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Maximize agreement

» Graph contrastive learning (¢ )
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“ Graph neural network 3{)\ .  Representation — b,
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< Simple yet effective Z - (&)
input layer output layer e " -
Ref 1. GCN, ICLR’17 Ref 2. SImCLR, ICML’20

» Challenge: heterogeneous nature of graph data
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» Arepresentative, N
G I’ap h C L Drop Node & Edge

Projection %
Head g(*) ﬂ%

Maximize
Agreement

Projection
Head g(*) _'N

Shared GNN-based Encoder

\[j Embeddings

“ Perturbation invariance
“ Hand-picking augmentation per datasets

Ref 3. GraphCL, NeurlPS’20

0:0 H uman Iabo rl Data augmentation | Type | Underlying Prior
! Node dropping Nodes, edges Vertex missing does not alter semantics.
Augmentatlons: Edge perturbation Edges Semantic robustness against connectivity variations.
Attribute masking Nodes Semantic robustness against losing partial attributes.
Subgraph Nodes, edges Local structure can hint the full semantics.
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Background
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Data augmentation | Type | Underlying Prior
Node dropping Nodes, edges Vertex missing does not alter semantics.
> A h h = f = . h L Edge perturbation Edges Semantic robustness against connectivity variations.
= O C C O I CeS O au g I l I e n ta.tl O n S I n rap Attribute masking Nodes Semantic robustness against losing partial attributes.
Subgraph Nodes, edges Local structure can hint the full semantics.
NCI1 PROTEINS RDT-B High
Identical| 0.42 1.25 -0.17 -1.44 2.47 2.27 1.01 1.07 -0.74 1.66 1.39 0.85 0.17 -0.26
AttrMask{0.03 1.20 -0.62 -1.05 -1.14 2.43 1.89 0.85 1.15 1.51 1.37 1.53 0.47 -0.36 0.25
> Ru IeS derived fro tedious tu n i n EdgePert{-1.26 1.95.-1.18 1.28 2.97 0.71 1.37 0.96 1.74 1.52 0.97 0.34 0.71
g Subgraph{1.63 1.17 2.10 1.90 1.62 2.54 2.30 2.20 2.67 3.15 1.13 1.50 1.25 1.06 1.39
NodeDrop| 0.85 1.57 -0.86 -0.59 -0.17 2.00 2.27 1.62 1.31 1.30 1.85 1.45 1.66 1.53 1.31
Low

» Question: Can we be more principled and automated?

3/19



Contributions WTEXAS
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» Given a new and unseen graph dataset, can GraphCL automatically select
augmentations, avoiding ad-hoc choices or tedious tuning?

» Joint augmentation optimization (JOAO)
¢ A principled bi-level optimization framework
“ Automatic, free of human labor of trial-and-error
“ Adaptive, generalizing smoothly to handling diverse graph data
“ Dynamic, allowing for augmentation types varying at different steps
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> G h C L Data augmentation | Type | Underlying Prior

Node dropping Nodes, edges Vertex missing does not alter semantics.

Edge perturbation Edges Semantic robustness against connectivity variations.
* . . . . Attribute masking Nodes Semantic robustness again.st losing partial at.tributcs.
0’0 E n fo rC I n g p e rtu r b atl O n I nvarl an Ce X, Subgraph Nodes, edges Local structure can hint the full semantics.

e e o ,

| ming £(G, A, Ay, 0

| AI,AQ JI—> Al() > fet () - 99,,(.) 0 ( ’ 1 2 )

: Pia, a0l || l Positijs pairs

| p .
I______.:' Contrastive loss — IIliIl { _EJ . SiIIl T G ‘ —l— 'G 1
G ~Pg optimization 04 ( PeXPa;,a0) (To,1(G). Ty 2(G)) (1)

/ > J 4
G oPe a0 [ 0O [ a0 [t

+ Epcxpy, log(Ep,, xPa, exp(sim (:I_g:1 (G), Tp2(G")))) } ,

Negative pairs

» The unified framework, ming  £(G,Ar, Ag, 0),

joint augmentation optimization (JOAO) st [P A,
as a bi-level optimizaton ===
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» A min-max optimization instantiation

ming  L(G, A1, A2, 0),

o res I |
s.t. Pa, a,) € arg maXp,, ., {_:C(G,A;I,Afz,ﬁh
———————— AR I

! — % dist (P(A"l ALY Pprior)g: (3)

e e e e
|

“*Regularization with prior i

e TN L SO e B N i el Al A

= Uniform distribution avoiding collapse dist(P(a, ag): Porior) = D 3 (pij — ﬁ)?
) ; i=1 j=1
= Squared Euclidean distance  R¢> Y e pis — Prob(As — A%, A, :;j)

s Trade-off by y
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Method. AGD for JOAO AJM @ TEXA
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> Alternating gradient descent (AGD) 5 s ming  £(G, Ay, Ag,0),
< Upper-level minimization st Biayay € argmaxp, {£(G. A7 A, 0)
“* Lower-lever maximization — S dist(Pa p) Prior) }, )

“* Upper-level minimization
» GraphCL optimization given sampling distribution

00 — 9= _ /vy L(G, A1, As,0), (4)

where o € R is the learning rate.
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Method. AGD for JOAO AJM @ TEXA
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** Lower-level maximization ming  L(G, A1, Az, 0).
. Gl’adien’[ iS nOt intUitive S.L. P(AITAZ) € arg IIl‘c'lX[P(A’l.hfz) {ﬁ(G’Ai’Afz’m
= Analytical rewrite - 2 dist(Pia ) Porior) }, - 3)

|A| |.A| Targeted
L(GALA0) =YY "p,,,;;‘{ — Epsim(TE(G), T4 (G))
=1 j=1
Al _ y
+ EPGI()g(Z pjr Ep_, exp(sim(T3(G), T) (G’))))}
—~—

al—

J'=1 Undesired

(5)
= Undesired marginal probability p;» entangled in negative term
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Method. AGD for JOAO AU TEXAS

The Un

= Alower-bound approximation to decouple p; ming  £(G, A1, Az, 0).
st. Pa, A, € arg maxp {ﬁ(G Al AL, 0)
Epexp,, 10g(Ep,, xpa, exp(sim(To,1(G), Ty2(G)))) "
> Bpg iy, e, l08(Beg exp(sim(To,1(G), To2(G))) 2 P . pro)f O

A~ E]pGx]p(Al A l(‘)g(EpG, exp(sim(Tp1(G), Tg2(G"))),
(6)

= Approximated contrastive loss:

Al [ A] Tdrgeled

L(G,A1, Az, 0 ZZ i €(G, A", A7, 0)

i=1 5=1
Al A

_ZZ‘UU{ Ep.sim (T} (G )T&'(G))

i=1 j=1

+ Ep log(Ep,, exp(sim(T3(G), T3(G)))) } (7)
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Method. AGD for JOAQO

= Rewrote lower-level optimization

P(AI:AZ) € arg MAXpe P p=[p;;],i,j=1,...,| Al {T-"fl’!(p)}ﬂ
|A| |A] Al [A]

p)_ZZPU G Ai AJ __ZZ(!U ‘AP)?

i=1 j=1 i=1 j=1

» Projected gradient descent rese. soydet

al., 2004

b=pnb 4 (_}:”Vp’ub(p(n_l)),p('"’) =(b—pl)y, (9

where o € R~ is the learning rate, x is the root of the
equation 17(b — p1) = 1, and (), is the element-wise
non-negative operator. x can be efficiently found via the
bi-jection method.

(8)
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ming L(G,A1,As,0),
st Pra, Ay Erug,nmxlp {ﬁ(G Al AL, 0)

ﬁ

- é dist (P{A"l ALY IFDpri()r) } (3)

s Empirical convergence

w
N
o

Contrastive Loss
w w
= =
(=] w

NCI1 PROTEINS

— y=0.01 3.151 — y=0.01
y=0.1 y=0.1

3.054

3.001
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Method. JOAO Sanity Check

» Are JOAO selected augmentation reasonable?

NCI1 PROTEINS COLLAB RDT-B High
Identical
EdgePert 0
Subgraph 6
* C NodeDrop .
s Selections ‘ . i
19
allgn Wlth Identical{0.42 1.25 .-0.17. 2,47 2.27 1.01 1.07 -0.741 1.66 1.39 0.85 0.17 -0.26
& 1 ”» AttrMask{0.03 1.20-0.62-1.05-1.14 2.43 1.89 0.85 1.15 1.51 1.37 1.53 0.47-0.360.25
best practices
EdgePert+1.26 1.95 .-1.13. 1.28.0.71 1.37 0.96 1.74 1.52 0.97 0.34 0.71 0
Subgraph{1.63 1.17 2.10 1.90 1.62 2.54 2.30 2.20 2.67. 1.13 1.50 1.25 1.06 1.39
NodeDrop{0.85 1.57 -0.86-0.59-0.17 2.00 2.27 1.62 1.31 1.30 1.85 1.45 1.66 1.53 1.31
QR X & » N T ?R X X Low
K FEE S SR P
& S & & &F & & ¥ S N & §




Method. JOAOv2 Addressing Distortion AT)ITEXA

» JOAO selects automatic, adaptive and dynamic augmentations
» However, more diverse, aggressive and challenging

The University of Texas at Austin

" I I Tal I " I Ref 7. SLA+AG, ICML'20 — - J
» Potentially distorting training distribution &g pisug iomezo Datwses | AS.| JOAD __ JOAOV?
NCI 0.2 | 61.77£1.61 62.52£1.16
0.25 | 60.95£0.55 61.67£0.72
.| 0.2 | 71.45+£0.89  71.66=1.10
PROTEINS 0.25 | 71.61£1.65 73.01£1.02

» JOAOv2 = JOAO + augmentation-aware multi-projection heads

—> A1) [ fr () P am C) _1 ming  Ly2(G, A1, Ag,0', 07, 0%),
N oEa— s.t.  Pra, a,) € argmaxp |, {ﬁ 2(G. AL, A5, 0", QY. O
= { AE,AZ : ]5;6"1 o : Contrastive loss (A1,A2) ° (gA)LY (G, Ar, Az, 1:02)
~ E(ALA2) | (9e 1901 optimization Yo
A | S | A - 3(llﬁt'(P(A’l_,A.’z)-.Pprior)}e

_—— _1" === =
C;Ir ~ P (- > . > il I l_
R SO A2 () | 5] 9 L 5 90, () L . :P(Qeflhgeg):_ P(Al:Az)' (10)

N —
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Experiments & Discussions W w TEXA
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» Settings » Competitors
% Semi-supervised *» Heuristic designed pretexts
“* Unsupervised ¢ GraphCL with rules

s» Transfer

» Datasets » Summary of JOAO performance
S i .
** ACross d|Verse flelds | v.s. GraphCL | v.s. Heuristic methods
,:, On bIOInformatICS domaInS gCl‘?SS ?i}»'?l'se ﬁe.]df; Cmnparalble Biattf.?r
n specific domains Better Worse
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Experiments & Discussions.
Across Diverse Datasets
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> .J O AO e I’fO rms on ar Wlth LR. |  Methods NCI1 PROTEINS DD | COLLAB RDT-B RDTM5K  GITHUB | AR.
p p 1% | No pre-train. | 60.7210.45 - . 57.46+0.25 - - 54251022 | 7.6
Augmentations | 60.4910.46 - - 58.40+0.97 - - 56.36+042 | 6.6
ad-hOC I‘UleS TT GAE | 6l631084 I T~ T T163201067 T ST T T T 7T 30441044 [ 40
Infomax 62.7210.65 - - 61.70£0.77 - - 58.99410.50 | 3.3
_ _ContextPred | 61.2140.77 _ - _ _ _ _ 157604207 _ _ - _ _ _ _ - 56201049 | _6.6_ _
r GraphCL 62.5510.86 - - 64.574£1.15 - - 58.5610.59 | 2.6 |
tT—040 61974072 - S 6371L084 ~ - - i T6035L024 | 30
!_ T TIOAOVZ T [ 6232T1 16 T T T T T T T - T T Teds1i221T T T T T T T T T T T TeIosro3T ] o _I
10% | Nopre-train. | 73.72T024  TOA0LI.54 73561041 | 73.7100.27  86.6310.27 51331047 6087X0.17 ] 70
Augmentations | 73.5940.32  70.2940.64 74.3040.81 | 74.1940.13 87.7440.39 52.014020 6091032 | 62
|77 TGAE T | 74.3610.247 T70.51£0.17 ~7454L£0.68 | 75.0910.19 "87.69-£0.40 ~53.58:E0.13 63.8010.52 | 45
Infomax 74861026 72274040 75784034 | 73764029 88.66--0.95 53.61+031 65214088 | 3.0
_|_ContextPred | 73.001£0.30__ 70.2340.63 74.66+0.51 | 73.6940.37 84.76+052 51231084 62.354+0.73 | 7.2
> A I | —|— GraphCL __ | 74.63-40.25_ 74.1740.34 76171137 | 74.2310.21 _89.11£0.19 52554045 65.8110.79 | _2_-_4__3
u g men tat| on-aware r JOAO 74481027 72.1310.92 75691067 | 75.30£0.32° 88.14:£0.25 52.83£054 65.00£030 [ 35 |
F 't !_ T T JOAOV2™ 7| 74861039 "733710.48 T 75.81L0.737] 75331018 BET79L0.65 “352771+0.28 T 66.66L0.60 [ T18 |
projection heads
Unsupervised learning
Stre n gth S ‘] OAO Methods |  NCII PROTEINS DD MUTAG | COLLAB RDT-B RDT-M5K  IMDB-B | AR
GL - - - 81.66-2.11 - 7734+£0.18 41.01+£0.17 6587098 | 7.4
WL 80.01+0.50 72.924+0.56 - 80.72+3.00 - 68.824041 46.06+021 72.30+3.44 | 5.7
DGK | 80.31+0.46 73.30+0.82 - 87.44+2.72 - 78.044039 4127+0.18 66.96+0.56 | 4.9
node2vec | 54.89+1.61 57494357 . 72.63£10.20 - . . - 8.6
sub2vec | 52.841147 53.0315.55 - 61.051+15.80 - 71481041 36681042 55261154 | 95
graph2vee | 73.22+1.81  73.30+2.05 - 83.1549.25 - 75784103 47.86+0.26 71.10+£0.54 | 5.7
MVGRL - - - 75.40+7.80 - 82.0041.10 - 63.60+4.20 | 7.2
_InfoGraph | 76.20+1.06  74.444+0.31 _72.85+1.78 _ 89.01£1.13_| 70.65+1.13 82504142 53.4641.03 _ 73.03+087 | 3.0 _
|_GraphCL | 77.871041 74.391045 78.621040 _86.80L134 | 71.3611.15 _89.5310.84 _55.9910.28 71.141044 | 2.6 |
[ JOAO | 78.07t047 74550041 77.321054 87350102 | 69.501036 85291135 55741063 702113.08 | 33 |
[TIOAOVZ | 78361053 74071110 7740L1.05 87677079 | 69331037 ~86.4241.45 ~ 56.031027~ 70.83T025 | 2.8 |
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LR. | Methods NCI1 PROTEINS DD | COLLAB RDTB RDTMSK  GITHUB | AR.]
1% | No pre-train. | 60.7210.45 - - 57.4610.25 - N 54251022 | 76
Augmentations | 60.49+0.46 - - 58.4040.97 - - 56.364042 | 6.6
I GAE 61.6310.84 — — 63.2010.67 - - 59441044 [ 40
I Infomax 62.7210.65 - - 61.7040.77 - - 58.9940.50 | 3.3
|_|_ContextPred | 61211077 _ - - _ _|57604207  _ - _ - __ 56204049 | 6.6 _
GraphCL 62.55:0.86 - - 64.574+1.15 - - 58.56+0.59 | 2.6
7 JOAO 61974072 - S 6371L084 ~ - - i T 60354024 | 30
! JOAOV2 62.5241.16 - - 64.514221 - 61.05+0.31 | 2.0
10% | Nopre-trmin. | 73.72E024  T0AULI.5F 13561041 | 7371027 86 mrtmf— S1 331047 60R87X0.07 1 70
Augmentations | 73.5940.32  70.2940.64 74.30+0.81 | 74.1940.13 87.744039 52014020 60911032 | 6.2
I~ 7 TGAE ~ [ 74361024 705110.17 74.5440.68 | 75.0010.19 87.69£0.40 535810.13 63.804052 | 435
> J O AOV2 g ener al |y I Infomax 74.861-026 72.2740.40 75784034 | 73.764029 88.66:+095 53.61+031 65211088 | 3.0
| | ContextPred _| 73.0040.30 _70.23+0.63 _74.66-0.51 | 73.6910.37  84.76+0.52 _S1.2310.84 _62.35+073 | 7.2 _
f h — | GraphCL _ | 74.6310.25_ 74.1740.34 76.1711.37 | 74231021 __89.11+0.19__ 52551045 _658140.79 | 24
outperrorms heurl IStic [TI=710A0 | 74481027 72031092 75.6910.67 | 75301032 88140025 - 52831054 65001030 | 35
t t t ! JOAOV2 74.861:0.39 73.314+0.48 75.8110.73 | 75.5340.18 88.7940.65 52.71+028 66.66+0.60 | 1.8
self-supervised pretex asks
Unsupervised learning
Methods | NCII PROTEINS DD MUTAG | COLLAB RDT-B RDT-M5K  IMDB-B | AR
GL - - - 81.66+2.11 - 77.34+0.18 41.0140.17 65871098 | 7.4
WL 80.01+0.50 72.92+0.56 - 80.72+3.00 - 68.824+041 46.064+0.21 72304344 | 5.7
DGK 80.314+0.46  73.30-+0.82 - 87.44+2.72 - 78.044+0.39  41.2740.18  66.96+0.56 | 4.9
 node2vec | 54.80+1.61 57.4943.57 - 72.63+10.20 - - - - 8.6 |
| sub2vec | 52841147 53031555 - 61.05115.80 - 71481041 36.681042 55261154 | 95 |
| graph2vec | 73.2241.81  73.3042.05 - 83.15+9.25 - 75.784+1.03 47.8640.26 71.10+0.54 | 5.7 |
| MVGRL - - - 75.40-+7.80 - 82.00+1.10 - 63.60+420 | 72 |
UnfoGraph_| 76.2041.06_ 74.44+0.31 _72.85:£1.78 _ 89.014+1.13 | 70.65+1.13 _82.504+142 _53.46+1.03_ 73.03+0.87 | 3.0 |
_GraphCL | 77.8710.41 74.391045 78.621040 _ 86801134 | 71.3641.15 _89.531084 55.991028 71.141044 | 2.6 _
[ JOAO | 78.0710.47 74551041 77321054 87.3501.02 | 69.50L036 85291135 55.7410.63 702113.08 | 33 |
| JOAOV2 | 78.36+0.53 74.07+1.10 77.40+1.15 87.67+0.79 | 69.33+0.34 86.42+145 56.03+027 70.83+0.25 | 2.8 |
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Experiments & Discussions. =
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» JOAOVZ2 underperforms heuristic » JOAOV2 generalizes better than
self-supervised pretext tasks, without GraphCL on unseen / domain
Incorporating domain expertise specific datasets

Transfer learning

Methods BBBP Tox21 ToxCasl SIDER ClinTox MUV HIV BACE PPI1 l AR

No pre-train. | 65.844.5 74.0+£0.8 63.4+£0.6 57.3+1.6 58.0+4.4 71.8+25 753+19 70.1+£54 64.8+1.0 6.6
Ir Infomax 68.8+£0.8 753405 62.7+£0.4 58.44+0.8 69.9+3.0 75.3+25 76.00.7 759+£1.6 64.1£1.5 53
| EdgePred 07.3+£2.4 76.0+£0.6 64.1+£0.6 60.41+0.7 64.1+£3.7 74.1£2.1 76.3+1.0 79.9+£0.9 65.7+£1.3 38 |
| AttrMasking | 64.3+2.8 76.7+0.4 64.2+£0.5 61.0+£0.7 71.8+4.1 74.7+£1.4 77.2+1.1 79.3£1.6 65.2+1.6 3.1 :
|
|

! ContextPred 68.0+2.0 75.74+0.7 63.94+0.6 60.94+0.6 65.94+3.8 75.84+1.7 77.34+1.0 79.6+1.2 64.44+1.3 34

I GraphCL_| 0908 10.67 _ 3871066 6240 1057 G0S3L088_ 75.0912.65 (OS0L2.60 78A7L1.22 75381144 | 67881085 | 46 |
JOAO 70.22+098 74984029 62.94+048 59.97+0.79 81.324+249 T1.66+143 76.73+1.23 T7.34+0.48 | 64.43+1.38 45 |
JOAOvV2 71.39+092 74274062 63.16£045 60.49+0.74 80.97+£1.64 73.67+1.00 77.51+£1.17 7549+£1.27 | 63.94+1.59 4.3 JI
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Experiments & Discussions.
On Large-Scale Datasets

» JOAOV2 achieves a better
generalizability and scalability,
outperforms on large-scale datasets

7

Semi-supervised learning
on large-scale datasets

The University of Texas at Austin

L.R. Methods ogbg-ppa ogbg-code
1% | No pre-train. | 16.044+0.74  6.0620.01
GraphCL 40.81£1.33  7.66+0.25
- JOAO | 47.19+1.30  6.84+0.31
JOAOV2 44.30L£1.67 7.74L0.24
10% | No pre-train. | 56.01+£1.05 17.8520.60
GraphCL 57.77£1.25  22.454+0.17
- JOAO | 60.91+£0.83 22.06+0.30
JOAOV2 59.32+1.11  22.65+0.22
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Conclusions AT&TEXA

» Problem: Handling heterogenous graph data with less manual efforts

» Contributions:
“ JOAQ, a unified automatic framework
“ An instantiation as min-max optimization, with AGD for solution
* JOAOV2, addressing distortion with multi-projection heads
“* Thorough experiments verifying the rationale and performance advantage
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Further Discussions AT):TEXA

> Limitation:

¢ Automating augmentation selection, while requiring human to construct &
config augmentation pool: “full” automation is still desired

> Potential:

“* In parallel to the principled formulation of bi-level optimization, a meta-
learning formulation can also be pursued
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Thank you for listening!

Paper: https://arxiv.org/abs/2106.07594
Code: https://github.com/Shen-Lab/GraphCL Automated
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