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Adaptive adjacency relationships: Application of decorrelated graph

methods in next POI recommendation

WANG Shijie, LI Yanhong", XU Haoxiang, ZHANG Fa
(College of Computer Science, South-Central Minzu University, Wuhan 430074, China)

Abstract The task of next Point-of-Interest (POI) recommendation plays a significant role in social networking services.
Its goal is to predict the next POI that a user is most likely to visit, based on their historical check-in records. Existing
methods generally construct relational graphs for POls using predefined graphs, while only a few studies have explored
adaptive graph approaches. Adaptive graph representation learning can capture more meaningful graph structures, enabling
the subsequent propagation process in Graph Neural Networks (GNNs) to learn more significant adjacency relationships ,
and thus obtain more valuable POI embedding. This enables downstream sequence modeling tasks to capture potential
relationships between POls better. However, research on adaptive graphs remains in its early stages. In this paper, we
propose a Decorrelated Graph Representation-enhanced Attention Network (DGRAN) for the next POI recommendation
task. Additionally, this paper explores the relationship between the self-attention mechanism and adaptive graph learning,
introducing extra residual connections to self-attention methods in this field to increase the gradient and ensure the hight
quality updates of the adaptive graph structure. Results on two real-world datasets demonstrate that the method of this paper
outperforms state-of-the-art baselines.
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Gowalla(https : //snap.stanford.edu/data/loc-Gowalla.html )
B A B SR R AR LB T SE S . e Foursquare
BOEAE 45 TN 2012 4F 4 H 3] 2013 4 9 H AEHi i
Pty % 28l , Gowalla B8 24045 1 A 2009 4 3 ]
2 2010 4F 10 H 75 3% [F A iR 4 JE 7 AT A2 250
028 BRI U T TARRYBEE , S50 Ao Bl )
PR/ T 5 89 POT LA K& 20 EH /N T 5 B9 P ARAE
ANAT B POTFUANYE BRI FH =, 7R 280408 T4k 2 i
HA B A HUS B P Bl AR R g5 B ANk 1 AT
N AEBE R S, AR SCR T T B — R

#1 BAEZHER

Tab. 1 Statistic of datasets

AR ilak e POLKIHE  PIYERIF IS
Foursquare 4638 9731 64.44
Gowalla 7293 18079 44.34

412 K&EH*

K DGRAN 51%4: 75712 (FPMC) & T RNN
14 77 1% (Flashback ) , 2 T {3 & J7 % J5 ¥ (TiSASRec
Fl GeoSAN) & T GNN [ J7 1 (Graph-Flashback Fl
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FPMC"" {5 FH % B 4 i RN 2y % Rl i ofe g At
POLZ A58 K2

Flashback™ « {ii Fi B[] 12 [ (] B R 448 5 1 F
SCIEHIRE T LT RNN 557

TiSASRec™ : 3 T+ [ 74 & S ML (4 5 | 3 1ot
il 2 321 77 51 v PO [ 1 e 18] (8] R 5 8, (A5 78 3
FIHL RE T Ay BRI [R] G AR

GeoSAN'': JEF [ 1 2 Sy AL AR | 5 2o ()
% B 555 A S s 1t L7 8 O R, 6 T 4] A BB B 245 A1 2
XA

Graph-Flashback™* : 4% 2] POl & /R et 1 —
A B HER B O 7 AR A SRR T B i

AGRAN"": i I F1 3 1 &1 2 2] POL 3R, I
H R ALY R T R A s RE R
4.13 IR

AR T R S A P ASPRETEAG 7k
T 2 AT £ A9 A 18R Recall (Recall@k ) LA K 4 r 5)
I & B9 IH— 440 2313 48 NDCG(NDCG@F) :
L L

L

Horr L7 SR EAERBIFNFR LY JE P w, (4 top-k HEFESI 2 .
%, rank, < k&
NDCG@k = 1 log, (rank, + 1) . (27)
0, rank, > k
Hort rank, 271 HAw PO L FEHE# 91 36 A & k1Y)
BRI 12,5, 101,
414 Smy
BT A 52 56 #E — > NVIDIA RTX 4060t 16 GB
GPU EHAT . T2 WL, AR SORE BT A L RL 1Y) POL
HRAYERE U #5164, oA S8 1l A A e BLAR 4P 1)
280 . % F DGRAN, Foursquare 1) L2 1F W 5 R 4 7
N 0.0005, Gowalla Y L2 1F W I 3R 4 7 3% &0
0.0001 ; Foursquare F IR AY JZH05 E R 5, Gowalla
() & 3 FR Y J2 K% B M 45 Foursquare B y B 4
0.01, Gowalla [ y 15 & "4 0.005 ; Foursquare i A | 15 -
9 140, Gowalla ) A, B K 220, A, B E 4 0.001, 5%
2B R 0.001, BRFULE 7y 0.4, HiEE Sk

Recall@k = |Ul| > : (26)
w, e U
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(1) DGRAN i 8 1 Jr A7 28 B Y BE 4 . 7R SO
DGRAN By PERESE A IH P T W J7 1T - 1) ZAH G A
T TR f% 27 2 TG B 1 (81 4548, 251 R POT 27 2]
R RN, 2 510 PO FRR & D YE B fE L%
) o B HL R IRBE ), NS JR 220y AR )
I 264 FiE B U404 £ POLZ IH] A TS AE C R DL P i)
DL AL R B 2) AT I B 2= DL RE RS 245 T KT Tk
TR BBE B, 7 A Bh POL & R 2% 2 By IRl s, 7= AR TR
[T I 23544 5

()58 )51k FPMC T HR B BE I B (1) B
g, T ) A TR B A O FR A, AT TG 1k o i
B P T AE I &, B R ORAME

(3) 3T RNN 28 1 J7 32 Flashback i3 9K 7 7 A
o AR A A AR T A A RO X i e 2 Y A
SN (ER BT RNN 807 6 38 5 7 A 07 41 6

FIFHA —E s B JCE G A R L —
HEHEEA AR R, FEOL T iR Y
TR 200 22 07 1 BT s 20006 24 i %) E S, S O A
LRI 5

(4) TR RS BBALE B T H SR
TSI, A5 H I R 8 A FAL G 7 sk kT
RNN fYFEHY | 59K GeoSAN 1 TiSASRec H A H] fit)
77 A AT, 1H GeoSAN i M\ POT (A B A 18 H 3k
28, IR 2 7 50 G O RER . AN el 3k 2 vk Z2 s
THIABA B BT, X 8UEE A EE L]
L TC G B0 AR U P 24088 )08 E b A B O R

(5)feff JFH 1] it 2 o) 8% 11 A5 750 30 o A5 POIL G 3R
K, Sk POLA 2] B & & KR BE S M 1 i 2, BBR T
POLZZ [] A A 75 75 2, , 3 (145 T A1) A i ae L At A8
Hor AGRAN BE 2R i F T 1 a1 [ 5 vk, fefi B
FE A POT B 5 i — 22, PR i B 280 /) POT 38R
B, AT EZMR T AENES AEET
) 285 R A6 B DG 3R, R BB ) A% RE AN By 161 ) 245
HE R 2 AR B, S T 25 R 0 TR, AT S B
R PEREAN K
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Tab. 2 Performance comparison of different recommendation algorithms on the Foursquare dataset

e Recall@2 Recall@5 Recall@10 NDCG@2 NDCG@5 NDCG@10
FPMC 0.1233 0.1509 0.1826 0.1178 0.1301 0.1402
Flashback 0.1302 0.1802 0.2535 0.1102 0.1305 0.1501
TiSASRec 0.1257 0.1937 0.2631 0.1064 0.1458 0.1682
GeoSAN 0.1361 0.2025 0.2687 0.1188 0.1485 0.1698
Graph-Flashback 0.1455 0.2239 0.2884 0.1283 0.1709 0.1863
AGRAN 0.1630 0.2473 0.3235 0.1428 0.1815 0.2048
DGRAN 0.1751 0.2639 0.3335 0.1498 0.1896 0.2121
Improvement 7.42% 6.71% 3.09% 4.90% 4.30% 3.56%
3 RFAMEEALTE Gowalla KU 4E FAGPERE LA
Tab.3 Performance comparison of different recommendation algorithms on Gowalla dataset
e Recall@2 Recall@5 Recall@10 NDCG@2 NDCG@5 NDCG@10
FPMC 0.1230 0.1481 0.1696 0.1213 0.1295 0.1363
Flashback 0.1251 0.1821 0.2286 0.1121 0.1378 0.1528
TiSASRec 0.1352 0.1936 0.2588 0.1260 0.1459 0.1640
GeoSAN 0.1391 0.2095 0.2642 0.1199 0.1514 0.1691
Graph-Flashback 0.1503 0.2209 0.2915 0.1307 0.1725 0.1880
AGRAN 0.1634 0.2487 0.3114 0.1439 0.1820 0.2023
DGRAN 0.1846 0.2679 0.3392 0.1638 0.2013 0.2244
Improvement 12.97% 7.72% 8.93% 13.83% 10.60% 10.92%
43 HREEER A7 7 P P ) A R D 1%
T K5 DGRAN 3T A 52, A8 SCHk ® /o exira res: X NAEFIEL BR 1A Y 5K 22
A7 TR SEE, B bR 1 AN R AY 3R N T B

@ w/o decor: X AR F LR T 2L A SCHLH , BR

@ w/o decor & extra res: X PNAEFEL R T /)
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Fig. 2 Ablation results on two datasets
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Fig. 3 Experimental results of different graph layers on two datasets
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