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A geography and time aware representation learning framework

ZHOU Jun'"?, ZHANG Zhigiang’, CAO Yuetian’, ZHENG Xiaoling'

(1. College of Computer Science and Technology, Zhejiang University, Hangzhou 310007, China; 2. Ant Group, Hangzhou 310013,
China)

Abstract: The existing geography and time aware representation learning framework fails to give a unified solution to
three problems of “When”, “Where” and “What” in real-world scenarios with strong geography and time aware se-
mantics, and the existing research schemes for time and spatial modeling also have certain defects and thus cannot
achieve optimal performance in complex actual scenarios. To fill in these gaps, this paper proposes a unified user repres-
entation framework —GTRL (geography and time aware representation learning), which is capable of jointly
modeling users’ historical behaviors in both time and spatial dimensions. In terms of time modeling, GTRL adopts a
functional time encoding and a continuous time and context aware graph attention network to flexibly exploit high-or-
der and structured temporal information from dynamic user behaviour graphs. In terms of spatial modeling, GTRL
uses a hierarchical geography encoding and a deep historical trajectory modelling module to effectively depict users’
preference for geographical location. Moreover, a unified optimization strategy is carefully designed to carry out model
learning on three tasks of interaction prediction task, interaction time stamp prediction task and interaction geography
prediction. At last, extensive experiments on public and industrial data sets are carried out, demonstrating the advant-

ages of GTUL over the academic baseline model and its effectiveness in actual business scenarios, respectively.
Keywords: semantic-space-time mode; time modelling; spatial modelling; attention mechanism; graph learning; graph

neural network; user behavior modeling; user behavior representation
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Table 1 Statistics of four public datasets Time-LSTM™" Pl Jodie[”]; 2) S 1 [ Pl 25 ) 2% T
B A R UL FEIE AL % GraphSAGE"” F1 GAT!"™; 3) I/ &I bl 25 ) 4%
Reddit 11 000 672 477 172 77 ¥ CTDNE"Y, M°DNE!"" | GCRN"®'| Graph-
Wikipedia 9227 157 474 172 SAGE-T fil GAT-T fl TGAT",

MOOC 7145 411749 4 ASCHE CGAT 5 13k iy 9 A Hkifie i AE (O
LastFM 5000 1293 103 0 E’Fiﬁ/ﬂﬂél’ﬁiﬁ)%ﬁ%?ﬁ‘iﬂ!ﬂfﬂ%,@ﬁ%’éﬁ%iE‘J’fiﬁﬁ
PGS g g5 Rl e R FE R 2 ik 3 h . AR

FESEE Y, BRI T 9 MBI SR I, KRB 203 Wl DU AR M s A I

F2 RAFHEFEEL ESKARN) EREINESHERELLE

Table 2 Performance comparison (AUC) for (transductive / inductive) link prediction task on public datasets

) Reddit Wikipedia MOOC LastFM
ik Accuracy AP Accuracy AP Accuracy AP Accuracy AP
Time-LSTM 07025 07157 05625 05648 05601 05673 05103  0.5216
Jodie 09088 09742 08354 09293 07822 07746 06211 06505
GraphSAGE 09323 09830  0.8889 09599 07004 07459 06441  0.6922
GAT 09317 09833 08807 09539 06732 07217  0.6548  0.6800
CTDNE 07810 08594 05521 05689 05802 05919 03920 04399
ey M’DNE 08622 09429 08167 09091  0.6858 06945 05926  0.620 1
GCRN 09338 09829 08855 09552 07106 07462  0.6541 07213
GraphSAGE-T 09303 09823 08969 09648 07566 07868 06791 07765
GAT-T 09323 09834 08984 09647 07553 07901 06785 07576
TGAT 09342 09837 08743 09502  0.689 07157 06765  0.6732
GTRL-T 09355 09845 09061 09714 07908 08614 07171 08129
GraphSAGE 09001 09650 08627 09442 06973 07365 — —
GAT 09018 09669 08543 09372  0.6610  0.6997 — —
GCRN 09002 09636 08533 09328  0.6942 07438 — —
Ji44st  GraphSAGE-T 08991 09650 08761 09566 07641  0.7976 — —
GAT-T 09031 09681 08803 09562 07677  0.8043 — —
TGAT 09056 09679 08536 09353  0.6789  0.7036 — —
GTRL-T 09069 09682  0.8836 09605 07962  0.8442 — —
%3 ATFHIBEE L SR S MM BE L B (AUC) 1) GTRL 45 i C’GAT #5751 7] i 6 4 7t

Table3 Performance comparison (AUC) for node classi-
fication task on public datasets

Tk Reddit Wikipedia MOOC
Time-LSTM 0.6305 0.7773 0.6935
Jodie 0.6106 0.7629 0.6655
GraphSAGE 0.6502 0.7974 0.6742
GAT 0.6617 0.8480 0.6459
GCRN 0.6743 0.8575 0.6695
GraphSAGE-T 0.6594 0.8515 0.6779
GAT-T 0.6743 0.8508 0.6694
TGAT 0.6411 0.8606 0.6786
GTRL-T 0.6846 0.8753 0.6881
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Table 4 Statistics of four industrial datasets

=t AP it H
FHFEL 1388 754 1323131 8396 541
(AR 1937950 17 859 17
UIES 4351 640 3839993 31673 510
oA 200 000 200 000 200 000
W% 33858181 3186217 1682 579

% 8 BRI AU HE G, AR SCBE X 1 3 18 B
T — RV B FE e J7 0k, 0k TR AR Y

DeepFM"" # | 3F ¥ 51| ) GRU4Rec"™ , DIN'"|

SASRec™, D) e $ T 248 4k () DIEN®" FI Time-
LSTM!” B, PEARAYPERE FAsdn 2 5 Frk . 7]
LRI 76 3 D EEPR st B 48 b, A Sy
I7 R FE e 0 A L 1 T 3 AT AT R 0.12% ~ 1.71%
M ER T, Bk 7% 07 A 5L bR 3 S rh A AR B A
SCR AU

x5 TABBEENMERILE

Table 5 Performance comparison on industrial
datasets %

Hhsz il £ H

Trik

GAUC RI GAUC RI GAUC RI

DeepFM 75.34 331 71.98 4.86 88.37 0.26
GRU4Rec  76.82 1.31 73.73 237 88.39 0.15
DIN 76.82 1.31 73.71  2.40 88.46 0.16
DIEN 77.01 1.08 7421 1.71 88.49 0.12
SASRec 76.88 1.25 73.62 2.52 88.43 0.19
Time-LSTM 7698 1.12 73.99 2.01 88.42 0.20

GTRL-T 77.84 — 7548 — 88.60 —
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Fig. 4 Case study for time interval prediction
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Fig. 5 Illustration of user embeddings learned by GTRL-G
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