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Why | select this paper?

Cai, L., Li, J., Wang, J., & Ji, S. (2021). Line graph neural networks for link prediction. IEEE
Transactions on Pattern Analysis and Machine Intelligence.
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Background -

BEFRAIV9%5i% (Heuristic Method): 1RIEFRABin T mBIBIEITEBLESS , B EEETUNER
v first-order: R 1-hopHISBEEIH EIARILE, oo’ oo
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BEFREZFINFE(Heuristic Method):—f% 75/ 52F BEIARFENRERN, <F BENSGIRFERIBRIKR
BREREX/NIEHERE, HmuNsEERFE.
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Rl AFHRIRISOTAGAHFERZIEM LIRE, ELREEREoENNEELMHE—CHERTaNl, =,
TR ERIGNNIE HE &P 22 5 <HY1) || 25 A [B)EAE BTN,

SRR WM iREF T ZNBRYE (BAIUEEZHEENSS, FITRBRAND EERRERNE
R RTRNAEIRR FE D X AKEI T ERIE, FRESEREERER) |, RNz, SEEAIERTR
W75i%?



e R SHRISCIN R

( C=me NCC lab
Proposed Method

SHELG)HIEX : HERE FHGHINEE
O)FRETHA. ()RR R,

U B F AR IR = E— N A,

ZERMER: 25— 1M8 TMERM SKOAIE —_—
| FURE ORSRESET | ()P - b
B o, 2- . HP BE A NE ® »

‘ (A) Original Graph (B) Line Graph
B EERREEN R EE

IREE: ZERUINEEASEER, RIRTA
RIERIERHER, & ERNRIRBESTRRILARGEK
H2-hopBEHTRREMRS, MEES.




™ FETHE SISl

o NCClab
Proposed Method ’

@

Subgraph
Extraction

-
hhl—
Ll ————_

) \@

Line Graph
L ) Transformation

H I ER Rtz

O FEPRE: REEETNAYSEIRETEMINT
mih-hopHAFE

O TrinE: READRRESERE(Labeling
function) AN T RDBEIRE, IR BIR
HERRAVEIE R,

O ZHEEEH . BITH R B IENAYZE]

O 5EE&FNI: FAGNNfZ&E LT A5, M
NERERFE.

[

O kMoo T ank

Classifier

' N
g
Graph |
. | Convolution i
- Layer
b
(A) Original Graph (B) Line Graph

BB LB REE

=

J



NEURAL\ ?qﬂ

ComPuTING

T HSiEHsCie =

: J NCC lab
ONTROL
TABLE2 .

AUC comparison with baseline methods:{BO% training Imks)
Model BUP C.ele USAir SMG EML NSC YT
Katz 87.10(£2.73) 84.84(%+2.05) 92.01(£0.88) 86.09(x1.06) 88.45(£0.68) 98.00(%£0.31) 80.56(£0.78)
PR 90.13(£2.45) 89.14(£1.35) 93.74(%1.01) 89.13(+0.90) 89.46(+0.63) 98.05(4+0.29) 81.40(+0.75)
SR 85.47(£2.75)  75.65(£2.24) 79.21(£1.50) 78.39(+1.14) 86.90(40.71) 97.19(+0.48)  73.93(+0.95)
N2V 80.25(4+5.55)  80.08(41.52)  85.40(40.96)  78.30(+1.22) 83.06(+1.42) 96.23(+0.95) 77.07(+0.36)
GAE 90.16(£1.65)  83.73(£0.75) 91.80(+0.86) 85.88(+0.90) 86.78(1.07) 98.83(+0.33) 77.07(+0.36)
SEAL | 93.32(4+0.84) 87.44(+1.21) 95.21(+0.77) 91.53(+0.46) 92.01(40.38) 99.55(-+0.01)  82.07(+0.96)
NRI 94.77(4+0.60)  90.13(£0.82)  96.44(£0.38)  91.18(£0.35)  91.83(4+0.30)  99.80(40.01)  91.63(40.25)
LGLP | 95.24(+0.53)  90.16(+0.76)  97.44(40.32)  92.53(+0.29)  92.03(+0.28)  99.82(+0.01)  91.97(+0.12)
Model Power KHN ADV LDG HPD GRQ ZWL
Katz 59.59(£1.51) 84.60(+0.79) 92.13(+£0.21) 92.96(£0.19) 85.47(+0.35) 89.81(£0.59) 96.42(+0.12)
PR 59.88(41.51) 88 43(i0.80} 92.78(4+0.18)  94.46(30.19) 87.19(40.34) 89.98(+0.57) 97.20(+0.12)
SR 70.18(40.75) 55(40.90)  86.18(+0.22)  90.95(4+0.14) 81.73(40.37) 89.81(+0.58)  95.97(+0.16)
N2V 70.37(+1.15) 82 21(:{:1.19} 77.70(+£0.83) 91.88(+0.56) 79.61(4+1.14) 91.33(40.53) 94.38(=40.51)
GAE 69.84(+0.96)  84.37(£0.39)  90.55(40.23) 93.84(+0.21) 85.21(40.45) 91.15(+0.45)  95.46(=+0.30)
SEAL | 81.37(+0.93) 92.69(+0.14) 95.07(+0.13)  96.44(+0.13)  92.26(4+0.09) 97.10(4+0.12)  97.46(40.02)
NRI 82.15(£0.50)  92.63(£0.11)  94.53(40.10) 96.49(+0.08) 91.63(£0.08) 97.21(£0.11)  97.44(+£0.01)
LGLP 82.17(£0.57)  93.30(%+0.09)  95.40(+£0.10)  96.70(£0.07)  92.58(+0.08)  97.68(+0.10) 97.76(+0.01)

AUC: area under the curve
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AP comparison with baseline methods:. (80% training Itnks).
Model BUP C.ele USAir SMG EML NSC YST
Katz | 85.94(£3.46) 85.94(£3.46) 93.51(£0.79) 87.68(£0.90) 90.54(E£0.53) 08.02(£0.43) 85.76(£0.64)
PR 89.53(+3.11)  87.96(+1.69) 94.30(£1.27) 91.07(£0.59) 91.01(£0.67) 98.08(+0.34)  86.34(+0.72)
SR 81.10(£3.31)  66.43(£2.39) 69.80(£1.99) 70.39(+1.67) 87.24(+0.84) 96.55(+1.14)  77.56(%+1.09)
N2V | 81.47(+4.48) 77.98(+1.54) 82.53(+1.12) 77.01(+1.79) 83.08(+1.36) 96.81(+0.86) 78.48(+1.03)
GAE | 89.26(+2.10) 82.53(+1.51) 93.41(+0.67) 85.95(+0.67) 88.73(4+0.92) 98.93(+0.31)  82.65(+0.86)
SEAL | 93.58(£0.68) 86.49(£1.08) 95.46(%0.59) 91.90(£0.31) 91.93(£0.31) 99.51(£0.01) 91.85(%0.20)
NRI 94.88(£0.50)  89.58(40.65) 96.68(4+0.31) 91.23(3+0.26) 92.28(40.28) 99.80(£0.01) 92.57(£0.23)
LGLP | 95.46(+0.43)  89.70(+0.53)  97.37(+0.25)  92.92(+0.21)  92.61(+0.23)  99.82(+0.01)  92.98(=+0.10)
Model Power KHN ADV LDG HPD GRQ ZWL
Katz 74.29(£0.83) 88.27(£0.32) 93.72(£0.16) 94.91(£0.27) 89.52(£0.32) 93.08(£0.29) 97.08(£0.09)
PR 74.74(£0.81)  92.17(£0.24)  94.03(£0.24)  96.26(+0.22) 91.01(+0.23) 93.18(+0.34)  97.69(+0.08)
SR 70.69(+0.67)  77.16(+0.81)  83.31(40.35)  88.71(+0.79) 84.16(+0.42) 92.97(+0.31)  95.44(40.15)
N2V 76.55(4+0.75)  83.26(+0.79)  79.02(£0.65)  92.12(+£0.50)  80.57(+0.81)  93.92(+0.31)  93.82(+0.39)
GAE 75.04(£0.87) 87.52(£1.17) 90.87(£0.26) 95.24(£0.19) 86.62(£0.39) 93.78(x0.33) 95.79(%0.27)
SEAL | 83.91(£0.83) 93.40(£0.13) 95.18(+£0.12) 96.55(%0.11) 93.41(%0.09) 97.86(%0.11) 97.54(%0.02)
NRI 83.90(£0.52) 93.52(%1.21) 94.73(£0.11) 96.86(£0.07) 92.81(£0.08) 97.76(%0.11) 97.59(%0.01)
LGLP | 84.78(+0.53)  94.14(40.09) 95.72(+0.08)  96.86(+0.06)  93.65(+0.08)  98.14(+0.10)  97.91(=+0.01)

AP: average precision
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AUC comparison with baseline methods:(S{J% training Irnks)
Model BUP C.ele USAir SMG EML NSC ST
Katz 81.61(£3.40) 79.99(£0.59) 88.91(£0.39) 80.65(£0.58) 84.16(£0.64) 95.99(£0.62)  77.28(F0.37)
PR 84.07(£3.39) 84.95(£0.58) 90.57(4£0.39) 84.59(+0.45) 85.43(4£0.63) 96.06(10.60) 77.90(%3.69)
SR 80.98(43.03) 76 od(io.so) 81.09(+0.59)  75.28(4+0.74)  83.05(40.64)  95.59(+0.68) 73.71(+0.41)
N2V 80.94(42.65) 53(£1.23) 84.63(£1.58) 73.50(£1.22) 80.15(£1.26) 94.20(£1.25) 73.62(40.74)
GAE 82.31(+1.34) 80 34(i0.76} 89.71(4+0.63) 84.36(+£0.71) 82.04(40.55) 97.79(+£0.57)  80.06(=+0.59)
SEAL 85.10(£0.82) 81.23(%+1.52) 93.23(£1.46) 86.56(+0.53) 85.83(+0.46) 99.07(£0.02) 85.56(=£0.28)
NRI 87.88(£0.69) 83.62(£0.95) 94.59(+0.82) 88.53(40.48) 86.53(£0.37) 99.28(40.01) 87.42(40.26)
LGLP 88.57(+0.52) 84.60(+0.82) 95.18(40.33) 89.54(+0.36) 86.77(+0.26) 99.33(+0.01) 87.63(+0.15)
Model Power KHN ADV LDG HPD GRQ ZWL
Katz 57.34(£0.51) 78.99(+£0.20) 90.04(+0.17) 88.61(+£0.19) 81.60(£0.12) 82.50(£0.21) 93.72(%0.06)
PR 57.34(40.52)  82.34(40.21) 90.97(40.15)  90.50(+0.19) 83.15(+0.17) 82.64(+0.22)  95.11(£0.09)
SR 56.16(40.45)  75.87(4+0.19) 84.87(40.14) 87.95(+0.14)  78.88(£0.22) 82.68(£0.24)  94.00(£0.10)
N2V 55.40(4+0.84) 78.53(4+0.72) 74.67(4+0.98) 88.82(+0.44) 75.84(+1.03) 84.24(4+0.35) 92.06(+0.61)
GAE 56.75(4+1.93)  82.65(40.38)  90.12(40.17)  89.95(+0.23) 83.71(£0.34) 83.18(£0.44)  94.14(40.23)
SEAL | 65.80(£1.10) 87.43(4+0.17) 92.75(4+0.14) 92.98(4+0.16) 88.05(40.10) 90.07(+0.15)  94.94(+0.02)
NRI 66.94(+0.61)  88.17(+0.16)  92.86(40.12)  92.80(4+0.13) 88.07(+0.09) 90.75(40.12)  95.10(=%0.01)
LGLP | 66.94(£0.60) 88.88(£0.13) 93.28(£0.10) 93.43(40.11)  88.65(x0.09) 91.31(%+0.11)  95.51(£0.01)

AUC: area under the curve
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AP comparison with baseline methodsi{EO% training links). |

_____________ |

Model BUP C.ele USAir SMG EML NSC YST
Katz | 85.94(£2.03) 83.99(£0.79) 93.51(X£0.35) 87.68(£0.79) 80.54(E£0.31) 98.02(£0.53) 81.63(£0.41)
PR 89.53(+2.58)  87.96(+0.86) 94.30(+£0.49) 91.07(+0.69) 91.01(£0.52) 98.08(+0.59) 82.08(+0.46)
SR 81.09(+£2.57) 66.43(+1.17) 69.78(+£0.84)  70.39(+0.96) 87.24(+0.52) 96.55(+0.75)  76.02(+0.49)
N2V | 76.05(+3.20) 73.37(£1.23) 81.03(+1.18) 73.32(£1.34) 81.12(£0.92) 95.32(+1.08) 76.61(+0.94)
GAE | 81.30(£2.14) 79.75(+0.92) 91.00(£0.59) 84.96(+0.68) 84.58(+1.59) 98.20(+0.37) 81.35(+0.68)
SEAL | 84.17(£0.62) 83.94(%1.31) 94.31(%1.13) 86.76(£0.41) 87.45(x0.41) 99.09(%£0.02) 86.45(£0.25)
NRI 87.99(£0.58) 83.72(£0.92) 94.72(£0.73) 89.02(£0.34) 88.33(£0.36) 99.30(£0.01) 88.84(%0.23)
LGLP | 89.03(4+0.41)  84.80(+0.63)  94.89(+0.33)  90.23(+0.26)  88.49(+0.23)  99.38(+0.01)  89.22(+0.13)
Model Power KHN ADV LDG HPD GRQ ZWL

Katz 57.63(£0.51) 83.04(F£0.38) 91.76(£0.15) 91.57(£0.17) 85.73(£0.89) 86.59(£0.20) 95.12(£0.05)
PR 57.61(+0.56) 87.18(£0.26) 92.43(+0.17) 93.53(£0.14) 87.20(+0.15) 86.73(£0.20)  96.24(+0.05)
SR 56.19(+0.49)  75.87(4+0.66) 83.22(+0.20) 88.11(+0.25) 81.07(+0.18)  86.27(+0.20)  94.26(+0.11)
N2V | 60.46(+0.86) 80.60(£0.74) 76.70(+0.82) 89.57(4+0.64) 77.66(+0.54) 88.70(+0.26) 91.61(+0.49)
GAE | 60.50(+2.26) 85.29(+0.34)  90.60(+0.16)  92.63(+0.16) 85.60(+0.28) 88.15(+0.29)  94.95(+0.18)
SEAL 68.67(£0.98) 90.37(£0.16) 93.52(£0.13) 94.33(£0.15) 90.25(£0.10) 92.80(£0.12) 95.88(40.02)
NRI 68.53(£0.52)  90.42(£0.13) 93.34(£0.11) 94.24(£0.12) 89.92(£0.09) 92.41(£0.11) 95.83(%0.01)
LGLP | 69.41(+0.50) 90.83(+0.11)  93.82(+0.10)  94.63(+0.10)  90.34(+0.09)  93.01(+0.10)  96.19(+0.01)

AP: average precision

13
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Cai, L., Li, J., Wang, J., & Ji, S. (2021). Line graph neural networks for link prediction. IEEE
Transactions on Pattern Analysis and Machine Intelligence.

HRSRIARE: W se ARG FEERRTNTZRIBRIE (BAINGIRZIEENSS, FIT RN AERRERN
%g; Jﬁ%’l?ﬂfﬁiﬂﬂiﬁﬁﬁﬁ%%ﬁ%ﬁ ISIKEEER(E, ATRERERREERER) . RINZUEENT, Siteers
TIN5 ?

BERAE: (FESINEICPRIEE] (Line Graph) |, Rl RIRAE 200 T o0 22 AL,
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Gao, H,, Liu, Y., & Ji, S. (2021). Topology-aware graph pooling networks. IEEE Transactions on Pattern
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