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Predicting User’s Dynamic Preference Based on Embedding Learning
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Abstract Traditional methods for capturing user preferences mainly focus on user’s long-term preferences. However,
user interests always change over time in real-world applications. As a result, how to capture user’s dynamic prefe-
rences still remains a big challenge. This paper proposed an embedding-based approach for predicting user’s dynamic
preferences. Firstly,an improved embedding method is used for learning the low-dimensional vector representations of
items from user’s click sequences. Then.based on the learned item vectors and user’s short-term click behaviors,user’s
dynamic preferences are obtained and used for predicting the next click. Experiments were conducted on two real-world

datasets and the proposed method was compared with state-of-the-art methods. The results demonstrate the significant

superiority of the proposed method in prediction accuracy compared with other algorithms.
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0k 1 2 3 5
ItemKNN 0.2872 0.2906 0.2836 0.2624
Ttem2Vec 0.2213 0.2284 0.2233 0.2081
Prod2Vec 0.3153 0.3054 0.3259 0.2853
DREL-1 0.3160 0.3287 0.3324 0.2872
DREL-2 0.3160 0.3312 0.3394 0.2999

5 Last. fm BUIREARFE 0 HR@20

Table 5 HR@20 of Last. fm dataset with fixed window
VS 1 2 3 5
ItemKNN 0.3358 0.3553 0.3584 0.3222
Item2Vec 0.2911 0.3065 0.3023 0.2888
Prod2Vec 0.3450 0.3603 0.3649 0.3432
DREL-1 0.3504 0.3670 0.3655 0.3448
DREL-2 0.3504 0.3807 0.3807 0.3646

D https://www. dtic. upf. edu/~ocelma/MusicRecommendationDataset/lastfm-1K. html
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*6 TVEHEEEARE DK HR@10
Table 6 HR@10 of TV dataset with fixed window

¥ ik 1 2 3 5
ItemKNN 0.8355 0.8476 0.8458 0.8154
Item2Vec 0.6175 0.5998 0.5671 0.4987
Prod2Vec 0.8387 0.8423 0.8475 00. 8454
DREL-1 0.8423 0.8482 0.8524 0.8476
DREL-2 0.8423 0.8574 0.8569 0.8537

FT TV BIESEREE W D # HR@20
Table 7 HR@20 of TV dataset with fixed window

Vb 1 2 3 5
ItemKNN  0.8520  0.8599  0.8605  0.8474
Item2Vec  0.7455  0.7469  0.7277  0.6790
Prod2Vec  0.8581 0.8614  0.8708  0.8637
DREL-1 0.8628  0.8618  0.8716 0.8706
DREL-2 0.8628  0.8739  0.8740  0.8772

# 8 Last. fm B 2 % 1Y MRR@10
Table 8 MRR@10 of Last. fm dataset with fixed window

Vi 1 2 3 5
ItemKNN 0.1284 0.1291 0.1286 0.1119
Item2Vec 0.0783 0.0770 0.0726 0.0656
Prod2Vec 0.1469 0.1199 0.1038 0.0835
DREL-1 0.2347 0.1933 0.1610 0.1160
DREL-2 0.2347 0.2065 0.1696 0.1201

29  Last. fm B¥s 4 B & % 0 19 MRR@20
Table 9 MRR@20 of Last. fm dataset with fixed window

Vb 1 2 3 5
ItemKNN  0.1319  0.1338  0.1333  0.1162
Item2Vec  0.0834  0.0826  0.0785  0.0715
Prod2Vec  0.1501 0.1237  0.1081 0.0894
DREL-1 0.2366  0.1961 0.1640 0.1200
DREL-2 0.2366  0.2093  0.1725  0.1237

10 TV HARLMEE D # MRR@10
Table 10 MRR@10 of TV dataset with fixed window

7k 1 2 3 5
ItemKNN  0.3991 0.3774  0.3752  0.3380
Item2Vec  0.2315  0.1862  0.1692  0.1557
Prod2Vec  0.3521  0.3269  0.3017  0.2700
DREL-1 0.4514  0.4215  0.4223  0.4036
DREL-2 0.4514  0.4103  0.3932 0. 3534

F 11 TV IR E S 1A MRR@20
Table 11 MRR@20 of TV dataset with fixed window

7k 1 2 3 5
ItemKNN  0.4015  0.3821 0.3842  0.3417
Item2Vec  0.2404  0.1891 0.1811  0.1646
Prod2Vec  0.3579  0.3316  0.3067  0.2782
DREL-1 0.4579  0.4260  0.4299  0.4073
DREL-2 0.4579  0.4149  0.3975  0.3591

MRYEFE 4— 3% 11 v U DUT 458

DFE Last. fm 3048 45 I, DREL-2 #8011 g i 45, LU
HR AP brifl ,DREL-2 fE % 1 K/NH 3 B Ay HR fH 55
HR@10 #l HR@ 20 43 ] bt 5 ff 19 B o 7 vk 08 17 4. 14 06 A
1.33% . LA MRR RIFH #5115 40 e i B 6 1 R 1, 430 L
Tl 0 AT IR R T 59, TT %R 57.63% .

DFE TV 454 F L HR i 45 . DREL-2 #5 %1 iy

PERE R L. HR@10 M HR@20 43 51 b fe b i) 2 vfE 5 B 4R 5
T 1.32%A1.45% ., LI MRR R4 b5 e DREL-1 # B f
PERE IR IS B O 1o 1, 4 0 b Bl B0 e e vk 4R
T 13.10% M 14.51 %,

3) Ak F  DREL A5 %1 78 35000 1 8 28 J7 T A 4 K 45
R THRCR  BAEHEF B it B & W i3

4% T DREL-1 il DREL-2 % , R & Last. fm
TV #dE4E. LL HR R P AR HE B B 7E %0 O 0 3 B PR g
s L MRR G4 48 A5 0, 76 87 12 1 B O o
4y AAEBUS e AE e . 0 0 AR, 45 BRIk . 3 3 B 38 &
W5 AT S O P 8 i A2 FT AT

HRIE AR T -MEFRAFEIWHP S SE
AT BN J7 s, 5 LA DT AN TR % 05 W 32 T LAE 58
S fifE BI04 SRy R P A A Ak 5 e AL A4 480 L TSR AT
T X B A S AT AT T, B ST A I A B A
MEAT AP S e S g — A B R R . ASCR A
WP 7 2224 205 H AR 4 10 i R . 1D DREL-1 4% | F 3CHE
AL R 2] H AR Y S 2R & 2) DREL-2 il B F 3¢
WEEATEHRMES B B RAR M, SRRy,
3T ol € 0 T o i 3R R0 HE Y R R LI IR . FER
S B TAE R FRATH 3 — 25 % B T A R 5 S 1 T & 8K
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