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B Datasets and Setups:
B Datasets:

Datasets CoraFull Arxiv Reddit Cora  CiteSeer  SLAP Computers
# nodes 19,793 169,343 227,853 2,708 3,327 20419 13,752

# edges 130,622 1,166,243 114,615,892 5429 4,732 172,248 245,778
# class 70 40 40 1 6 15 10

# agent 5 3 5 2 2 5 5

# task 7 4 4 3 3 3 2

# novel class 10 10 10 2 2 5 5

B Baselines: Single, five FL/GFL methods (i.e. FedAvg, DFedGNN, Fed-PUB,
FedGTA, and FedTAD), five GLL methods (i.e. TWP, ERGNN, GSIP, TPP, and
DMSG), graph federated lifelong learning methods (i.e. FedAvg combines
with two representative GLL methods and POWER), and socialized learning
method MASC.

B Metrics: Mean Average performance and Mean Average Forgetting

T-1
MAP = - Z Z JT* MAF = —Z Z (I — J'),
t=il a=1 1
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B Performance Comparison

Table 1: Performance comparison on five datasets in strong heterogeneity setups. Results are averaged Table 2: Performance comparison on SLAP and Com-

among three trials. The best and second results are highlighted in bold and underline. puters datasets in strong heterogeneity setups.
Dataset Paradigm CoraFull Arxiv Reddit Cora CiteSeer
- Dataset Para. SLAP Computers
Metric MAPf MAF, MAP{ MAF| MAP{ MAF, MAP} MAF| MAP{ MAF| ——— NG, BIAR, DEh MAE
Single - 4.2:0.1 36.7:04 84:00 35.1:02 15.8:0.1 60.1:05 18.2:0.1 54.9+0.1 16.9:00 54.9:00 Single - 82201 34 Lais 13.620 308575

FedAvg FL 4.6:0.1 38.3:02 8.9:0.1 36.1:03 26.6+02 47.9+07 18.2+0.1 58.7+0.1 17.0x00 54.9+0.1
DFedGNN GFL 4.6:02 39.5:04 9.0:01 36.0:04 14.8:0.1 62.7x06 18.0:00 54.4118 17.0:00 55.4z0.1
Fed-PUB GFL 4.0:0.1 34.0:03 7.7x02 35.1:0.1 13.5:03 48.1:06 16.9:0.1 53.0:02 16.7:00 55.9:02
FedGTA GFL 4.620.1 38.1:04 8.7:0.1 35.8:04 14.9:0.1 62.4:07 18.0:00 59.7:24 17.0:00 55.0z0.1

FedAvg GFL 8.0:01 32.9:06 10.5t04 4.9:29
DFedGNN GFL 8.1:01 33.8+03 19.8+22 21.8453
Fed-PUB GFL 11.6+01 42.3+19 27.5:1.1 64.7+29
FedGTA GFL 8.3:02 33.7:23 13.5+52 10.6+4.2

FedTAD  GFL 4.6:02 37.9:04 8.9:01 36.0:0.1 24.4:02 50.0z04 18.2:02 54.8:08 17.0x00 54.8x0.0 FedTAD GEL 8.1:01 31.8:22 10.5:04 5.0:67
TWP GLL 5.1:02 34.9:02 8.4:01 35.1:01 16.2:02 58.6+05 18.6:0.1 55.2:0.1 17.0:00 54.9z0.1 TWP GLL 8151 33.245 14500 29245
ERGNN GLI 23.2:03 14.0:03 19.6:06 18.2:06 36.5:0.7 31.6:09 24.0+43 42.5+57 17.9:0.1 53.4x0.1 ERGNN GLL 15.6+02 20.8+11 18.0+20 24.1+6.1
GSIP GLL 26.3:09 12.8:08 22.5+09 9.7:02 48.4:06 15.3:04 33.2:09 34.5:24 19.6:05 50.6:0.7 GSIP GLL 15.7+05 15.9:07 19.2:10 36.4+52
PP GLL 28.9:02 4.8:03 16.4+03 6.0:02 43.4:02 5.4:06 53.6:16 0.0:00 51.6:01 0.0:0.0 TPP GLL 24.8:13 15.8420 36.7:06 0.0+00
DMSG GLL 27.3:06 9.0:10 21.8+0.1 8.8+02 47.9:02 13.2+16 37.5+35 27.7+53 33.4+08 28.7+13 DMSG GLL 15.8:02 13.6:05 28.5:24 30.75.

Fed-TPP GFLL  28.6:03 4.4:03 153102 5.3:02 40.1:x01 5.3z06 58.7:17 0.0:00 51.7:0. 0.0:0.0 Fed-TPP GFLL 27.2:12 12.3:07 36.5:15 0.000
Fed-DMSG GFLL 37.3:03 0.1x05 22.7:03 7.9:06 57.4:07 6.4:04 39.9:16 18.1+32 40.1+x10 14.1:13 Fed-DMSG GFLL 18.0:03 9.8:07 32.2:31 3.6:23
POWER GFLL 253104 14.8:06 11.0:01 25.7:03 61.4:10 2.9:15 40.9:03 27.1:0.7 36.9:25 24.0+338 POWER GFLL 15.5:05 20.1x02 10.7:32 244473

MASC SL 36.7+04 0.9+12 223:05 16.5:07 58.1+18 4.6+32 39.2+23 23.3+43 36.6+:02 24.3:05 MASC SL 15.0:03 18.6+08 24.2+16 21.6+13
GHG GSL 54.0:08 0.0:00 59.2:03 0.0:00 86.7:09 0.0:00 79.2:34 0.0:00 65.7:141 0.0+0.0 GHG GSL 624:30 0.0:00 82.5:02 0.0:00




.‘#

NEURAL INFORMATION

Ak%% | Experiments | e

o I SRS BRI T S

j e BaE 1 B B B S DR |

,-; 7514 | | | I | ! |
o~ / CoraFull Arxiy  =4= Reddit
~ f = Com == CiteSeer

L e R o et o

7
v
55
45
R 0.00.20406081.0121.4 1.6
(a) Complementarity weight we and Weol
similarity weight ws (b) Collaborative weight weol

Figure 3: The analysis of hyper-parameters.

m Ablation Study

Table 3: Ablation comparisons on five datasets.

Method CoraFull Arxiv Reddit Cora CiteSeer
B 289102 16.4:03 43.4:02 53.6:16 51.610.1
B+Lgyn 33.2+0.3 26.4+03 48.3:02 54.1+02 52.6+0.7

B+£Syn+ﬁc€ 51.6+1.0 58.9:03 83.4+09 78.8+42 63.6+22
B+Liyn+Lce+Lia 54.0:08 59.2:03 86.720.9 79.2+3.4 65.7+4.1
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B Graph Socialization Necessity and Efficiency
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Figure 5: The visualization of collaborative graph Figure 6: The visualization of node embeddings
edge weight matrices on Reddit dataset. on Arxiv dataset.
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B We present a practical learning paradigm called Graph Socialized Learning

(GSL), enabling each agent's growth via collaborative interaction.

B Graph-driven organizational structure, customized interactive medium, and

prototype-based life cycle form three key elements of socialized collaboration.

B Our method consistently achieves performance improvements on multiple

datasets and demonstrates the effectiveness of all components.



