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Algorithm 1 FederatedAveraging. The K clients are
indexed by k; B is the local minibatch size, F is the number
of local epochs, and 7 is the learning rate.
Server executes:
initialize u
foreachroundt{ =1,2,... do
m + max(C - K, 1)
S; + (random set of m clients)
for each client k € S, in parallel do

w,, + ClientUpdate(k, w;)

K np. .k
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ClientUpdate(k, w): // Run on client k
B « (split P, into batches of size B)
for each local epoch i from 1 to F do

for batch b € B do
w + w — nVE(w; b)
return w to server
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Table 3: Performance on the single-dataset-multi-client setting. We present the average accuracy and
minimum gain over self-train on all clients, as well as the ratio of clients which get improved.

Dataset (# clients) NCI1 (30) PROTEINS (10) IMDB-BINARY (10)
Accuracy average min gain  ratio average min gain  ratio average min gain  ratio
self-train 0.6468(£0.053) — —  0.7213(£0.058) — —  0.7654(£0.057) — —
FedAvg 0.6474(=0.076) -0.1333  14/30 0.7490(£0.034) -0.0615 6/10 0.7596(£0.049) -0.0800  5/10
FedProx 0.6437(=0.072) -0.2400 16/30 0.7556(£0.036) -0.0923 7/10 0.7746(£0.048) -0.0600  6/10
GCFL 0.7326(+0.052) -0.0462 26/30 0.7739(£0.043) -0.0545 8/10 0.8256(£0.059) 0.0182 10/10
GCFL+ 0.7422(+0.053) -0.1143  28/30 0.7776(£0.037) -0.0154 9/10 0.8299(+£0.052) 0.0167 10/10

Table 4: Performance on the multi-dataset-multi-client setting. Metrics are the same as Table

Dataset (# domains) MOLECULES (1) BIOCHEM (2) MIX (3)

Accuracy average min gain  ratio average min gain  ratio average min gain  ratio
self-train 0.7543(£0.017) - —  0.7129(+0.016) — —  0.7001(40.034) — —
FedAvg 0.7524(+£0.026) -0.0132  3/7  0.6944(+0.027) -0.1467 4/10 0.6886(4+0.023) -0.1233  5/13
FedProx 0.7668(+0.032) -0.0054 5/7 0.7053(+0.026) -0.1000 5/10 0.6897(+0.026) -0.1367  5/13
GCFL 0.7661(+0.016) 0.0010  7/7 0.7172(+0.019) -0.0700 7/10 0.7056(+0.019) -0.1400 10/13
GCFL+ 0.7745(+0.030) 0.0010  7/7 0.7312(+0.031) -0.0300 &/10 0.7121(4+0.021) -0.0233 10/13
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Figure 2: Joint training of missing neighbor generation and node classification.
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Figure 2: The framework of our FedGNN approach.
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