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Figure 1: Augmentations on images ((a)) keep the under-
lying semantics, whereas augmentations on graphs ((b),(c))
may unexpectedly change the semantics.
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Figure 2: The overall architecture of AFGRL. Given a graph, fg and fe generate node embeddings H? and Hf both of which
are used to obtain £-NNs for node v;, 1.e., B;. Combining it with IN;, we obtain local positives, i.e., B; N N;. To obtain global
positives for node v;, K-means clustering is performed on HE¢ . and the result C; is combined with B;. i.e.. B; N C;. Finally, we
combine local and global positives to obtain real positives, i.e., P;. A predictor gy projects H? to Z¢, which is used to compute
the final loss along with HE. Note that f, is updated via gradient descent of the loss, whereas fe 1s updated via EMA of fj.
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Figure 1: Overview of our proposed BGRL method. The original graph is first used to derive two different

semantically similar views using augmentations 7; ». From these we use encoders £ 4 to form online and g . optimize(6. 1, del(f. P)), (2)
target node embeddings. The predictor py uses the online embedding H1 to form a predlctmn Z1 of the target
embedding Hg The final objective is then computed as the cosine similarity between Z1 and Hg, flowing o<+ 1o+ (1—71)0, (3)

gradients only through Z1. The target parameters ¢ are updated as an exponentially moving average of 6.
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Figure 2: The overall architecture of AFGRL. Given a graph, fs and f generate node embeddings H? and H¢ both of which
are used to obtain k-NNs for node v;, i.e., B;. Combining it with N;, we obtain local positives, i.e., B; N N;. To obtain global
positives for node v;, K-means clustering is performed on H¢, and the result C; is combined with B;, i.e.. B; N C;. Finally, we
combine local and global positives to obtain real positives, i.e., P;. A predictor gs projects H? to Z¢, which is used to compute . .
the final loss along with HE. Note that fj is updated via gradient descent of the loss, whereas fe is updated via EMA of fy. Captu ring Global Semantics
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ing the same label as the query node across different £s. /




Table 2: Performance on node classification (OOM: Out of memory on 24GB RTX3090).

Chongging
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WikiCS Computers Photo Co.CS Co.Physics
Sup. GCN | /7.19+012 86.51+054 92421022 93.03+031 9565 +016
Raw feats. 71.98 000 73.81 000 7853 +000 9037 +000 93.58 +0.00
node2vec 71.79 005 84.39 +008 89.67 +0.12 8508 +003 91.19 +0.04
DeepWalk | 74.35+006 85.68 £006 89.44 +011 84.61 +022 91.77 £015
DW +feats. | 77.21 +003 86.28+007 90.05+008 8&7.70+004 9490 +009
DGI 1535+ 014 8395 +047 91.61 +022 9215+063 94.51 +052

GMI 74.85 + 008 8221 031  90.68 +0.17 OOM OOM
MVGRL 77.52 +008 87.52+011 91.74+o007 92.11 +012 95.33 +003

GRACE 77.97 +063 86.50+033 92464018 92.17 +0.04 OOM

GCA 77.94 + 067 87.324+050 9239 +033 92.84 +0.15 OOM
BGRL 76.86 + 074 89.69 +037 93.07 +038 9259 +0.14 9548 +0.08
AFGRL T77.62 +049 89.88 +033 93.22 +028 93.27 +0.17 95.69 +0.10
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GRACE GCA BGRL | AFGRL

E—— NMT | 0.4282 03373 03969 | 0.4132
Hom. | 0.4423 03525 04156 | 0.4307

NMI | 04793 05278 05364 | 0.5320

Computers | o | 05222 05816 0.5869 | 0.6040
e NMI | 0.6513 0.6443 0.6841 | 0.6563
Hom. | 0.6657 0.6575 0.7004 | 0.6743

Co.CS NMI T 07562 0.7620  0.7732 | 0.7859
: Hom. | 07909 0.7965 0.8041 | 0.8161

— T NMI OOM  OOM 05563 | 0.7289
Co.Physics| gom | OOM OOM 06018 | 0.7354

Table 3: Performance on node clustering in terms of NMI

and homogeneity.
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GRACE GCA BGRL | AFGRL
Wikics | Sim@> | 07754 0.7786 0.7739 | 0.7811
Sim@10| 0.7645 0.7673 0.7617 | 0.7660
Commuters | SIM@3 | 08738 08826 0.8947 | 0.8966
OMPUIers | ¢im@10| 0.8643 0.8742 0.8855 | 0.8890
— Sim@5 | 090155 00112 09245 | 09236
Sim@10| 09106 0.9052 0.9195 | 0.9173
= Sim@5 | 09104 00126 00112 | 0.9180
- Sim@10| 0.9059 0.9100 0.9086 | 0.9142
[ Sim@5 | OOM _ _OOM 09504 | 0.9525
Co.Physics| §in@10| OOM  OOM 009464 | 0.9486

Table 4: Performance on similarity search. (Sim@n: Aver-
age ratio among n nearest neighbors sharing the same label
as the query node.)
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Figure 6: Ablation study on AFGRL.
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Figure 3: Sensitivity analysis.
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Figure 7: Effect of embedding dimension size (D).
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(a) GCA (b) AFGRL
Figure 8: t-SNE embeddings of nodes in Photo dataset.
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