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Sequential recommendation for cold-start users with meta graph

transitional learning

LI Lu, ZHANG Zhijun, FAN Yumin, WANG Xing, YUAN Weihua "
(School of Computer Science and Technology, Shandong Jianzhu University, Jinan 250101, Shandong, China)

Abstract . To solve the cold-start problem for users of the recommendation systems, a sequential recommendation for cold-start users
with meta graph transitional learning ( MetaGTL) was proposed. MetaGTL used a graph neural network ( GNN) to model higher or-
der relationship between sequences of items to generate user embeedings and item embeddings without the use of auxiliary informa-
tion. The sequence encoder constructed interacted sequences as sets of item pairs and captured transferred relationship among items.
The user interest representation module used the attention mechanism to generate accurate user profile. The gradient-based meta-
learning method was used to train the model to obtain an initialization model. The performance and result of the proposed approach
were analyzed in detail through comparing with the baseline models. The experimental results showed that compared with other mod-
el methods, the proposed MetaGTL-based on meta-learning and graph transfer learning had higher prediction accuracy in user cold-
start tasks without auxiliary information.
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SASRec 0.052 0.035 0.076 0.175 0.205 0.341 0.062 0.071 0.131
GRU4Rec 0.069 0.046 0.136 0.201 0.238 0.406 0.252 0.221 0.341
NARM 0.071 0.075 0.156 0.232 0.268 0.426 0.281 0.241 0.376
SR-GNN 0.093 0.064 0.189 0.248 0.279 0.459 0.291 0.264 0.401
MeLU 0.251 0.202 0.285 0.288 0.318 0.485 0.329 0.302 0.426
MetaCF 0.303 0.214 0.347 0.368 0.335 0.511 0.358 0.324 0.455
MetaTL 0.341 0.278 0.363 0.389 0.377 0.564 0.371 0.365 0.471
MetaGTL 0.391 0.305 0.381 0.401 0.435 0.602 0.394 0.389 0.493

M 2 AR PR B SE b A [R] FR L s Al
I PEREAF 7R A W] 2 1Y 22 % . 7E Amazon-Electronics
B4 b, R H 2% > AR A (W Caser,
GRU4Rec Fil SASRec 55 ) e R BLAR LL 3 22, iX 1t
HIFE B M AR DL T, ¥ i B0 [0 23 7™ L 5 M A
RUPE B, o, Caser 7 Fr A7 52 B rf M B8 % 25,
SASRec Fll NARM 5 #) SR TV B L A 3k
FH P s (BAEV R 3h 37 5 A Je i iR 34 N
IPERE
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tronics ZUHEFENE G F2 TV, Ui B I3 31 0] 750X 45 280 1Y)
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Table 3 MRR@ 10 under different amount of training
data in Tmall dataset

IS ey

1% GRU4Rec NARM MetaTL MetaGTL
10 0.076 0.081 0.092 0.102
30 0.112 0.123 0.165 0.185
50 0.144 0.162 0.207 0.309
70 0.173 0.198 0.302 0.339
90 0.195 0.235 0.357 0.381

100 0.211 0.241 0.365 0.389
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RNk 4 PR, R 4 o] DUE W 340 Bl AR
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Table 4 Comparison of the effect of graph embedding module layer

pom Amazon-Electronics MovieLens-1M Tmall
NDCG@ 10 HR@ 10 NDCG@ 10 HR@ 10 NDCG@ 10 HR@ 10
MetaGTL-1 0.299 0.378 0.429 0.593 0.379 0.488
MetaGTL-2 0.305 0.381 0.435 0.602 0.389 0.493
MetaGTL-3 0.301 0.378 0.431 0.598 0.387 0.491
MetaGTL-4 0.281 0.352 0.402 0.569 0.354 0.469
454 HRLAE TGS UEEASE 51 ] ) R Sk B VR T, A B9 A
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Table 5 Ablation studies on Electronics dataset

LT &l i AR 3 i e TC A Y AR MRR@ 10
MetaGTL-G 2473 fii i 0.354
MetaGTL-S M B i 0.336
MetaGTL-M A i A 0.308
MetaGTL i i fii 0.391
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