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Abstract Modeling of unary feedback is widely used in recommender systems for click prediction and purchase predic-
tion. However, as a closed-loop feedback system, a recommender system may have various bias issues during the
user-system interaction, such as position bias and popularity bias, leading to biased user feedback data. Most of the exist-
ing recommendation models are constructed based on such biased data, ignoring the influence of the bias, which leads to
sub-optimal recommendation results. The existing works for bias elimination can be roughly divided into three categories,
i.e., counterfactual learning-based methods, heuristic-based methods and unbiased data augmentation methods. Among
them, the unbiased data augmentation methods are usually considered to be of better stability and accuracy.

In this paper, we focus on the bias problem of unary feedback in recommender systems. By introducing an unbiased
data collected by a specific policy and then jointly modeling it with the biased data, we are able to learn a more accurate
and unbiased recommendation model. Specifically, from the perspective of multi-task learning, we regard the biased data,
the unbiased data and their union as three correlated signals, and then design three different but related preference learning
tasks. Variational autoencoder is a state-of-the-art method for modeling unary feedback. Because of its unique modeling
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ideas, it has achieved superior recommendation performance in many cases. Based on variational autoencoder, we design a
novel recommendation model called tri-task variational autoencoder (Tri-VAE). Our proposed model contains three varia-
tional autoencoders that reconstruct three different signals, respectively. All variational autoencoders share the same en-
coder and the same decoder. In addition, we also design a feature calibration module and a label enhancement module to
strengthen the association between the three tasks. In particular, the feature calibration module is used to calibrate the la-
tent features of users to obtain more unbiased latent features, which in turn mitigates the impact of bias from the perspec-
tive of latent features. The label enhancement module is implemented to generate pseudo labels with high reliability, which
can be exploited to make our proposed model more effective in exploiting the information in unbiased data.

The experimental results on two public datasets, including Yahoo! R3 and Coat Shopping, show that the proposed
model achieves significantly better performance compared with the latest baseline models in most cases. In order to further
study our proposed model, we conduct ablation studies, hyper-parameter sensitivity analysis and convergence analysis and

discuss the effectiveness of the feature calibration module.

Key words bias issue; joint modeling; multi-task learning; variational autoencoder; recommender system
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Figure 1 llustration of tri-task variational autoencoder (Tri-VAE). It contains three sub-models of M A s M 7

and M€ , where M “is used as the target sub-model to produce more accurate recommendation results. The three
sub-models share the same encoder and decoder, and are associated through the feature calibration module (FCM)
and the label enhancement module (LEM).
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&~ po(x]12)) (12)
£(5cu7,xu7)=Eq¢(z3|x3)[logp9(x3 |zu7ﬂ (13)
HRA LA B, T DA BB M T 0K

B

EMT ZE(«QZ’XZ)JF/;EKL (zuT) (14)



116 Journal of Cyber Security {5 B4 2%k, 2021 /9 H, # 6 4, 55

Hrp, pRREZH.
44 B EHIEEM

7E Tri-VAE 1, TR M C 4 ] FAb e & %
s, BRI ER SARIST 5 MAFIMT —FF, %
TR IR AR 7y A Ymbd s, A A AH R 1 G 6 25 A AR
g% o 76 THEA MO rp, A 28 e RU Ros I (K3
FERRIE, ,uf e R™ Al 0'5 e R 2 52 m FH P B A4
L (RS 53 3 A7 (I RbR e 2 o th X© ] A AR
D L S M /TN el N < 9 B N 1 == A T W
xC {01 4 xC AN MC RURIA, R
B B P9 LA A 5 5040 g, (8|S ) OF
HIiZ A BN LR B 3 2, B

0y (25 155) = N (4 diag((00)?))  (19)

p; =ReLU(x{ w, +b, ) (16)
o’ :exp(xf W, +b(,) (17)

Hub, MRS SN, ASCIERT KL R4
K g, (26 |0 ) RUBRHE IR IE A p (3, ) 2 1 (9 22,
L A2 P 385 R G 4 S0 930 4 B 95 23 A £
g, B

L (2) =KL (g (S 1) p(z,))  (18)

ULINES TR & 5 3E STR R
o =+ 00l LUK R IGRL R, RAE
TG T SRR 1

WA R 3 SR, K2 B A th 4 B 285
TEARECHR AL, A Fra 10 {5 B 11,
HAE Tri-VAE th, 6 MCAE FbR TR, AT, 1A
A R A R G S8 M IR, A G 2 o 4
TGy o Wk, T AR TR AP
TR, M N RO R S, AT, G
TG KA, JEik LRI S 7 K
BT BA S B A ) £ BERAF PO L

G I O 8 5 9F AU B b e
b R 2 1L S KRR () £ J3E s MA BSEY
ZOH A0 S LSRR B RO o R A 5L T A
INEFAER S0 E « W CEAPIE RO AU E L el 45 /1 1
SRAF A )L

SEAAEREAE I PR (05 5, AN ) 280 ) el
OF SOV LA E AN ) AR SCHEAEREAE 19 £ PR
DA AL, DA B S A 9

TERRAE AR . gt i, o TR MR M S E
2 G RARRT AR, TR M T REI uf R
MR TEMR AT DR e e A (il o 1 A3 308, T
] T REC 2 SR 0 T wl T, RS
I £ Bt 2 ST, AELIRG A Bl b oG 2 R
THWEHE . W, WLOEL AR g, p? A
paC TR 2T ) 22 S5 S 1) A 7 5 01 S DA
M TIXREBIBIHL, A SCBEE T AN AE R IF A R
(Feature Calibration Module, FCM), EJLL uC Jy5EHE,
TP g R0 T 2 0 1 25 5 R 3 4k e o B A BT
TSI T D ) T SR T
ASCAS ] fa SRR TE 0 6 S VSRR AT, OB
B AC A pC 2 025 SR LR,
py = py —d (19)
Horh, d e RP R A4S ul 25
GYAh, DRkt RO B, T T R AR TE
Dy, 7 LA AT LS 7 B AT 22 ) R 25 ok 3 A4 D
B R Wb i, aC fpC Z 2R —A
T T T R, B
d=f(u'.m]) (20)
Horp, f (et ] )R RSET ! R ] HOAERERAL
U DA LR, AR T f (w0 R AR
T, T LASRATE B P P A o L M
(OB LPE TT LA th, (g ) AT S 1)
B, AR ISR . AL, 1 () a])
W LG I 20 000 266 S0l 4, Ry i 2 0 46 5 i 50 L
FRHR LA e ) o BRI, ASSCHE TR M 4 e T
FRAERE EA . FAROR B, 0K it A T AT B
e, T I FL AT WO BRI B 4 I 4 R I
FLAT O B4 R IR AL, S Ja AR A 2R(19), F ul 1
25, WETTSRAFTE AR 16 P VS AEARAE AC, B
Futonl)=g([whsul Jw, +8,) @D
s =ul —f(mloml) (22)
Heh, g ()HEIRE NSO R, w, e RP
Tl b, e R™ 43 A A A TF A e A T8 e

I &
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BRI, S T e T LA B O O FE ) o8
IE 928539341 g, (25 15 ), I MAZ A AT BEHLR AF 7T
DA ST O P SRR AT €, B 2 :R(23) Tz
g, (£ 155) = N (i diag((00)?))  (23)
BEAN, R 2SIV, R A A g A R 1
Sy, AR/E I SRt R b, SRR S AR T ik v B
FE I BRI, 2SI RE A ] 2 M v kit
26’ [36—37]’ El] 26’ :ﬁC +SOO'C .
TE TR MO, A SCRET %€ 2% th g o 2k
FRCE PR P RS 00 7 2 R T e i, U R
WA o 2S5 PR S5/ M T R 45 5K bR B AR Ak,
BB R R8 MA 0 M7 BB 5
AT FR, TR MC AEE R R R, DA B
ik RC A xC AT REHNEET, 1 XA B S AN
(Rt ST T KB HS . BARREUL T, MC ki
N2 SR T AR, T SA ARG AT I . SR
S AERRAE LB 2, SR BT S HEAT M T A
LB R MRS . DRI, (5% SCHRI11]oh
() Weight S I LB, A SCAE FEM S I B A5
S, CURIER R T HAKTT S, ASChE
F xR R B TR e (0,1), K R
xT B R R ACE B 1, BV
%~ py(x120) (24)
aﬁ(&f,xf ) = O’Eq¢(55|xf) [logpg (x;4 | 56 )} (25)
L(&f,qu ) = Eq¢(£f\xf) [log Do (qu | 56 )J (26)

AL, AEARSCHR I Tri-VAE 1, i M7 A
T TR B, e M T BT AR AT DA R A
SRS o 52 SCRRILLT R A, M7 (R0
AL TR Bl B e B, S8 T inssxn oG
P s AR BRI, A 5T SCBR[11]H (9 Bridge

L1 ARS8 B i i)l 2R f

L BENLHIARAE it e ¢, fRAL A% O AR AL IE AR
e FCM

2. FOR iter = 1:iteration number DO

3. WD s BHLIRE R S BB BT
WXt FE5FH P ID F4 s 1D TR

4. KR4 n F batch size , ¥&IEH 7 1D T %
A batches

5. FOR batch = 1: length(bacthes) DO

6. FOR XIF batch TIFTAE " DO

7. S XA L XT X HURI P u MRS T
Xt . x? Al xS

8. R4 dropout BEAER! xA o xT A1 xC REATAbEE

9. HUEARQME)KH pt Fl 6t

10. HRAEARO)F10)K I 4! Flo!

1. A RA6)FA7)K H 4 F16¢

12, ¥ p Rl BEATBERE, S A RQDAIR2)K
A

13. ABRUER TS AT BN LR Y &, MR S5 1Y
gzt 2T gt

14, HAEARG) A2y FEH AL, 04
x] fnx6

15, MR &7 A2 BT 55 5 O A8 T 1) o &7

16. M A X Q29)K H S I K BREL Lryiyap » BETT
KB

17. END FOR

18. X batch T sk th (0 B A 6 FE 64T~ 24

19. XS ¢, RIL2S 0 MEFER FAH FCM

AT S BT

20. END FOR

21. END FOR

22. RETURN %ifh2% ¢, fith2% 0 IR iEAL IEAL R
FCM

g PSP AR AR XA . xXT M X©,
P S, W aEom , LEREYERE rank , 1EI)
TR A, AR PR BN o F y , KL 29 00
M FE B, dropout rate p , fx K IE AR IR
iteration number , % )% learning rate , — {2kt
I FEAEY batch size

W eDds o, RIS 0, FRIER IEALER FCM

FEWE IR, AT T M AR AR B s B R (Label
Enhancement Module, LEM), 5 7E Il Zxid #2 b i o
R MT (0TI o

AT D R ox Fr ey F P M) A8 B AR 4,
AL FE UL 2] A T 2 (H P, iRt fE
IR RErp, A —VIEARER N D B LRAE R S
BN —FERI R, Brd)*E, TR M7 xix s
CFHP, Wi ) oef BEAT TOUIN 45 20 AH B R P AR 28, BRHT
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S IR e AR SO IR — M B SRIC N ST . 5
BN, ARSCAB &7 € 0,1 2em th §T 4330 AEA
FORUITAT Y 7= A A8 L i o A SCIYTEE M (R 5T
Gy xC R & RAT e, AR IE T e A2
M BRI R A L(%,%] ), aAReDFTR. i
M, A SCHEE TR R B T TRGE p e (0,1), A
O T A B BRI 3 e, AN AL AR T (A A M T
BRI FE NG, BTl ST F bR — S H A 1E
. Bk, AT X — e, ASCRE TAGE y
ISR
PL(RE)=7E, o) [lope (57 125)] @D

M LA A, AT LA SRR MO R Bk
PR, R
M u u>tu
+ﬂ£KL(zuT)+7£(-§fv’zZ)
Hrh, o, Ry #EESH
4.5 ik
gi e UL EPT A HR, ASCR TR A IR 05 X
RUNGRE AL, IR ML R B T B (BGD) K fie Mb
B TR o Fe A, R
Lrivag =Lya + L7 + L ¢ (29)
Ak, BRI RN S 1 R

5 KRERSHH

51 HiEE&E
ARSI A Al L 1) A AT O AT DR A, WOt
K H B AR 20 B o s . H T A T AL
PAE LA A, B Yahoo! R3PUAI Coat Shopping!,
KT BAE B 1 s,
* Yahoo! R3P*: X & —ANS6F ot SR VP40 1)
B, QAT AN 0 T AR —
AN TE M I BERLE 4. Hoh, B s T4
£ 15400 N JH 7, 1000 143k AT K2 30 54
PRk, VRO {1,2,3,4,5) . & W T
B BH ARG R HE 7 SR s U T HE R,
JHORRA 1B 3 Sk S AT VAN 1 W 4R 2
(), MO A IR . BENLEE 7422l
TR AT 5400 N AE 10 1 BEALAE 5 100 B a3k
ATVET BRI, WA R 2 o Rk
ARSI FE 1) 1) R A — G S A P e 2 1) 8,

Lo =al(x,xt)+L£(%,x]) o8

VRO e il — o R Wt e IR, AR SO B 4R
AT TR B, an RV KT 3 g8, IBAizid
SN N TE RO, B, =1 ESEEh,
AR B TR N RS, I
BENLEGE A RENLRI 20 B 3 A T4, o 10%
P8 H R B (ST), 10%4FE K Kk
SEHLLERE S, 55 80% 1 A4 H
PLUPAR AR (1) 1 i

Coat Shopping™: X J& — >3 F il ' X 4k A<
(coat) V7 I H i 4k, 2l it il Amazon Me-
chanical Turk V5 [ 290 HI /XS 300 {504
BEATPRAP BRI ). 1 Yahoo! R3 —Ff, 1%
AR T N 10 R s T AR —
A TEAm I BEALE S AR . o, W AR
S H PR B Bk Bk AN AT PR T IR
1), RYH 7000 400 %, a2
{1,2,3,4,5}, Bl KA. BHLEE A2
TR ZSR T H P 16 AERENLE R Zh A 1t
ATVPA R, BA K 2T . B s 1
£ RN BE AL 4 1 4R 1 7 A B e Kl 43 7 RN
Yahoo! R3 —F¥f.

F1 KEAXANKESENRITER. Hf
“#Feedback” ERIZ IR ARINE, “PN” fEHIZ
R &R P IE R 150 51 e G5 A LE 31
Tablel Statistics of the datasets used in the experi-
ments. Notice that #Feedback denotes the number of
feedback samples and P/N denotes the ratio between
the numbers of positive feedback and negative feed-

back
Yahoo! R3 Coat Shopping
#Feedback P/N(%) #Feedback P/N(%)
s 311704 67.02 6960 37.69
s7 5400 9.05 464 28.89
N 5400 9.31 464 23.40
S, 43200 9.76 3712 21.94

52 1FERR

H T VSRR HERE VERE, A SCR I HER R4
W PP PR AR BEAT VRAL, 35 ROC(Receiver
Operating Characteristic, ROC) £k T i1 F(Area
Under Roc Curve, AUC). H—4b¥rHi R 5
(Normalized Discounted Cumulative Gain, NDCG). %
fifi % (Precision@N, P@N)F1 4 [7] % (Recall@N, R@N)
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4 MNEbR, SRR E X R . Hp, fEsE
b FEd, N RS 100 20 150, WAk, 78Sk
Fir, ASCK AUC 1E 4 F2iRbs, HLMiENS%
Fe 1,
R 4 N FRRRI E ST TR
« ROC gk FIImARAUC): HitE AR Fin

Z( )EQRank —(g}
(£,L-L,))

b, QFRIEMNASE (RS HOS R A YRR

TV PT A IE RGBS, L, #RIE Q P IE R B

EHL, Rank, 48 (12 MO T 25 2R AT B e E 1045

B IE A5t G, ) fEPT A W Rt A B, LR

AR MR E(EIE RS0l fE v o e 52 1
T, AL I R R AR A5

o H—4b T8 BRI (NDCG): HAtH AW
> e NDCG, @K

AUC =

NDCG =

ul‘e
NDCG, @K = PE9 @R
IDCG,
rel;
DCG,
@K Z’ “og, (i +1)

o, e Fr RN (IR S EOL R O R
W) P 44, NDCG, @K FR11 e u 1A
AL BBUERE, DCG, @K 51112 H 7 u I 45
BHUERE, IDCG, FRIEIAE DL 7 u (3T 457
SR AR, RN 4 20 [l 1 25 3R, 4 IR B S () AH DGk
TR, BETHE DCG, @K 135k, K frit i
HEREDI RIS, rel, $aHEHERED) I IRAR DG . 78
SEE R, K BEE N 50,

o REHIEREP@N): HA AR
> el R(@) T (u)

2 e[ R(w)
Forp, R(u) FR002 B LS F P AR K BE R N R4
AR, T(u) RZER P NN Bk ESsHud
T Ok B0 IE 42 ) (1 S 1t T B IR HE A 51 26

o AFER@N): HIFEALW T
2 R() AT (u)

2 el T (1)
Horb, R(u) R0 BAZE T P AR K BE R N IR

P@N =

R@N =

YN, T (u) FRIGEH P RN (g Hs ol
T2 o N B6AIE A ) (0 S5 BT J 327 41 36
5.3 H&ER
ARSCHE A & 7E VAE [RBERE b 3EIT SSOEf,
WO VAE VB R ARG I SRR . AN [ 1 Kt
BTGRP EANFR A I VAEAEASCH, AR
3AMRAS, BN BT AT s 4 mEds sT A
BE A BOdE SO HEAT U R, A SO E AT XA A
VAE(S?). VAE(ST)FI VAE(SC). BRItz 4h, A3
TR A AR A 1 HAT AR LI 5 VA Ay TR i 78,
Gy ) S BT g R A 4 B S R (1pS)PR T
CausE"fl KDCRec!'!,
o JEF RN 1) PR A AL (IPS) 22 L 3l
1) P50 T B O R B AT 2 R R R
PRI Tk, R NGRS RE AR T —
A PEA 5y, AR I ZR— A e AR A o it
I VA5 20 B o 105 i AR 2 1252 AR SOR
(I — AN HAG AR PR 5 i, BRAR & DL
WVPAS k. %O VRIE R AN 2 DU sk S
A TR RE S, DL 38 A AN R AR 1 000 1) 2 3
o, B A R F:

I=il0=1)P(0=1)
P(T =i)

o, P(Z =i|O=1) 48 12 76 n] B 2 (19 FF A,

B s i 7R A R RE A BT o B B

P(O = 1) $RHEAEATREEA T (SR MMFEAR), 7

M EREAET 5 (I, P(T = i) 8 00 A8 T Bds v,

B okt i P B A8 B IREA B S (R el 53 4k,

N TSI AT, ZIKIﬁﬂ?J VAE {F AR,
CausEM%: I AR 3 3o 1 D)4k 35 5k 249 3 i
*%i“%ﬂjﬂmﬁifbﬁﬁ%i&, b 17 2 Mt A 1 5
WA o P 210 TG i B A T DN 095 B T R,
B A W A VI 2R IR, () IR LA fi
B R R R S 504 hy 2%, A AE AL TR 47
AW, [FREH, T AT, AU VAE
£ CasuE FJFEARRAY ,

« KDCRec!"': —ANEFAIEMIOHEL . 1
FESCR P T Z R s, b i B RER N
WG Bridge el o IR MR BB S2 a6 45
Bk, {4 Bridge SRS I 25 H ok R A fr) 4
FEPERE R I M, ANSCRH] Bridge Sl
PR BRI 2 — ZRBlth, T ATt

p-2
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AR ICAH] VAE {1 Ry R AR

54 XWigE

AT H Python 3.6 Al TensorFlow 1.14 2475k
5, BIALUIZRAIMAAA S /4545 T Ubuntul8.04 R4E
FITFENUEERE BT ZERES 2 1 26 M
CPU, 256GB 171 2 4™ Nvidia Tesla P100 GPU. £
Tri-VAE 1, S THRAER R s i g (),
AR T tanh BB sigmoid BRI AS ST R A%
RN Ty LS HOEAT R, IR R b
AUC WERAfE AR S Hrh, B2 %
BISEWEER 2 Frox. 5546, KT Coat Shopping £i#k

&, M TRIFEMMBIE DN, b T ik s R H A
FUtk Sy, fEES R, sefl WA R 17
AR TH R, FIEPERAREE I AUC A8 i df 1T
5 HBHL, A SHEEAT 5 W, HaERerrkae
IR S5 N B AR S5 thAh, (e T
flid B rh, ARSI AR BENLRN T, RN A
AT 10 RUNZRAFIINK, 55 )5 F~FI(EAEA Be 44 1)
MRAREE R R, ASGEAHRFEA ¢ K500 &N
PREEAT T B E AL, RIESANFRbs AL LA
SCHR A AT (1) 4 SR RN B i TR R R R 25 S . AR
SCHTVE B SR O YRR AR AKS 25 25 JF, mTAN
http://csse.szu.edu.cn/staftf/panwk/Tri-VAE/3k 15

F*2 KEIRPBSHNIREEE.
Table 2 The ranges of the values for the hyper-parameters to be tuned in the experiments.

R4 i 3
Yahoo! R3 Coat Shopping
rank {50,100,200} WETEREAE 4
A £0.00001,0.0001,0.001,0.01,0.1} IEMMEIEE R BE
a {0.1,0.2,0.3,0.4,0.5,0.6} L(%,x) Lk
B {0.2} Ly, () FHIBE
7 {0.0001,0.001,0.01,0.1} L(&,&]) LipUE
P {0.2,0.3,0.4,0.5} dropout rate
iteration number 300 IEARIEL
learning rate 0.0001 R
batch size 100 {5,10,15,20} U GRIT I LR REA KL

55 KWERSH
551 MHEREELE

Xt T 4E Yahoo! R3 Fll Coat Shopping, A $#
H AR Tri-VAE FIE 2R (1) 4 PR RE LL IR ik 3
K 4 Fron. o, Tri-VAE-tanh R AERE 1 AR
4] tanh BREIE R B0G PR AL, Tri-VAE-sig F/R4F1E
B IE RS sigmoid bR AIME A 0 R 5. M SZB 45
Bl LA H: (1) A% /& Yahoo! R3 it j& Coat Shopping,
TR R ZHUEIU T, Tri-VAE [ 1 R LL BT A R4k
BERIER BT . 1R AUC SR B4 b, AR S
Hoeimal AUC 3BTRS . Y3 4h, ASCE I WA
t IR HEAT T W AR, R RAR I p (AR
/NF0.010 XU ARSCATHE H IR AR B A% T G b Skt
A B3 0 G i 5 AT I R A, A R G
i F e HR A B R R B R (R, ()% F A
SCHE PR RFHE AR IEASE R, A8 FH AN [ 19 8T o B000T B
KIAF R — 1 m . A E B R A, 1E
Yahoo! R3 I, tanh BREIHEFETERERE 4T, TMAE Coat

Shopping I, /& sigmoid p&EX I PERERE 4F o i i IX
Tof 222 S5 (10 Jir DAL T B AN ) 1 S o 50 R B 1) v
BT RT3 P A B 4R A 1 O A S
A — B M ZE S ()R TS [F 28 84 1) Sl kA 7
W= 3 NMRAN VAE, 525 a0 R &
VAE(SC)> VAE(S™)> VAE(ST), Xt W4 fhi B
FITG 5t 2 i) A B AME o T A SCHE HE (1) Tri-VAE
FOIX = ANSEUERE AR (R 38 R AT 47, W] Tri-VAE R
Ut 6 7 i Kb 0 s K508l 2 ) 1) AR EA T R A
(4)IPS-VAE 5256 AR LA 22, 3X Ut B A SCH BT R
P R R I i 5040 R0 R 28 D v ke v 00 1) 4
93 A BEAR 1 Mgk i . ) L, (5)CausE F1! KDCRec
(RISEI6 AR L VAB(SA )T, (HEL VAE(SC)%:, X
ek D] Ay 3K R A ik 2 A 7 410 75 R P A ) I (i
P A3 B0 T ZRAE R, 1T e 0 e 5 1 AR /)N,
PRI SR GEL B 75 I S5 o
552 VHBASELG

b T HE— W Tri-VAE, A SC¥e il 7 filss
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5o AEAST TS A A o, R 2 [R] A T R AL
IEBEHCRIAR S S i BT T IR o )17 5 2, i A
ol o 0T s Bk BB H AR THER M )1
Yio NIk, ACEE——KBrp]  pt ME] P
A, grahidch “-T7, “SAY R “PT ) R LR
CATZ A Er, A ZER al Mot (2N
“TA”), AKIRII 258% pl « w0 X7 GEA“-TAP”),
M 3 FIZR 4 1101 KE, 7E Yahoo! R3 >R H tanh
PRIEL R HERE M e BE 4F, T 7E Coat Shopping I JIJJER
H sigmoid pREL. K, K T SEEG A AT, #E Yahoo!
R3 L7H s sk £ tanh pREUVE N BTG pREL, 1
Coat Shopping [V Al 5L 56 I%+E sigmoid pRIAL/E
BRI, BARRISEER S5 R 2 P . ASEEG 4
RATLUE Y, 226 Tri-VAE H 13— 53 [R) i) 22

R ILH Sy, A 2. Hoh, 2k 7
2R, MR TS NI T R, T 256 pT B
plt G, BRI R IR R R M. XU AR AE
BEIEBIRTE Tri-VAE o) T EmEMIfER, TiARss
1 R G B P, I B T AV AR (1
0 SRR B (R M . AN, TR AR RS I A
I 25 14 AR ASE LA 0 52 e A 40 R ARSI, 32
DRI S A T A T2 Bt ) P 0 9 A AT A
TE, T e 22 1 9 A S e 25 8 e 1y 2 4 B e
I BV EE A AE BT IE
553 ESEBURME ST

AT IR BN T AN LR S5
SR o Ry, DIASC B T LU R S2ib i 25
BTN e, BT o, SEFEHALE SR,

#*3 EHHEER Yahoo! R3 b, AR AIREIFNIE LB g HEZFERE LR, HPRELRABMKIRIE, RIMER
ATRIZARE. R, BEMHERESD p BT 0.01 BREERAES)IFIC
Table 3 Recommendation performance of our proposed model and the baselines on Yahoo! R3, where the best
results are marked in bold and the second best results are marked underlined. In addition, the significantly best
results are marked with a star (*), where the p-value is smaller than 0.01

Ji: AUC NDCG P@10 P@20 P@50 R@10 R@20 R@50
VAE(S™) 0.7693 0.0994 0.0159 0.0120 0.0081 0.1097 0.1618 0.2661
vae(ST) 0.5688 0.0261 0.0033 0.0035 0.0029 0.0199 0.0435 0.0856
VAE(SC) 0.7725 0.1000 0.0159 0.0120 0.0081 0.1094 0.1622 0.2673

IPS-VAE 0.7457 0.0824 0.0114 0.0097 0.0073 0.0793 0.1300 0.2387
CausE 0.7706 0.0977 0.0150 0.0116 0.0082 0.1024 0.1576 0.2690
KDCRec 0.7731 0.0969 0.0148 0.0115 0.0082 0.1006 0.1569 0.2677
Tri-VAE-tanh 0.7823* 0.1025% 0.0157 0.0121 0.0083* 0.1090 0.1646 0.2742*
Tri-VAE-sig 0.7759 0.0991 0.0156 0.0119 0.0082 0.1061 0.1605 0.2692

=4

FEEHEEE Coat Shopping L, AR HREEFIELRB MR ERELLE, HpRESRAMKIRLE, XM

HERATRZERC. BN, BEMRED p BT 0.01 HREERAES (RIS
Table 4 Recommendation performance of our proposed model and the baselines on Coat Shopping, where the best
results are marked in bold and the second best results are marked underlined. In addition, the significantly best
results are marked with a star (*), where the p-value is smaller than 0.01

ik AUC NDCG P@10 P@20 P@50 R@10 R@20 R@S50
VAE(S™) 0.6179 0.0931 0.0186 0.0170 0.0154 0.0636 0.1175 0.2434
vae(ST) 0.5402 0.0769 0.0149 0.0162 0.0124 0.0460 0.1014 0.1933
VAE(SC) 0.6253 0.0950 0.0201 0.0173 0.0158 0.0687 0.1187 0.2477
IPS-VAE 0.5747 0.0856 0.0208 0.0163 0.0140 0.0622 0.0977 0.2172
CausE 0.6207 0.0955 0.0185 0.0176 0.0159 0.0648 0.1204 0.2512
KDCRec 0.6207 0.0956 0.0185 0.0176 0.0159 0.0648 0.1206 0.2512
Tri-VAE-tanh 0.6676 0.1177 0.0242 0.0214 0.0180* 0.0915 0.1673 0.3345%
Tri-VAE-sig 0.7359* 0.1253* 0.0284* 0.0225* 0.0173 0.1077* 0.1756* 03249
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