What's Behind the Mask: Understanding Masked
Graph Modeling for Graph Autoencoders

Jintang Li, Ruofan Wu, Wangbin Sun, Liang Chen*,
Sheng Tian, Liang Zhu, Changhua Meng, Zibin Zheng, Weigiang Wang

ANT
GROUP

Motivation Connecting GAEs to Contrastive Learning Experimental Results
U Self-supervised learning is a successful learning paradigm for graph neural ..-"‘@ ® @ Link Prediction
networks (GNNS) i‘ ©) @; i_- @.:: Cora CiteSeer Pubmed Collab
) . .. . -, ©. . o, ©. . AUC AP AUC AP AUC AP Hit@50
O Masked autoencoding has shown promise in bEHEfItIng visual and Ianguage ‘o" “a 2 e : “a GAE 91.09 +0.01  92.83+0.03 90.52+0.04 91.68 +0.05 96.40 +0.01  96.50 + 0.02  47.14 + 1.45
) ; . JRCCTITIN X VGAE 91.40 £ 0.01  92.60 +0.01  90.80 + 0.02  92.00 + 0.02  94.40 + 0.02  94.70 + 0.02 4553 + 1.87
representation lea rning. o v, B0%edge o T 4nop tedhoP B o *, ~ 0%edge B ARGA 92.40 +£0.00 9323 +0.00 91.94+0.00 93.03+0.00 96.81+0.00 97.11+0.00 28.39 + 2.51
_@ @ overlapping < S *,  overlapping @ ARVGA 92.40 + 0.00  92.60 £ 0.00  92.40 £0.00  93.00 + 0.00  96.50 + 0.00  96.80 £ 0.00  27.32 + 2.93
; ; ; i ¢ %Y ~83%node ot HE % % 0%node & E SAGE 86.33+ 1.06  88.24 +0.87  85.65+2.56 87.90 + 2.54  89.22 +0.87 89.44 +0.82  54.63 + 1.12
D It IS natu ral to InCOI’pOI"ate the maSked autoenCOd|ng SCheme Into graph !_ '._ : i overlapping @-’ : CY @D: H overlapping . P SEAL 9222 +1.12 93.12+ 1.01 93.38 + 0.46 94.27 + 0.26  92.99 + 0.99  94.04 + 0.80  64.74 + 0.43
. . . S — g S S g MGAE 95.05+0.76  94.50 + 0.86  94.85 + 0.49  94.68 +0.34  98.45+0.03 9822 +0.05 54.74 + 1.06
autoencoders (GAEs) --- a class of generative graph self-supervised models. ©) v " Contrasting ™. @ ......... 2 Contrasting e GraphMAE 9488 2025 9352 2051 9435040 93545022 96245036 95475041 2397 £ 0.04
- P T A T N L MaskGAE ;e 9642 £0.17  9591%0.25 98.02+0.22 98.18+0.21 98.75+0.04 98.66+0.06  65.84 % 0.47
O Howeve r, 1tis curre ntly unclear whether masked a UtoenCOdmg would advance the 2-hop subgraph view 2-hop subgraph view 2-hop subgraph view 2-hop subgraph view MaskGAE,,;, 96.45+0.18 9595+ 0.21 97.87 £0.22 98.09+0.17 98.84+0.04 98.78+0.05 65.98 + 0.39
state-of-the-art in graph self-supervised learning. at® at® at® at@® . - o
Table: Link prediction results (%).
(a) GAE without masking (b) MaskGAE with masking on

Focus: Graph Self-supervised Learning Node Classification

Prediction Results Figure: The benefits of masking on graphs.

Doctor

= Cora CiteSeer Pubmed Photo Computer arXiv MAG
~ Step 1 Police Score . . . . . . MLP 47.90 £0.40 4930030 69.10+0.20 7850 +0.20 73.80 £0.10 5630 £0.30  22.10 % 0.30
/ Pre-train Encoder Pretext 2 — Q/=:>@ U Self-su perVISEd learni ngin GAEs is prova bly contrastive learni ng. GCN 81.50 £ 020 7030 £0.40 79.00 £ 050 92.42+0.22 8651054 70.40 £030  30.10 + 0.30
:-G ® = . . . . . o . GAT 83.00%0.70 7250 070 79.00%+030 9256 +035 8693029 70.60 £0.30  30.50 % 0.30
N\ fe() Task a O GAEs with masking can benefit contrastive learning by significantly reducing GAE 7490+ 040 6560 £050 7420030 91004010 85.10%0.40 63.60 +0.50  27.10 % 030
u Waiter . VGAE 7630£0.20 6680 £020 7580040 9150 £020 8580030 6480 £0.20  27.90 % 0.20
Graph Data Su bg rap h overla ppIing. ARGA 77.95+0.70 6444+ 119 8044 +0.74 91.82+0.08 8586 +0.11 67.34£0.09 2836+ 0.12
p ) ARVGA 7950 £ 1.01 6603+ 065 8151100 91514009 86.02+0.11 6743 +008 2832018
Step GraphMAE ~ 8420+040 7340040 81.10+040 9323+013 8951+008 7175+0.17 32.25+ 037
( = Doctor @ Police ) Frozen Prediction  p .o diction Downstream M k . G h DGI 8230060 7180070 7680 %060 91.61+0.22 83.95+047 6510 +040 3140 %030
o 3 . GMI 8300030 7240010 7990020 90.68+0.17 8221031 68204020 29.50 % 0.10
0 Waiter @ ? Representations Head 9w ( ) Task asKin g on ra p S e .. GRACE 8190+ 040 7120+050 80.60 + 040 92.15+0.24 8625+0.25 6870 +040 3150 + 0.30
Labels P T . GCA 81.80£020 71904040 81004030 9253+0.16 87.85+031 68.20+0.20 3140030
| @ ®: 1@ eyt @ ® MVGRL 8290030 72604040 8010070 91704010 86.90%0.10 68.10+0.10  31.60 % 0.40
. . . . . . N S FAR PN A} 3 BGRL 82.86 £ 049 7141+092 8205+0.85 93.17+030 90.34+0.19 71.64+0.12 31.11+0.11
Figure: An illustrative example of graph self-supervised learning. J Edge-wise masking: randomly mask asetof % '@ @10 @F Gt ey SUGRL 83402050 73005040 51902030 95202040 5902020 69305020 52402010
q £ h @ Mask path CCA-SSG 8350073 73364072 80.81+038 93.14+0.14 8874028 69224022 27.57 % 0.41
. . . . edges irom grapns. e, MaskGAE 83.77+033 72944020 8269+031 93304004 89.44+0.11 7097 £029 3275+ 043
K GNN - traini ng with self-defined pretext task = encoder f 0 . . . SO pozmmmmeas . ) MaskGAE:jh 84.30 £ 039 73.80+0.81 83.58+045 9331+0.13 8954+0.06 7116+033 32.79 + 0.32
) ) U Path-wise masking: mask a continuous of ; {ORNGY (@
L Encoder fy = representations = generalize to other downstream tasks O FOiT lg.e T ®; Table: Node classificati lts (%
. . ; 1@+ ©®); 1 ; able: Node classification results (%).
region of edges from graphs. @0 ~@ O
) . OMaskedge ‘ . . o
Masked Autoencoders O Path-wise masking can break the shortrange L MaskGAE achieves SOTA performance in both link prediction and node

Figure: Two masking strategies

connections between nodes and facilitate the classification tasks.

(a) Masked Language Modeling (b) Masked Image Modeling (c) Masked Graph Modeling on graphs
Timeline (M:M) » i » (ﬂC:M) MGM task. Ablation StUdy
< b
2018, e.g., BERT 2021, e.g., MAE now, ? Pubmed MAG
. 85 T T T u 335 — T T T T
@ Present Work: MaskGAE N e B i | Cora CiteSeer  Pubmed
- : E . . S Sl SAGE 8132+0.18 71.19+0.10 80.17 + 0.36
Do not go gentle into that @ ®@® Masked graph modeling \‘ 5 8 \/—/\/\'* %l MaskGAE,q;, GAT 8199 +014 7195035 81.21%0.12
good [MASK]. " @..® i Sl s GCN 8377 £0.33 72.94+0.20 82.69 +0.31
Mask a word EEEEEE '~ 0 igvisFumask mJ ;00 N | T Y i < < ol SAGE 8066 +012 7249+017 7973 + 0.28
» Mask patches - Mask edges sl)t:;zt‘;tf - - ! ﬁGAES ......... i By e MaskGAE,,;, GAT 82.18+023 7299030 8184 0.46
B - ] s ; ’E AN @ E 80 Lot O R GCN 8430 +0.39 73.80+0.81 83.58 +0.45
. [ | ] @ - ® Path reconstruction o Ratio p or q Ratio p ot
Do not [MIASK] [MASK] into that i @ ORC) : @30 @;: > ) i . ) . . . .
good night. i b de @ ©F | Figure: Ablation analysis on masking ratios.  Table: Effect of different encoders
Mask a phrase ’ Degree ULl <" Masked graph !
Mask blocks Mask paths Input graph G; Decoder l211 l1 |1 IL[O|0J’ ! . . .
NSRS B - masked patch P (with masking) Degree regression Ldeg  9mask } QO A properly large masking ratio achieves a good performance.
N e e e e - U MaskGAE with GCN as the encoder exhibits significantly improved
: . . - Figure: Overall framework of MaskGAE (with path-wise masking). i
Figure: Milestones of masked autoencoding in language, vision, and graph research. gure: Overall framework of MaskGAE (with path-wise masking) performances over GAT and SAGE in all cases.
0 Masked language modeling (MLM) and masked image modeling (MIM) have O Input masking: edge-wise or path-wise masking strategies. Conclusion

been widely applied to text and image data, with prominent examples U Encoder: GNNs, e.g., GCN or GAT. O A comprehensive theoretical analysis of GAEs and MGM.

including BERT and MAE. U Two decoders: 0 MaskGAE, a simple yet effective self-supervised learning framework for graphs.

Q Similarly, masked graph modeling (MGM) is to remove a portion of the input -l Structure decoder: reconstruct graph Strucwré (ne'ghborho_Od_Con_necuon)' O Path-wise masking, a structured masking strategy to facilitate the MGM task.
U Degree decoder: reconstruct node degree (neighborhood distribution).

graph and learn to predict the removed content such as edges or paths. . L . . 0 MaskGAE establishes new SOTA performance in different tasks.
U Two learning objectives: reconstruction loss and regression loss.

August 6-10, 2023
KDD 2023 Long Beach, CA, USA

[ github.com/EdisonLeeeee/MaskGAE 0



https://github.com/EdisonLeeeee/MaskGAE

