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Abstract  Since the Recurrent Neural Network (RNN) generally models transition patterns,ignores the inner connection of items
and can’t model the long-term evolving patterns of sequential data in session-based recommendations. A Recurrent Temporal
Convolutional Network (RTCN) was proposed. Firstly.each item in the sequence is embedded as a vector.the multi-layer casual
convolutions and dilated convolutions are applied so that the receptive field is improved and the long-term connections are estab-
lished. A residual network is stacked to extract features from different layers. Therefore,the gradient vanishing or even disappea-

ring in back propagation can be solved. With above operations,a well-designed Temporal Convolutional Network (TCN) is estab-
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lished. It extracts local features from sequence items, maps item information into latent space and generates fine-grained feature
vectors as results. To further explore the connections between items in macroscopic way,the feature vectors are feed into Gated
Recurrent Unit (GRU). After multiple iterations and updates to hidden states,the model can make a prediction of the next item.
RTCN can extract long-time, multi-dimension, fine-grained local features from inputs by adapting temporal convolutional net-
work. It also models the long-distance connections between items, captures the transition patterns and infers the next items by
using GRU networks. The experimental results demonstrate that the RTCN model outperforms 6% ~ 13% than RNN-based
model and 9% ~59% than other traditional recommendation methods under the metrics of Recall and Mean Reciprocal Rank
(MRR). By comparing different definitions of losss RTCN performs best under the cross entropy loss function. Meanwhile, due to

the TCN multi-channel structure, the proposed model has a high potential capacity to embedding context features of items and

users when the dataset information is rich.
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Table 2 Hyper-parameters setting of RTCN model

5% A S
n A KB 20
k e K E 10
d T EKE 100
kernel_size %R KN 3
m HEREA # 100
lr EES 4
l T REREH 2
nhid & R AN 180

SEERTE Tesla K80 GPU (12 GB GDDR4 i 7£) , E5-2698v3
@2. 3GHz CPU #3811z 17, AL AR 100 YA FR#E 3 A B 48
(RSC15, BK, LastFM) iy 3+ 5 B [7] 43 51 25 2 149. 51 h,
1.76 h A1 78. 11h, RTCN il i3 B HLA B T B 2% 1E 47 2 5008 3
AL VNGRS SR b R J5 bl a4 17 5 504 a0 A7 350
4.3.2 FHmER

JP AR I S a5 SR N2k 3 MR 4 BrAl,

#* 3 REBALE 3 B4 LA B (Recal@10) 25

Table 3 Recall@10 results of different model on three datasets

Recall@10
wa

RSC15 BK LastFM
POP 0.0042 0.0625 0.0375
S-POP 0.2344 0.2633 0.1123
Item-KNN 0.4165 0.4851 0.4292
GRU4Rec 0.4599 0.5665 0.4689
RTCN 0.5956 0.6531 0.5688

F 4 ORFEBRAE 3 ANEHRE L1 E IR (MRR@10) 455

Table 4 MRR@10 results of different model on three datasets

) MRR@10

HA -

RSC15 BK LastFM

POP 0.0006 0.0019 0.0201

S-POP 0.1217 0.1498 0.0724

Item-KNN 0.1848 0.4163 0.4008

GRU4Rec 0.2194 0.4387 0.4251

RTCN 0.3082 0.5013 0.5056

N 3 FI2 4 /T LIS LA T 4548 .
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S K A TR AT EE R 7 i POP I SSPOP H %18 T ¥ i 194>
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B B3 AE SR i 2 IR 0 32 G R A Rl B 1

T2 W B, R B A B 32 2, N b GRU4Rec il RTCN A
HERAMARES .
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I 7E TR ] 6 45000 I LA T A 2k R
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B EA B4R T T 13.57%.8. 66%,9. 99% 5 F ¥ HEF
8%t MRR@10 43 5427+ T 8.88%.6.26%,8.05% ., XfF A
) B BFA 18 b o AS [R) B0 A 25 o 25 1T 0 3 ) B T AR . SRR
SEIFW, TON B AR F £ )2 45 4 7T 52 B rey 20 4R 10 5 4% 2%
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HI IR e J1 s [, GRU BLAT 1 4 A2 400 S A B g, T DA stk —
H AL 7 R A A 56 F&  H 1) ik 50 2 3 1] d AR R A SO0
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PRACT S . SOk (142 3 7 38 UM AR & Rk i F7ES A
GRU )2 ZHi 47 7 9 AF 0 200 B 32 BCHR 1, (i 159 45 A GRU
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Table 5 Experimental results with different loss functions
RSC15 BK LastFM
b0 Recall@10 MRR@10 Recall@10 MRR@10 Recall@10 MRR@10
CE 0.5956 0.3082 0.6531 0.5013 0.5688 0.5056
BPR 0.3112 0.1306 0.0618 0.0254 0.4006 0.3168
TOP1 0.0646 0.0258 0.5247 0.3489 0.3259 0.2443

AR BT A I ) I R 4 B A M LA 4
B i F) J5y 0 R IE T8 AL £ ] A, A SC AR 3 T I R o R R 46 1
AT B BB MO 9 9 J3E i B i 5t 0 3 =2 ) B R 5 [ BT
FIATTBRAE FR 550, F T 40 R 4 A 1 ok 2 [ ) a2 B S &R L 3 AL
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o UE T 38 S A 2 iR B RAT: 55 ) e AR Ok R R Sk,
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