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» Setup: Graph Learning with Distribution Shifts » Solution: A theoretical guaranteed, generic, and

Transfer knowledge
across species

T

Protein-protein
interaction networks

° T#F A\'D i
*PPPIR1GB® 33
» e o, BCLIB e L®
. OO o®, NLGNAY *A QP ee Je _ﬂ
o ETF1 ® A HTR2A ShmT2® © Sa——
xampie s > o
] Q.D#;Dd SAX ° “~
e 3 P 4
. c:ﬁ_; a ism A.W ° ..RG.Sd l. 5e
i A .' A3 e A e
3". %o D’qu.:. ."ﬁ B A
° B f e '. N jo! MPPE
L] . A
A X ".’t",’c p. 3C§. Kc‘::m's N-‘, s't: a.
s 2 * b4
eig 4~ SDCCAGE ® °
3 L]
CNTN4 < LC. 2‘ ?IB PTEIS % " -. TranSfer gap
A 4 PRKD1S". Do @ ® =
:*z AN "% wovoSers A o> _ Kingd
CoAs L ®8°  GRM3 A
o . : *xe : oo g
g $ PRRG: N NA\::O AAAAAA . Phyl
3 A
® L J 2 O] BRAL %
. ®es a0 2 & : o’
AL S xS % S o cl
SAre N eac
e D @D
.....
g Family: Hominidae| [Family: Muridae ) [Family:
Genus: Homo Genus: Mus G .
Species: Homo Species: Mus pecics
Exam I e 2 U sapiens HIUM.'\.IILI\
u uman Mou
i (a0) Citation networks
i kobi i
li (2011) poraj-kobielska (2013)
\ Ehan010) molina-espeja (2014)
spretif2004) geueke (2003) vina-gonzalez (2015) TranSfer tempora”y
rrrrrr Rn zhi (2006) T poraj-kobielska (2011) eVOIVi ng knOWIedge Machine Learning & Deep'ljcarl.lingAlgorithms
chen (2013) : peter (2014) Development Timeline
piontek (2013)
hong(2004)  SONE2009) zhu (2005) viontek(2010)
k 2015 - shimoje (2006) X
davis(2003) i g hollmag (2070) 7 shoji (2014) i
colonna (1999) moniruzzaman (2010) 2 ersaria
bamdad (2014) pesic {2012) burton (2003) matsuo (2014)
wzeng (2004) bOyd (2014] matsuo (2009)
ryanisasa) marx(2008) matsuo (2007)
s liu (4995)
dordick{(1992) lim (@000) dong¢2015)
> ¢ zhengy2015) * Joo #399) O
oguchlL(ZOOZT . cordova (1999) pandey(2015)
kim (2001) ayyagari (1996 S35 . . pandey(2014) Y : 2001 2011-
oguchi(2000) YY2Es T<( 4 jooi(1998) POERE. | L e D ree— 2010 2021
eker (2009 tian (2015) pandey(2015) 1963 2 )
- o pandey(2014) —
relhmenyZO%) G ayyagall Sk wingeas) o
014
mejiasi2003) 5 Wieui(2010) Ry gao (2907) liu (2016)
= huang(2015) > ; ., ® Recurrent Neural
s, . lopes (2014) 2] wang{2012) xiong42015) Network N
akkara (1¢ 91 ) itag00)e P |
Jarvie §1999) : = skarpeli-liati (2012) S Belie
uya 8(2003) Langeren 2005y arpeli-liati suni(2014) liu (2015) yu (2014) 'I T orks
maeda2002) 0 W W Lakkada(1o9g) @995 yu (2013) R o oo
el Vam s g liang2016) ’
ko 1 (1995 | 14
Qiyaiﬂz( ) & kim 2005) v @14 L
e : WU
singhy2000) , liu @2002) ©
won(2004) chulkaivalsugharit (2015)
qi (2006) dubey(1998)
mazurg2009) aktas2003)

» Gap: Competitive Transfer Performance
with Theoretical Guarantee

¢ Graph self-supervised learning: Potential “negative transfer” [1]

» Transfer algorithms for specific scenarios: Restricted to designated
scenarios (e.g. size transfer) [2]

“* Applying domain adaptation methods to graphs: Not specific for graph data,
with room to improve [3]

¢ Question: How to design algorithms to boost transfer performance across
different graph domains, with the grounded theoretical foundation?

[1] You et al., “Graph‘Contrastive Learning with Augmentations”,
NeurlPS'20. [2] Yehudal et al, “From local structures to size

graph-specific algorithm

<+ Theoretically charactering graph transfer risk bound (by combining Egs. (4-6))

* Tools: Domain ada_plailf)n and spectral graph theory
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= Analysis: We identify mportant GNN properties related to the bound:
o Spectral smoothness (SS) and maximum frequency response (MFR)
o More importantly, SS relates to node transfer and MFR relates to link transfer (see Sec. 4.2)

*+ We accordingly propose to regularize SS and MFR to confine the bound

» Experiments

Methods

Co-expression: Link transfer = MFRReg

Mouse Zebrafish Fruit fly Yeast Mean?T Rank]
Mashup 4898234 SL63181 50284220  4631+0.63 | 4390 o
‘ (549+032)  (5374033)  (55140.17)  (4.96+0.05) | (5.33) ‘
54484327  61.18£1.05 6663141 58884080 | 60.29
D-SCRIPT 6.014£0.63)  (8.12+1.77)  (9.782025) (71.53=0.11) | (186) '~
GraphCL 73.00£1.56  74.19+050  6680+2.55 6241112 | 69.12 .,
(14.9842.18)  (18.7622.11) (12.1242.00) (11.32+2.86) | (14.29)
I 69.55+041  69.63+084  5738+177  6301+145 | 6489
‘ (18.06£0.13) (27.44+121) (10.13£1.02) (11.25+1.58) | (16.72) >
Transformer 7635038 79294278  6654x111  6391x155 | 7152
+GIN 2191+£1.60) (28.0744.71) (13.484071) (11.15+1.11) | (18.65) +
Transformer 78.56+1.55  79.46+297 6478123 6065385 | 7086 .
+GIN+DA-C (22.7644.42) (27.1043.10) (11.6142.08) (10.72+2.44) | (18.04) *
Transformer 7738£2.54  7922+089  67.78+040  6243x262 | TL70 .
+GIN+DA-W (23.0322.98) (269042.03) (13.78:0.94) (11.59+1.98) | (18.82)
Transformer+GIN 7757114 7944=121 65274149 6228171 | 7114 .
+DA-W+SSReg  (23.13+0.64) (28.9742.22) (11.88+0.89) (13.24+2.49) | (19.30)
Transformer+GIN ~ 77.63£1.00  80.81+127  68.56+088  63.74+027 | 7268
+DA-W+MFRReg  (23.83+£2.75) (29.04+0.62) (13.94+047) (16.80+234) | (20.90)
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»» PPI link prediction

*+ Please refer to the paper for more numerical results

(e.g. citation network node classification)
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Methods Mouse Zebrafish Fruit fly Yeast | MeanT Rankl]

Mashup 51.54+3.82 37.821+3.43 46.88+6.87 57.99+2.28 48.55 9.0

] (5.58£0.35) (3.98£0.12) (7.19+£3.93) (6.78+0.92) (5.88) '
D-SCRIPT 58.224+6.97 49.58+1.12 62.97L0.78 62.4310.59 58.30 3.0

(7.03£1.09) (5.02+0.76) (9.61+£0.21) (8.56+0.15) (7.55) ’
GranhCL 76.88+0.42 79.11£1.14 81.02+0.98 71.03£0.30 77.01 6.0

P (31.161.43) (41.80£3.20) (38.63£2.30) (14.58£1.16) | (31.54) :
Transformer 77.65£0.84 75.61£1.86 76.90+1.64 67.8610.61 74.50 56

‘ (35.050.92) (45.13£3.15) (32.724£2.34)  (12.46£1.08) | (31.34) :
Transformer 79.77+£0.92 80.851+2.41 82.38£1.13 71.54+0.36 78.63 43

+GIN (31.23£1.94) (34.29£12.42) (42.40+2.04) (15.73£0.79) | (30.91) :
Transformer 80.14+1.86 83.58+1.15 81.49+1.27 71.30£0.61 79.12 13

+GIN+DA-C (34.29+4.12) (44.01+4.00) (38.94+2.36) (16.80+0.65) | (33.51) ’
Transformer 80.18+1.38 80.88+3.08 81.51=0.36 72.66+0.36 78.80 3.6

+GIN+DA-W (34.14+0.85) (41.88£2.15) (42.02+0.69) (16.18£2.67) | (33.55) ’
Transformer+GIN 81.20+0.25 81.69+1.55 81.79+0.74 73.07+0.30 79.43 1.3

+DA-W+SSReg (35.99£1.51) (45.15£2.07) (43.44+1.16) (17.39£1.01) | (35.49) ’
Transformer+GIN 80.93+1.11 81.95+1.77 80.15+1.07 72.2240.67 78.81 3.6

+DA-W+MFRReg (34.63£3.71) (43.09£4.19) (3543£1.60) (16.40£1.12) | (32.38) ’

> Referen ces generallzatlon iIn graph neural networks”, ICML21. [3] Wu et al,
“Unsupervised domain adaptive graph convolutional networks”, WWW’20
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