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Background

The local gradient tracking term 4. ensures that each client i uses an estimate
of the global gradient direction to locally update its model, which reduces the
variance among clients. The variance reduction parameter T controls the
amount of gradient tracking. Lower T means more gradient tracking, which
leads to lower variance among clients.

has recently raised great interest which trains graph
neural networks at local clients to reduce privacy risks and computation cost,
with applications ranging from fake news detection in social networks to
anomaly detection in sensor networks.
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e \We propose a personalized federated training method with
variance reduction to avoid overfitting and have better generalization
performance.

Personalized Federated Learning with
Variance Reduction

Figure 2: Train Loss (left) and Test ROC-AUC (right) on the Graph Classification Task for 16 Clients

e The variance reduction parameter 1 controls the convergence of the
algorithm and the personalization parameter a controls the performance
of the model.

e The tradeoff between personalization and variance reduction has a large
impact on when the model converges and its performance, as shown in
Table 1 and Table 2.

+ (1 — Oéz')hg n e Experiments with a=1 converge faster but the experiments with 17 =10

have higher performance.

At global round t and local step r with R steps per round, the output of the
personalized model for the i-th client is
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h', h 5 h,  'are the output of personalized, local, global model at round t,
respectively. APPROACH ROC-AUC
a. is associated with the diversity of the local model and the global model. APFL (a = 0.1) 07492
Higher a. means more personalization on the i-th client. FEDGATE (7 = 100) 0.7703
Lack of data leads to poor generalization of personalized models due to APFLGATE (o = 0.1, 7 = 0.1) 0.8342
overfitting to local training data. APFLGATE (o = 0.1, 7 = 100) 0.8347
APFLGATE(a=01,7=1) 0.8349
APFLGATE (a = 0.9, 7 = 10) 0.8429
Reducing the variance in the gradient updates at different clients, can APFLGATE (o = 0.75, 7 = 10) 0.844
overfitting and speed up training. ﬁgiigﬁg EOé — 8-?57 T 21(1)?) 00-8844782
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The variance reduction updates of client i are given by
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Device update: d; = g; — 9;, g; = Vfi(w;) Table 1: Test ROC-AUC of Methods on the Graph Classification Task for 16 Clients
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After R local steps APPROACH MAE
uj = w' — wy" (to server, get u') APFL (o = 0.25) 0.8054
w=w'—u’ FEDGATE (7 = 10) 0.8055

L APFLGATE (o = 0.1, 7 = 10) 0.7921
St — 5t 1L — (wt — t,R )
: e APFLGATE (o = 0.25, 7 = 10) 0.7895
s i P APFLGATE (o = 0.5,0.75,0.9. 7 = 10)  0.7891
Server update: u” = — Z u;
i A = ) Table 2: Test MAE of Methods on the Link Prediction task for 28 Clients
W = W —H0",

By balancing the personalization and variance reduction, APFLGate
performs better than both APFL and FedGate on graph classification
and link prediction.

where d! is the local gradient of client i at step r, w' is the weights of the global
model and wjt Is the model of client i at step t, ¢ is the gradient tracking
parameter, 1 is the variance reduction parameter, n and y are learning rates.
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