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Disentangled Sequential Variational Autoencoder for Collaborative Filtering
WU Mei-lin' , HUANG Jia-jin* and QIN Jin!
1 School of Computer Science and Technology, Guizhou University, Guiyang 550025, China

2 International WIC Institute,Beijing University of Technology,Beijing 100000, China

Abstract Recommendation models typically use user’s historical behaviors to obtain user preference representations for recom-
mendations. Most of the methods of learning user representations always entangle different preference factors, while the disentan-
gled learning method can be used to decompose user behavior characteristics. In this paper,a variational autoencoder based frame-
work DSVAECF is proposed to disentangle the static and dynamic factors from user’s historical behaviors. Firstly,two encoders
of the model use multi-layer perceptron and recurrent neural network to model the user behavior history respectively,so as to ob-
tain the static and dynamic preference representation of the user. Then,the concatenate static and dynamic preference representa-
tions are treated as disentangled representation input decoders to capture user’s decisions and reconstruct user’s behavior. On the
one hand,in the model training phase, DSVAECF learns model parameters by maximizes the mutual information between recon-
structed user’s behaviors and actual user’s behaviors. On the other hand, DSVAECF minimizes the difference between disentan-
gled representations and their prior distribution to retain the generation ability of the model. Experimental results on Amazon and
Moviel.ens data sets show that,compared with the baselines, DSVAECF significantly improves the normalized discounted cumu-
lative gain,recall.and precision,and has better recommendation performance.

Keywords Variational autoencoder.Deep learning,Sequence modeling , Disentangled learning, Collaborative filtering
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Fig. 1 Illustration of DSVAECF

3.3.1 S EF AT

FEY ot A2 v 5 B X BE ML S & 1) S HOR & (HR AR R AE
AT T A ORI T vk BT A . TR AE 5 () A (5)
TEIA—ADESEAE T N EFARAE 230 p Al o

B IE S04 R A Z, M T AR EIE S 0 A N0, D HR A
e MERHEN . RS 5% ). RF5 p Ml e ERMERE,
XA RE A R AR R T S .

Bkl (2 Q(Z | Xyur) B —ALh ¢ ZHEALIFH
JH £ )2 BN HL(Multilayer Perceptron, MLP) #EA5 a9 J 2 17 s
TAMIES AT . W SEE L, Z0 W B4 A i B pe
Fbr i 220 AT,

ulnet =MLP(X,.1)

Z=p +6 Oe,e~N(,D
o, © &R X v 1 J6 AR,

Qi (Z | Xvr) e — A Lh ¢ S Bk I FI 4B 58 i 22 ) 4%
(Recurrent Neural Network, RNN) ZE#E 5 7 JJ7 82 47 A 1 1F
BorAn . WL IHRTER B AL o RSN H, f A MLP
rh A5 B0 A A B9 B AR oE 25 4 0 S Fle  FHE S

€Y

BTG 73
H,=RNN(H, ;. X))
p! sIne! =MLP(H,) (5)

Z'=u"+6'e,e~NC,D
3.3.2 fREME

S 3k 0 28 75 B A R A0 P P OR E  B r i 2 2
Gl RN 2 .8 2,=[2 .2 ], EEBAYE &
XA BRRYI A G, T 2, A G, 2 [ 8 A% 3% 4 LU I
e LA I BT B AR VT 48 s
1 Z/G,
t 1z 1. TG T,
Seeft o B A BLE 5, B [~ | 2 X 4
B P AR HEAT softmax 4545 L 73 51 1L 0 2 801k 10 T H 19 1
5 R4 Py (X, 12, BT 1 0 A2 A5 AN R ) 25 19 75
N R Y OB A

Py (X, |Z) =4 = softmax([s; 55+ 353 ] %)
3.3.3 ®K¥HMEEF MMD

KB LDC ) F R IE WAL T 55/ M e % 1 3% 43
i PS5 IE I MER AT Q 1) (9 2 5 . 9 i KL 8% L A 3
i MMD) R 9 3 405 1T LA 02 A 40 A5 22 1 £ 2% 5
(AT H KL B8 B A O R FR 28 5 &, 30 (8) 1, MMD 5
AL 3 A I S 0 2 AR 00 2 R T ) 22 I g
B LUTIE A T B/IME AN 08 A 0 22 500l T 3678

FRIKIE.Z £ARK P WSHI.Z %R K 0 Q M.

Mbw:wq—lifiﬁ%%%%&%ﬁonﬁzaw

B2 ¢ Too, Ir AT T Z ki, T=1,00 Z° FZ B 551
5584346 i) MMD = (9) s
D(Q;(Z" | X1.1) s P(Z)) =MMD(Q,(Z" | X1.1) - P(Z"))
D(Q, (Z | Xy.7) » P(Z)) = MMD(Q, (£ | Xy.0) , P(Z))
€))

(6)

5=

oy 1§
MMD(Q, (Z!" | X1.1) s P(Z")) T(T—l)zj k(2 20+

1 Zlz A A
TT— 12 F A2 =

2 T A
FZ k(Zp 2}



166 Computer Science MBI Vol. 49, No. 12, Dec. 2022
5 LR ek B i OB E (10D, 38 i 45 (1D FISM"™Y 2 35 T 50 P4 43 i 09 B I8 7 A 280, 3l o 41
/B (10) AT L2 2] B RS p i S50, 7 AT R B i A 36 s BT B B 2 s 0] fe 2 =) W b 22 8] R R 4B
MMD(Q, (Z | Xom3 P2 Y = — 2HZ oy LRI PR A 0 AR 5
. (2)MVAE ISR T AL 53 [ 4 i HE 22 f #f 27 0 2
X = = Boen 2B o Hor PoXTZOTE g5 prsw— b i i 0 47 0 6 I IO T A2 30
N I e A 4 H5 (8 o A 3] i i
B, <T<T—1>§,’<<Z 2+ e 1)§Jk(z ) S R R B BB A B E RS A

A
TZ Z k(2 Z20)) — 2B, k(L ,Z"))

(10
4 TWIRIT5WIE

4.1 HEE

TE WA AT B0 2 JT B35 22 MovieLens-1M Ml Amazon-
video games ¥4l DSVAECF FI3E i F s, X A 8086 46
HI 2 B [R] e 50 B0 2 A FH P -9 ot D 43 X DAL SRR g Y BT
#i. BT DSVAECF fff ) Oy e 2 B 5, D oRs 7 4 00 4
ZAEAL B R B R AR PR AR TE 1~ 5 BB A AR RT3
B9 P-4 5t 7R O FAL BRI, AR SCE ST MovieLlens
A5 A EALEH P, P& Amazon /T 5 AN HAd
S TP AN . 7R B B AT R 4 LB MovieLens
25 Y5 I P43 S B e A2 AR LK AR T e T P AR SR
YL 5 Amazon H1 38 )4 1 ] P 37 43 A 36 iE 48 AL i 4 B¢
KT 62X MM ER IR, £ 1FH T WA BG4 ook
JRAEE .

F 1 Zadih i) A BEEE R
Table 1 Information of filtered data sets
Datasets Movielens Amazon
Users 6000 19000
Items 3691 18352
Interactions 950316 174683

Sparsity 95.701% 99. 950 %
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Table 2 Comparative experimental results on Movielens dataset

CEA7 %)

Models NDCG@ NDCG@ Recall@ Recall@ Precision@ Precision@
10 100 10 100 10 100
FISM 9.29 19.47 6. 60 36.08 8.24 5.41
MVAE 9. 84 21.38 7.35 39.85 8.24 5.63
GRU4Rec  19.49 31.58 14. 33 51.11 15. 82 7.19
SVAE 19.83 31.79 14.33 51.49 16.49 7.21
DSVAECF 20.53 32.87 14.68 53.63 16. 89 7.57

# 3 7E Amazon BUEAE L AT L SR &Y
Table 3 Comparative experimental results on Amazon dataset
AT %)

NDCG@ NDCG@ Recall@ Recall@ Precision@ Precision@
Models

10 100 10 100 10 100

FISM 0.62 1.45 0.70 4.45 0.14 0.09
MVAE 2.99 6.05 4. 64 17.79 0.91 0.37
GRU4Rec  2.52 5.27 4.00 15.73 0.81 0.35
SVAE 2.10 4.07 2.97 11.49 0.57 0.26
DSVAECF 3.16 6.44 4.75 18.57 0.98 0.40
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Table 4 Impact of user’s historical behavior length on NDCG@100
on Moviel.ens dataset
CHAAE %)
[1. [11, [21, [51, [101, [151, [201, [301,
Models _ -
10]  20]  50] 100] 150] 2007 300] —]
MVAE 14.24 21.06 24.20 19.52 21.31 20.70 18.53 18.51

SVAE 6.56 24.37 35.60 32.27 32.14 26.60 26.13 21.22

DSVAECF 7.59 24.95 36.58 33.06 31.46 27.13 27.13 26.78
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Table 5 TImpact of user’s historical behavior length on NDCG@100
on Amazon dataset
(AL 2 00D
. s 21, 51, . 51, 201, 0l.
Models [1 [11 [21 [51 [101 [151 [201 [301

10] 207 50] 1001 150] 200 300] @ —]

MVAE 2.67 3.61 7.42 7.22 1.11 1.59 1.60
SVAE 3.41  3.00 6.16 4.82 6.72 7.32 7.05 —
DSVAECF 7.03 8.10 10.61 12.26 10.24 9.66 8.79 -

4.5.4 B R BB TIEFEEE G YR
DSVAECF & 7 MMD 1E W £k 45 2k 38 43 152 1 T 38 kAL
il o UASUARE TE D) 35008 4 72 280 R A 5 A 0 3 5 I A A R OR
W53 B B A2 50 B AR [ 414 % NDCG @ 100 {5 B 82 Wi, 45
Wik 6 iy, ALLEH DY B =0,8,=0 K NDCG@100
Ipe/In o B2 58 4 2 i TF DU A0 3 {455 TR0 B A TR0 il R g g b
BRI R SOR R 220 g Al . o 2 — 2 o B, it 5
—AZRIBUE AT, NDCG@100 4B bt — 2 Rl B Ry 0 B 5, 3
Fo o3 U TR B B AR A RE R T AT LR S A A Y KA g
01 A R TR m e ROR .
# 6 MovieLens 344 DSVAECF #1251 i) B4 1B k 500
NDCG@100 [541
Table 6 Impact of two annealing parameters of DSVAECF model

on NDCG@100 on MovielLens dataset

CBLA7 . 96
B2 p1=0  p1=0.2 p;=0.5 B1=0.9
0 31.09 31.71 31.61 32.04
0.2 31.60 32,04 31.63 31.68
0.5 31.79 32.00 32.01 31.84
0.9 31.75 32.04 32.04 32.02
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