substantial training dataset for CSA. Similarly, the
global state transition is recorded in a global replay buffer
for CSA training. During each communication round us-
ing CSA to select clients, the server utilizes stored statis-
tical features of active scores to obtain global states. Using
actions generated by CSA, the server selects clients St to
participate in aggregation. It obtains local models from the
selected clients to aggregate the global model, and collects
corresponding updates to the global prototype set P . The se-
lected clients also upload statistical feature updates of active
scores to update the CSA state, eliminating additional com-
munication overhead.

Experiments
Experiment Setting
Datasets. We conducted node classification experiments on
4 popular public HG datasets, as shown in Table 1.

Data partition. We employed 2 distinct data partition-
ing methods for creating a federated environment. Uniform:
nodes in the HIN were randomly divided into K subsets.
Subsequently, a subgraph for each subset was constructed
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Figure 2: Comparative analysis of training curves on distinct datasets. In this context, 2 participants are selected from each of
the 20 clients for training and aggregation on the Academic, while for the remaining datasets, 2 participants are chosen from a
pool of 10 clients each. Local epoch for all datasets is 3, and the data partition is based on Dirichlet distribution.

Datasets # Nodes # Edges # Labels

Academic(Zhang et al. 2019) 49,708 202,067 5
DBLP(Fu et al. 2020) 26,128 239,566 4
ACM(Yun et al. 2019) 11,246 34,852 3
Yelp(Hu, Fang, and Shi 2019) 3,913 77,360 3

Table 1: Description of datasets.

to represent a sub-dataset in the federated system. This en-
sured roughly equal node quantities and uniform label distri-
butions across clients. Dirichlet: utilize a Dirichlet distribu-
tion D(β) to partition target nodes for classification, while
the remaining nodes were randomly assigned. The resulting
subgraphs represented K clients with varying label distribu-
tions and node quantities. These approaches simulate differ-
ent degrees of data heterogeneity among clients in the FL
scenario.

Baseline. In the context of FHGL, we implemented
various CS algorithms for comparative experiments to
validate the performance of RAFHGL, including Ran-
dom(Li et al. 2020), Cluster N(Fraboni et al. 2021), Clus-
ter G(Fraboni et al. 2021), DivFL(Balakrishnan et al.
2022), FedCor(Tang et al. 2022), pow-d (Cho, Wang, and
Joshi 2020), AFL(Goetz et al. 2019), ACFL (Huang et al.
2023), FedMarl(Zhang, Lin, and Zhang 2022), FAVOR
(Wang et al. 2020). To ensure fairness, all methods use a
HAN with 8 attention heads and a hidden layer size of 128
as the local training model, and are trained with the same
set of hyperparameters in . We employ the Adam optimizer
with a learning rate of [0.005, 0.002, 0.003, 0.003] across 4
datasets, and weight decay is set to 10−7 in all experiments.

Implementation details. Our implementation of hetero-

geneous graph networks is based on the DGL(Wang et al.
2019) library, while the processing of heterogeneous in-
formation network data relies on the OpenHGNN(Hui Han
2022) library. GPU acceleration is performed on NVIDIA
RTX 2080 TI. To maximize the disparity in partition re-
sults and achieve a significant difference from random par-
titioning, the β parameter in the D(β) is set to 0.5. For
RAFHGL, CSA is trained using Double Deep Q-Network
(DDQN) (Van Hasselt, Guez, and Silver 2016), while ALA
is trained using Deep Q-Network (DQN) (Mnih et al. 2015).
The neural network architectures for both agents consist of
a two-layer perceptron with a hidden layer size of 256. The
learning rate for the agents is set to 0.001.

Performance Analysis
To validate the robustness of the RAFHGL algorithm and as-
sess its performance across diverse federated environments,
we conducted a comprehensive comparison with baseline
algorithms under various federated settings, including dif-
ferent data partitioning methods, federated client quanti-
ties, and local training epochs. Some representative training
curves are illustrated in Figure 2. It is evident that RAFHGL
consistently demonstrates stable convergence and outstand-
ing accuracy across all datasets. Baseline methods either ex-
hibit overall inferior performance compared to RAFHGL
or involve a noticeable trade-off between convergence and
accuracy. Methods with faster convergence often struggle
to ensure final performance, while those exhibiting better
performance require a higher number of communication
rounds.

Different setting of partition method. We conducted ex-
periments on 4 datasets using different partitioning meth-
ods, and the results are presented in Table 2. RAFHGL not
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Academic DBLP ACM Yelp

Uniform Dirichlet Uniform Dirichlet Uniform Dirichlet Uniform Dirichlet
Random 56.27±4.45 66.57±8.76 67.42±5.94 73.40±8.87 85.85±4.32 81.10±12.86 70.01±5.82 74.84±8.53
Clusterd N 56.42±4.66 66.65±8.79 67.71±6.04 73.12±9.47 86.21±4.54 81.03±13.02 69.85±4.23 74.90±8.61
Clusterd G 55.91±4.70 65.91±9.55 67.61±5.79 73.14±10.28 84.93±4.40 81.22±12.81 67.58±6.69 74.91±14.07
DivFL 52.86±6.74 66.03±8.23 67.33±6.71 73.73±8.17 86.11±4.19 81.38±12.91 63.51±5.16 72.75±14.28
FedCor 56.13±4.71 65.46±10.20 66.09±7.20 69.35±16.48 86.23±5.14 79.62±16.01 72.27±4.09 66.88±16.81
pow-d 56.25±4.64 66.82±8.75 67.21±6.26 73.33±8.21 84.99±4.39 81.60±14.10 67.24±7.00 74.81±8.51
AFL 56.27±4.46 66.95±8.33 66.84±6.51 73.47±9.04 86.23±4.76 79.77±12.82 70.76±5.83 74.82±8.43
ACFL 56.41±4.79 66.51±9.39 67.14±6.77 73.53±9.17 86.10±5.15 80.72±12.78 70.22±6.46 74.67±7.53
FedMarl 51.75±6.29 65.66±8.66 67.04±6.05 73.47±8.79 85.72±7.32 78.52±12.95 71.31±5.84 69.14±14.69
FAVOR 55.73±4.84 66.10±8.73 67.12±7.17 73.52±9.03 85.82±4.88 80.82±12.83 61.05±10.71 66.07±6.92
RAFHGL 56.62±3.47 69.01±8.16 67.73±5.06 74.68±7.30 86.57±4.08 82.24±12.71 72.86±3.92 75.07±6.86

Table 2: Comparison of method Accuracy(%) across different data partition strategies. When sampling according to the Dirichlet
distribution, similar nodes are more likely to be clustered on the same client, preserving more edge information. Therefore, the
performance differences between the two partitioning methods are not solely attributed to data heterogeneity.

# Total 10 20 30

# Selected 2 3 5 2 5 10 5 10 15
Random 91(1.6×) 78(1.6×) 75(2.2×) 128(1.4×) 110(1.7×) 100(1.7×) 104(1.2×) 93(1.3×) 91(1.4×)
Cluster-N 101(1.7×) 88(1.8×) 87(2.6×) 91(1×) 84(1.3×) 80(1.4×) 116(1.4×) 86(1.2×) 81(1.3×)
Cluster-G 145(2.5×) 84(1.7×) 52(1.5×) 145(1.6×) 90(1.4×) 63(1.1×) 104(1.2×) 82(1.2×) 71(1.1×)
DivFL 130(2.2×) 93(1.9×) 78(2.3×) 155(1.6×) 67(1×) 59(1×) 131(1.5×) 98(1.4×) 80(1.3×)
FedCor 132(2.3×) 95(1.9×) 84(2.5×) 127(1.7×) 82(1.2×) 79(1.4×) 123(1.4×) 96(1.4×) 82(1.3×)
pow-d 87(1.5×) 67(1.3×) 40(1.2×) 121(1.4×) 77(1.2×) 62(1.1×) 89(1×) 84(1.2×) 75(1.2×)
AFL 93(1.6×) 100(2×) 104(3×) 115(1.3×) 83(1.3×) 75(1.3×) 88(1×) 70(1×) 110(1.7×)
ACFL 105(1.8×) 99(2×) 77(2.3×) 155(1.7×) 80(1.2×) 64(1.1×) 114(1.3×) 99(1.4×) 74(1.2×)
FedMarl 141(2.4×) 130(2.6×) 76(2.2×) 122(1.4×) 99(1.5×) 103(1.8×) 115(1.4×) 92(1.3×) 86(1.4×)
FAVOR 94(1.6×) 80(1.6×) 48(1.4×) 107(1.2×) 94(1.4×) 63(1.1×) 127(1.5×) 76(1.1×) 107(1.7×)
RAFHGL 58(1×) 50(1×) 34(1×) 90(1×) 65(1×) 56(1×) 85(1×) 69(1×) 63(1×)

Table 3: Convergence rounds required under a distinct number of total clients and selected participation in aggregation per
round on Academic. Diverse client quantities serve to simulate various federated scenarios.

only achieves high accuracy across various data partitions
for each dataset but also exhibits smaller accuracy disparities
among clients. The highest improvement, notably, reaches
up to 11.81% and 9% on the Yelp dataset. In the case of
the DBLP dataset with Dirichlet partitioning, the accuracy
variance also decreases by 6.2% to 9.18%. It is worth noting
that when partitioning graph data, some edges are inevitably
discarded.

Different setting of client number. Diverse client quan-
tities serve to simulate various federated scenarios. We con-
ducted experiments with total clients set at [10, 20, 30], and
the results in Table 3 clearly demonstrate that RAFHGL ex-
hibits significant convergence speed advantages over base-
line algorithms across different client quantity settings.
Specifically, when selecting 2 clients from 10, 2 clients from
20, and 5 clients from 30, RAFHGL demonstrates improved
convergence efficiency by 36%, 30%, and 18%, respectively,
compared to the Random method.

Different setting of local training epoch. The number
of local training epochs directly impacts the overall train-
ing effectiveness. RAFHGL demonstrates more pronounced
performance advantages with an increase in local training
rounds as shown in Figure 3. In scenarios where local train-
ing rounds are set at [3, 5, 10], RAFHGL exhibits accuracy

improvements of 1.1%, 1.08%, and 1.69%, respectively. Ad-
ditionally, even with lower local training rounds, RAFHGL
ensures a convergence advantage, outperforming the Ran-
dom method by 20 rounds when local training epochs are
set at 1.

Parameter Analysis
RAFHGL’s hyperparameters consist of common hyperpa-
rameters shared among algorithms and hyperparameters
unique to RAFHGL. Common hyperparameters like model
learning rate and weight decay, which are adjusted and se-
lected through simple tuning and shared across all algo-
rithms. RAFHGL’s unique hyperparameters like the loss
weight λ, the learning rates and the length of the hidden
layer of the 2 agents. It is satisfying to note that most of
these unique hyperparameters demonstrate considerable ro-
bustness, as variations across datasets have minimal impact
on model performance. While parameters like the strategy
probability ϵ exert significant influence on model perfor-
mance as shown in Figures 4, but this influence follows
consistent patterns across different datasets. For unique hy-
perparameter that exhibit minimal variation across datasets,
we conduct parameter tuning on Academic dataset and ap-
ply the same settings across all datasets. A notably unique
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hyperparameter is the quantiles nq , which yields significant
differences in results across different datasets, as illustrated
in Figure 5 for the 4 datasets.
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Figure 3: Performance comparison under various local
epochs. More local training epochs can accelerate conver-
gence but may intensify the client drift effect, consequently
diminishing overall performance.
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Figure 4: Parameter sensitivity under different ϵ descent be-
havior. Subfigure (a) depicts the scenario with an initial ϵ
value of 1, while Subfigure (b) illustrates the situation with
an initial ϵ value of 0.8.

Ablation Study
To validate the effectiveness of the RAFHGL modules, we
designed eight different ablation experiment methods. (1) P:
Data prototypes are introduced to alleviate client drift stem-
ming from random client selection. (2) RA: Built upon ran-
dom client selection, it involves local training node filtration
through ALA during training. (3) RA+P: Introduces ALA
for local node selection while mitigating data distribution
drift based on data prototypes, while excluding CSA from
RAFHGL and randomly selecting clients. (4) RA+CS: Uti-
lizes ALA to assess data node quality and perform selec-
tion, with CSA employed for server-side client selection, but
without utilizing prototype-based loss correction to mitigate
data distribution drift. (5) LC, (6) E, and (7) MS each incor-
porate active selection algorithms based on least confidence,
information entropy, and marginal confidence, respectively,
as alternatives to ALA within the RAFHGL framework. (8)
agg, building upon RAFHGL, aggregates ALA while also
aggregating local HGNN. Experimental results, as presented
in Table 4, confirm significant performance advantages of
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Figure 5: Performance on different quantiles nq . Excessively
small nq hinder the comprehensive representation of client
data quality, while excessively large nq lead to redundancy,
making it difficult to distinguish between different clients.
The optimal nq values are concentrated around 4 or 6.

RAFHGL compared to degradation methods, thereby vali-
dating the effectiveness of its combined component usage.

method Acc Rounds method Acc Rounds
RAFHGL 75.19 52 RAFHGL 75.19 52
P 72.20 95 LC 73.83 50
RA 73.03 59 E 72.56 53
RA+P 74.03 65 MS 73.66 53
RA+CS 73.99 52 agg 74.21 84

Table 4: Ablation study of RAFHGL in terms of Accuracy
(%) and convergence Rounds on DBLP.

Conclusion
In conclusion, this paper presents RAFHGL, a novel method
aimed at overcoming challenges in CS for FHGL. By inte-
grating RL and AL, RAFHGL dynamically adapts CS strate-
gies during the FL process. The RL component CSA enables
intelligent decision-making by considering delayed rewards.
Concurrently, the introduction of AL on clients prioritizes
nodes with higher perplexity in local training, allowing for
a nuanced evaluation of client data quality by assessing the
distribution of effective samples. Furthermore, we propose a
local training correction algorithm based on data prototypes,
which prevents node embeddings from deviating signifi-
cantly from the prototype set. Experimental results across
diverse federated learning scenarios highlight the effective-
ness of RAFHGL. The method not only enhances model per-
formance but also respects privacy constraints inherent in
federated learning.
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