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Dynamic Graph Representation Learning Based on Bidirectional Selective State Space Model

HE Ping, WANG Lei-Da, XU Xiao-Hua, YAN Yong-Lin
(College of Information and Artificial Intelligence (College of Industrial Software), Yangzhou University, Yangzhou 225127, China)

Abstract: Dynamic graph representation learning captures time-evolving topological structures and interaction patterns among entities,
providing spatiotemporally aware embedding for downstream tasks such as link prediction, revealing the dynamic evolution patterns of
complex systems. Continuous-time dynamic graphs, owing to their rich fine-grained temporal information, provide a more realistic
modeling paradigm for complex processes such as social network evolution. However, current continuous-time dynamic graph
representation learning faces at least three challenges. (1) The effective extraction of critical information from long historical interaction
sequences requires robust modeling of long-term temporal dependencies. (2) Handling long interaction sequences requires controlling
computational complexity to improve efficiency. (3) Traditional approaches that capture interaction patterns in chronological order struggle
to reveal hidden non-causal associations. To address these challenges, this study proposes a novel continuous-time dynamic graph
representation learning model. By leveraging a bidirectional selective state-space encoding mechanism, long-term temporal dependencies in
interaction sequences can be captured, and subsequent interaction information can also be incorporated through backward pathways. The
temporal unidirectional constraint is thus broken, enhancing the model’s global context comprehension capability. Extensive experimental
results demonstrate that the model consistently outperforms baseline methods in predictive performance on real-world datasets spanning

diverse domains, while maintaining high computational efficiency, enabling the modeling of long-term bidirectional dependencies under
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limited computational resources.
Key words: dynamic graph representation learning; continuous-time dynamic graph; bidirectional selective state space model; long-term

bidirectional dependency
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H, =Flip(H,) (16)
BRI BN SER H, R H AR S, s B AU TR M.
Ml’l\" = F_I:w + H;v (17)

AT BB 4 T b Al 422 1 A 30 O ) A o o 2R
332 AREENFEERERNT SRR
ATV M, RIS NT ] SRS IR AR R M| e RV FI MY e RV
M =M][1:1I,:] (18)
M =M [I'+1: [+, ] (19)

uv

IRIG, AN RS St SRR IR MY MY AT R R A, TS 2075 A u Ay S & RN R R AT 1)

il



8 R Sk AT S A

Y, € R Bl € R
U = Mean(M!)W oy, + boy (20)
W' = Mean(M )Wy + by, 2D
H, W, € R JgRLEFERE, b, € R NMEAT M, Mean AT M BT RA BREL, doy BT 5 u Flv IR
PN A I 4E .
3.4 EhASHERTUN
9T TS R Ay A ¢ N 207 AR AT HRE R, JATHC g, Ay BEAT G, ARG A 2 R AL (MLP) 1HE
Tz
S = Softmax(MLP(ReLU(MLP(,|¥,)))) (22)
Hrdr, g, NTMMEZR, Softmax F1 ReLU JNETE PR EL.
FEVNZRM B, FATT5R A = 5m 38 XU 45 2% o B0F T e sh 28 B R T 1) 45 2%

1 n
L£,===" (v-logy+(1-y)-log(1-5)) (23)
n i=1

o, n NTRIIBEL, 9, N5 | A TNEEEMER, v, € (0, 1) NE SR, 0 B AR ELH, | RRFELH.
3.5 EHEFTEERE ST

TR A 2% 2 7 T, DG-BS™ FERFAE SEHURIR & B B AE BT Ay 00, B 1) RNAT FE S BT R ik N e (F e ) 52
BN O(L(dy +dy +dp + de)), PPN [ R 2R BN O(nP), YEE XTSI T8 R 24 A O(nL(dy + dy; + dy + dc)d).
BT dy = dy > dr > de > P, WRFESREUR RS 1RGN (8] 2 24 5N O(mLdyd). TERER T 4K X R A BB B, %o 15
A HL A BEAT SO 4 A PR B TR) A2 2% BE A O(nL(rd? + 2d), A2 BT AN BRI 18] 2 2 B N O(nLdPdly,). A
dow > r Hod>> r, W DG-BS*M 7E 4 38 7 51 HA XU A A B 1A B 18] 52 25% FE R O(nLd?dyy) . % R Fom IR IAEE KL,
M DG-BS*M £ I 2k BRI 8] 52 244 5 4 O(RnLd(dy + ddoy)). TETREY BL, B BT 134 50N n,, DG-BS*M (1
(B 52 2 BE N O(n, Ld(dy + dd.,)).

TE 47 7] 43 2% B 07 T8I, AR BB M YR AL 31 30 509 n,, DG-BS®M T8 45 AF $2 BRI il 25 B B 1 4% 1) 55 2% 3 Ny
Oy L(dy + dg + dr + dc)) = O(n, Ldy) . TE3 3R 751 HAX AR B, XU 1R] 32 B3 51 30 BB AR B (1) == (AL B 2 FE A
O(ny(rd + > + Ld)) = O(n, L), 4= 5 255 NI 25 [0 5 2% N O(ddyy). A dy > d, FTLA DG-BS™ [ 25 7] 5 24
&9 O(n, Ldy).

L0 24 iy £ g 2 482 1) 2 2 PRI s 2 = i vk U2 0 LA I 1) 4 2% P55 R 2 ) 5 2% FEE 440 5 e K FEE L 1P
B, 5 EATHE, FRATHT7i% DG-BS M H i [7] 5 4% i R 4% ) 52 4 J55 0 AR 5.5 P A B 2R M AR 5, DR 7 %
AT A AT AT, B T AR, 5 T R SRS D AR
3.6 WMt

B HE 1 AT, DG-BS™™ [ A B AR 2 2 TR H L) L 4% 18 s S5k

FEIR 1. W HE RS S AR (DG-BSM) AL R IR ZS 3 51135 /2 48 Bl

IEBA: VLIRS A X C R R SESERTN, BE d(d,, D) = ||d, — B,||,, H.AIM >0, 5F Vb e X, H ||d|, < M.
EXNEFT: X > XN:

T(®)= Ad+ Bz (24)
Hrh, A=e*, A HIPPO A (AT (13)). PIRASZE T WU S RIS
d(T(P),T(P)) = ||(Ad + Bz) - (Ad' + B2)||, = ||A(@ - )|, < ||A]|, - 1& - &', (25)

CLHT HiPPO 4515 A FIVEFEE N HxT fLkn =, Bl —1,-2,...,—r, Rt A RO IEE e (k= 1,2,...,n £ (0, D X
BN, BUFAE 2 e (0, 1), (5453 ||A]|, < 2, BIA:




% F: A TFmafmREEBEE G EB L5 9

d(T(®D),T(P)) < 1-d(P,P') (26)
T 2 AR
1 Banach A3l 1€ B0 1: fFAEME— @ e X, {§i13 T(@) = &, BIFFLEME—FRAS. WHMT R k > 0, FREUEIAgh %k
515
@, - ||, = ||T(®_,) - T(@")||, < ||} - &, 27
21€(0,1), Bk oo I, ¥ 50, & — &, WHFH (&), P,..., &) Wi 25 B EL. FIEATHIE, & 551
(@, P &) TR R TEEILSI. 25 ERTIR, DG-BS™ A IR 25 17 1) A2 15 Ui, TR HE.

k12>

4 Lo

FEAA R, AL T 8 ANATFHI S FH SR 4, #4321 DG-BS’™ J7ik 5 HoAh 5L 28 75 1018 5 i 1%
TR 55 EAT PR RE LA, T 56 TE A A O 25 k.
4.1 HiReE

AV 8 AN E SRR, BAEE T,

(1) Wikipedia: — A2 B, & 7 —AH W4 BRI _FRgnis s 2. 35 SR P R, S
ANHE I AR AR AT . A BERE A 172 4E003E S T AA SIS (LIWC) B,

(2) Reddit: — =4 IAZ T L%, i05% 7 F P LE subreddits B —AN H 1R 00 B P FI0G 271 05, B4 2
W I TR B A i SR . MR B 172 4k LTWC HFE.

(3) MOOC: —ANELERI = A8 T 4%, Fob 45 fi R 2 A FIURAR I 25 5000 (191 A A8 ol 4R ). AN R R
SRR E AR SICITT RAT R, R 4 dERHE.

FHICIT AT .

(5) Enron: 3% 7 ENRON ReJEA 7] 5t T2 [A] 3 42 ) B Tl ARi (5.

(6) Social Evo: — M3l IEUT I M 4, o B A RF A 1 8 00 B H i shidk 47 7 0 8 AN H s 3%, Hh A
HERAH A 2 L.

(7) UCL: —MELBAE M4, =5 U sl 522k, SRR SR R AN .

(8) Can Parl: —/NEIZASHIBUEMZE, 10k T 20062019 FE IR ICE IR Z [BIF H ). FAT AR —A ik
X BB, PR BCR ER — R R, A — M. MR AR E R — N R — R S — A
WA B R S IR

TNV THEEBEENSRIER. HREE T ENEIEERN T S5, B0, RSN, w54
BRI ()R . AT X L H IR AR 4% R 70%: 15% 1 15% MU ELFIRI 40 NN 2R . BEAE AL FIIR4E.

*1 BIREFHEE

Bk RS BEER FREEn [ I [ A I ()4 JEE
Wikipedia 9227 157474 1 month 152757 Unix timestamps
Reddit 10984 672447 1 month 669 065 Unix timestamps
MOOC 7144 411749 17 months 345600 Unix timestamps
LastFM 1980 1293103 1 month 1283614 Unix timestamps
Enron 184 125235 3 years 22632 Unix timestamps
Social Evo 74 2099519 8 months 565932 Unix timestamps
UCI 1899 59835 196 days 58911 Unix timestamps

Can Parl 734 74478 14 years 14 years
42 BHE&HE

(1) DyRep™: —Ffi 5T RNN (#9751, TERRRSE TS SR A0RA, B & — N THVE R R SR, A Bahas



10 BRAP AR Hrr e B o G w Sl

P i )R A R 5 4915 2.

(2) TGAT": —FhIE T [ 7E R I MLAI A J7 325, I B A RN T A5 BB 1030 FD A0 8 O A SR S s,
B AW AR Tfe, F TR (A 2.

(3) CAWNIY: — ol I - i i) it AL 985 2 169 5925, 3t ol Y B 10 AL 9 7 B2 BB 1) %) 248 B4 SR R N 8 1 2%,
BRI RNN AR gl B /MigE R R, FHE B S 0LHR & 2 e Ron v m e, iT N#ES.

(4) TGN —Fh BT RNN R 1 5% AL B8 4 5 325 6 R R A S H A7 il R B 7 A3 B I AR S,
[F] B g i R AN AR AR BT A R P R

(5) TCL!®: — 3T Transformer f{) 7575, St i MM Ag 1 B FEAR Sa 48 28 A T 05 28 P 31, 1 i ik
B B 5 B T4 JE P [ A i 2 =) 749 R SR0OR, I d I 22 AR R D45 A S A A T s ) A AR G R

(6) GraphMixer[zs]: — i ] B 2 T SRR A AR, AR [ ) TR R gm D BB 2R, R g\ FE T MLP-Mixer [
FEREmID AR, I A4 vh 2 21, 8 A T 3B it Ak B s g fD 38 SR SR 41T R RHALE.

(7) CTANDP®: —Fh B T R FEBUH 102> 72 (ordinary differential equation, ODE) ¥ 2244, 18 1 iz S FR AL BB 46 %,
F 58 B REF I 8] 22 i ik <08 5 v SR AT IS [R] IR AN, CRAUEAS B EARFRI AL 3% th A 3.

(8) NATP: — Sl 356 -1 775 Bl S 10y 400 33 o 2, ek 1 52 /I (Y W A R A p AR IR Bk A 1, IR B i
R [B1JiF ZE SRS 15 RO D0 R, PRAE BN P45 s BT B 1 = A A R T AR A

(9) PINT: — i1 3 T isf [ Bl L33 A A0 N SRS, ST 55022 B i) 1 Bt WL 7 B A A el 4 s R 57 B
I BARWE AT BT R A BAR G R IBEAT BAGRAE, T RE AL IR 02 B A 15 S 4HRL B I 25 B A8
43 BSHRE

2 FIH T AR BRI OB S IR R E, KR SHER A SCRBUFE AR B B % EH] CTAN
BRI N A 75 R 035 e T AR R, Do A P A, FRATIHE SR 08 Jm B B SCR A UE 5. [RIB, s R Ak
CTAN TE A T 8] A8 1 7 T 1) ek e, FRAV K H BT E 0 B R K AH 5. 298 DyRep. TGAT 4%
BE RS SRS CAWN Bk <L E K Em L EAEE R, HRESH S5 AR H)T
KB S5 B A M R R AT & S, BPHE 21 A D7 S A HL R — Bk 2 Bk AT B 17 31 K

x2 WRFENESHIERIEE

S FeNse| & WIREN
PR e [8, 16, 32, 64, 128, 256, 512, 1024] DyRep. TGAT. TGN. TCL. GraphMixer. NAT
B AT I E K B [8, 16, 32, 64, 128, 256] CAWN. PINT

25 e pr /vy [32&1, 64&2, 128&4, 25648, 512&16, 1024&32,
LEFFIRE&ITRE 2048864, 4096&128]

DG-BS’M

4.4 TN IEFRFITUNES

FATRH FYIFEE (average precision, AP) 521 # T/EHRFE # 28 T 1 A2 (area under the receiver operating
characteristic curve, AUC) 1E Nzl A8EE T RN T8 AR, AT FE P FAS B 2R (1 ) R TATE 55 (1) ELHER
ToU, He E B R TR0 LE Y1 2R 72 v 82 3 11T s TR AR R B 42 (2) I =T, Fe B B 2 T 2E I 2R id 72 i
MEER )T L R AR RS, O 1 AT T VR AL, FRATTR AHBENL. P S A 9NIX 3 4 R SREmE R 7™ AE FUbe:
AR, 5 IEREAR—RC R T VPl S0 R R 422 TO0I 14 e AL SR SR M 2 48 TR B 1] b BTG A AE I B4 P b
WLE B4R 2 20 B R REAS; 7 58 HORAT SRS 2 45 1 B0 U S 03 v v 28 B, 570 SO0 ) 8] 55 b E0N A7 75 (1 B
FEAE R SRE A, VA9 3 A7 RS S s U R 3 3 P VI Bl v R 88 R I, (LR i v e R, 2 Tl Bt 1) A
FEAE R BEHEAE 9 SRS, A LU BEATL AR, 7 S0 BT 44 67 SRS S s o TR AR B B .

FrA RIS YIER 5 IR, $5SR FER A 45 1 S, #73% 22 20 R 38 A SO sipe s 28 1k, &2 U145 100 5, S BAEIUE
R IR B E A R BB S HOHAT I 0 T A Y, AVE A Adam FRALER, JFHF 2% 5] S F0REAL 3R /N4y 5ol
4 0.0001 1 200. fiTf5 L4347 NVIDIA GeForce RTX 4070 12 GB GPU 58/,



% F: A TFmafmREEBEE G EB L5 11

4.5 LIRS

TATH DG-BS’M 1532k 77 12:7F ELHE R A9 M Bl e FOMAT 55 _LEAT T LA, 63— 5 r R 1 3 b
GORFE NS T, 10 A7 iEAE ELAE A BERR T AT 55 0 B R BUXT LE, PR FEAR 9 AP. 3% 638 8 W73 Jo T 1E 3 Fli iy
KAFETENG T, 10 Fh 7 125 40 3CBE 3 TR AE 55 b O R IS LE, PR 4R 45 AUC. Rt/ Rox W75, AR
(average rank) 7 &I IEAEAN FEE G LT TN PR REHEAS, HEA AR AT, VERER I . RERIANHEY 8
TR SR BRI, YR IE T R 2ok Bk,

R3 BEHLGFCRAE SRS T BB R TN AP PEREXT EL

. AP (%)

ik Wikipedia Reddit MOOC LastFM Enron Social Evo UCI Can Parl AR
DyRep 94.28+0.16  98.16+£0.06  79.17+1.52 71.42+1.27 76.22+4.95 88.87+0.30 67.49+0.80 64.53+0.46 9.00
TGAT 96.96+0.15 98.18+0.09 85.58+0.54 73.42+0.21 70.08+1.17 93.16+0.17 79.53+£0.02 64.39+0.79 7.75
TGN 96.69+0.01 98.64+0.04 90.73+0.15 77.07£3.97 85.80+1.97 93.57+0.17 93.18+0.85 67.06+1.05 5.38
CAWN 99.03+0.01 99.15+0.01 86.16+0.47 91.12+0.17 91.62+0.09 84.96+0.09 96.21+0.02 70.08+4.60 3.13
TCL 97.73+£0.02  97.89+0.01 83.00+0.27 67.27+2.16 85.70+1.04 93.13+0.16 84.06+0.65 69.09+4.35 6.88
GraphMixer 96.92+0.06 97.02+0.01 82.67+0.16 75.61+0.24 81.60£0.33 93.37+0.07 93.20+0.23 67.77+2.21 7.13
CTAN 96.61+0.79  97.21+£0.84 84.71+2.85 86.44+0.80 92.52+1.20 / 76.64+4.11 67.85£2.36 6.75
NAT 98.03+0.07 99.10+0.05 85.88+0.55 88.02£1.94 90.60+0.66 88.92+3.45 93.40+0.26 79.72+1.76 4.25
PINT 98.45+0.04 99.05+0.02 87.12+0.36 89.66+1.81 92.20+0.15 94.42+0.03 95.37+0.48 68.36+1.43 3.25

DG-BS'M  98.96+0.13 99.11+0.10 87.233035 93.22+0.08 92.53+0.10 94.69+0.03 95.76+0.02 98.97+1.07 1.50

R4 P RGFORFESRNS T BB TN AP VEREXT HE

AP (%)

Wikipedia Reddit MOOC LastFM Enron Social Evo UCI Can Parl
DyRep 79.49+£0.33  79.44+0.25 79.89+0.93 74.34+0.54 67.84£6.20 93.29+0.43 55.72+0.60 59.69+2.32 8.25
TGAT 87.33+0.30  79.74+0.22  83.00+0.56  71.59+0.24 64.38+0.59 95.01+0.44 67.03+0.61 59.26+6.22 7.25

TGN 90.99+0.07 80.46+0.31 87.16+0.21 76.87+4.64 74.24+0.52 94.45+0.56 79.74+0.59 56.46+4.74 5.38
CAWN 84.42+0.91 80.58+0.07 80.04+2.34 82.83+0.37 78.45+0.16 85.53£0.38 77.48+0.99 73.37+3.48 5.00
TCL 86.41+4.32 81.57+0.19 77.41+0.70  59.30+2.31 74.18+0.85 94.74+0.31 69.25+£0.12 67.09+8.14 6.50

GraphMixer 90.68+0.66 77.47+0.13  76.24+2.07 72.47+0.49 79.74+0.86 94.93+0.31 83.85+0.41 70.79+7.89 5.25

CTAN 95.91+0.10 89.77+2.28 67.73+2.08 82.29+0.94 77.24+1.53 / 76.62+0.33  66.46+3.56 5.13
NAT 68.36+4.47 80.58+0.91 85.42+3.26  78.75+1.63 72.90+1.38 91.29+4.89 75.38+1.28 77.72+1.78 6.00
PINT 91.33+0.76 83.93+1.11 84.80+1.57 84.95+0.43 85.41+0.84 96.73+0.29 81.47+0.20 63.84+5.36 2.75

DG-BS’M  84.24+1.08 81.2342.01 85.88+1.61 81.96+0.19 76.12+1.69 97.12+0.14 8223+1.15 98.69+1.07 3.38

Jrik:

AR

K5 AGORFESRNS N EAEABERE TN AP VEREXT LL

AP (%)

Wikipedia Reddit MOOC LastFM Enron Social Evo UcCI Can Parl
DyRep 70.69+1.72  86.29+0.37 64.16+0.27 64.41£2.70 68.57+1.86 93.28+0.48 56.02+2.16 55.59+1.05 8.63
TGAT 86.77+0.12  87.80+0.20 76.76+0.14 71.13+0.17 64.66+0.11 94.84+0.44 67.87+0.23 56.03+4.77 5.75
TGN 87.33+0.01  87.61+0.45 78.29+1.06 65.95£5.98 71.26+2.89 95.13+0.56 70.40+1.67 53.90+4.51 5.38
CAWN 85.33+1.29 91.15+0.03 81.36+1.54 69.96+0.40 75.75+0.30 88.32+0.27 70.92+1.99 75.75+0.30 3.88

TCL 73.58+10.61 77.97£0.09 75.59+0.63 58.21+0.89 72.80+0.37 94.90+0.36 69.10+0.06 66.16+6.93 6.88

GraphMixer 87.88+0.17 84.58+0.06 73.38+1.25 68.12+£0.33 76.08+0.91 94.72+0.33 79.18+0.25 64.63+5.61 4.88

J7i%: AR

CTAN 94.15+0.08 90.99+2.19 64.93+£3.31 80.06+0.85 72.02+2.64 / 66.25£0.51 69.45+2.56 5.25
NAT 53.85+6.25 81.71£1.03 77.28+1.94 64.02£1.48 70.34+1.73 92.12+4.53 57.55+0.81 73.08+1.27 7.50
PINT 82.39+£2.70  87.59+0.59 75.70+1.43 70.79+0.47 74.69+1.37 97.15£0.25 73.61+£0.23 59.15+£6.20 4.88

DG-BS'M  8433+2.75 91.38+0.21 81.17+1.82 71.87+1.04 76.14+4.58 97.54+0.07 73.62+1.13 97.51£0.97 2.00




12 LSRR R A S

R 6 BEHLTCRFESFNS N AN BERL TN AUC PEREXT LE

ik AUC (%) AR
Wikipedia Reddit MOOC LastFM Enron Social Evo UCI Can Parl

DyRep 90.84+0.47 95.94+0.08 82.97+0.42 82.24+1.51 70.54+5.88 91.18+0.30 61.26+1.40 48.95+2.71 8.25
TGAT 95.97+0.22  96.65+0.19 86.57+0.28 76.99+0.29 63.49+2.59 93.41+0.17 77.42+0.07 58.67+1.19 6.38
TGN 95.77+0.03  97.41+0.13  91.37+0.92 82.61£3.15 78.39+1.31 93.43+0.17 88.31%1.28 53.42+0.71 5.38
CAWN 98.55+0.01 98.59+0.01 85.48+0.12 92.13+0.33  88.00+0.05 84.73+0.09 92.59+0.01 56.16+1.80 3.50
TCL 96.96+0.02  96.03+0.04 81.86+0.18 70.84+0.85 81.78+0.93 93.71+0.16 79.76+0.22 57.47+0.29 6.00
GraphMixer 96.03+0.02 94.52+0.01 81.27+0.37 80.37+0.18 76.00£0.41 94.09+0.07 89.60+0.22 53.67+3.92 6.38
CTAN 92.59+0.70  82.35+4.03 66.38+1.59 61.49+£2.78 75.23+2.24 / 48.58+6.02 55.27+2.45 9.13
NAT 95.82+0.18  98.00+0.04 84.72+1.31 91.60+1.31 87.95+0.58 88.15+6.36 83.78+0.37 62.70+2.91 5.13
PINT 97.76£0.05 98.38+0.07 90.27+0.96 92.15+0.68 87.97+0.61 94.78+0.37 92.46+0.17 49.64+0.69 3.38

DG-BS'M  98.50£0.08 98.66+0.02 87.07:0.54 94.29+0.04 90.64-0.42 9532+0.03 92.55+0.11 92.62:2.70 1.50

RT P RGCRFESFME N AN ABERL TN AUC PEBEXT LE

Jrik AUC (%) AR
Wikipedia Reddit MOOC LastFM Enron Social Evo UCI Can Parl

DyRep 56.39+£1.35 61.06+£0.76 63.90£0.59 68.79+1.08 57.54+2.73 87.93+0.05 54.31+2.02 47.93+£3.75 8.25
TGAT 78.33+0.37 64.48+0.46 74.97+0.32 69.89+0.28 56.84x1.60 91.87+0.72 61.37+0.12 59.45+0.83 5.25
TGN 82.79+£0.21 64.97+0.67 77.17£1.42 66.99+5.62 62.15+1.58 92.10+1.22 64.89+0.72 50.86+1.52 4.63
CAWN 72.36+0.77 63.73+£0.17 73.99+3.34 68.24+0.18 69.85+0.10 83.54+0.24 62.52+1.29 59.19+0.45 5.63
TCL 71.67£5.40  62.41£0.04 70.05+0.72 55.88+1.85 68.97+0.46 93.28+0.60 61.49+0.17 58.06+2.39 6.50
GraphMixer 82.70+£0.36 64.17+0.16 71.66+£1.24 70.07+0.20 70.31£0.78 93.62+0.35 75.69+0.04 53.39+4.54 3.50
CTAN 91.12+0.13  81.70+4.71 58.06+0.89 57.85+3.66 68.70+1.83 / 51.68+2.61 60.36£3.57 6.00
NAT 40.95+4.99 58.32+0.63 67.99+1.68 64.18+0.65 61.69+0.68 84.89+4.72 42.59+0.96 61.72+£2.76 8.00
PINT 73.29+2.33  64.02+£0.46 75.92+2.48 75.02+£0.66 68.90+1.29 96.29+0.56 65.34+0.29 48.93+2.35 4.13

DG-BS'M 7197124 64.52+1.06 79.67+1.59 69.58+0.56 64.77+1.97 96.89+0.09 66.42+1.08 92.02:1.85 3.13

R 8 HINGCRFEHNG T AN BT AUC TEREXS EE

Jrik AUC (%) AR
Wikipedia Reddit MOOC LastFM Enron Social Evo UCI Can Parl

DyRep 56.40+1.34  61.07+0.77 63.91+0.59 68.78+1.08 61.54+0.72 87.94+0.05 54.32+2.03 45.46+4.13 8.25
TGAT 78.29£0.20 64.74+0.19 75.08+0.41 69.90+0.28 58.97+0.47 91.88+0.72 61.35£0.09 56.72+1.46 5.63
TGN 82.80+0.22 64.96+0.67 77.16£1.43 67.00£5.61 62.16+1.58 92.11+1.22 64.93+0.73  50.54+1.57 4.88
CAWN 72.37+0.78  63.75+0.15 77.28+1.31 68.25+0.18 70.17+£0.20 83.55+0.23 62.56+1.29 70.17+0.20 4.88
TCL 71.68+5.39  62.42+0.04 70.06+0.72 55.89+1.83 68.98£0.45 93.29+0.60 61.53+0.18 58.17+2.49 6.38
GraphMixer 82.71+0.36 64.19+0.16 72.78+1.37 70.06+£0.20 70.32+0.78 93.63+0.35 75.73+0.04 53.32+4.72 3.50
CTAN 91.13+0.11 81.71+4.73 58.07+0.89 57.86+3.67 68.71+1.83 / 51.67+2.61 60.35+3.55 6.13
NAT 40.96+4.96 58.31£0.61 68.00£1.69 64.19+0.66 61.70+0.68 84.88+4.72 42.63+0.97 61.83+2.92 8.13
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