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A E A

Variational Recommendation Algorithm Based on Differential Hamming Distance

DONG Jia-wei, SUN Fu-zhen, WU Xiang-shuai, WU Tian-hui and WANG Shao-qing

School of Computer Science and Technology, Shandong University of Technology,Zibo,Shandong 255000, China
Abstract Current recommendation algorithms based on hashing technology commonly uses Hamming distance to indicate the
similarity between user hash code and item hash code, while it ignores the potential difference information of each bit dimension.
Therefore, this paper proposes a differential Hamming distance, which by calculating the dissimilarity between hash codes to as-
sign bit weights. This paper designs a variational recommendation model for dissimilarity Hamming distance. The model is divided
into a user hash component and an item hash component, which are connected by variational autoencoder structure. The model
uses encoder to generate hash codes for user and items. In order to improve the robustness of the hash codes,we apply a Gaussian
noise to both user and item hash coeds. Besides,the user and item hash codes are optimized by differential Hamming distance to
maximize the ability of the model to reconstruct user-item scores. Experiments on benchmark datasets demonstrate that the pro-
posed algorithm VDHR improves 3. 9% in NDCG and 4. 7% in MRR compared to the state-of-the-art hash recommendation algo-

rithm under the premise of constant computational cost.

Keywords Hamming distance,Differential Hamming distance,Bit weights, Recommendation algorithm, Variational autoencoder
T b i g [ W T el VAP 9 A2 9 I (£ 1 R L o= R T el
=

U] B 8 e A ki) k7 UG 23 18] A AHRLBES L SE BT R B

Wt 7 2 O IR e 1 A T A 2 I T IR 55 75 2 A B A AR
SN . M R G DL D AR R A m) L 68 DT R
PRI i 28 3t R B AR B I B ELTE R 0 A B
PIREOLR el e A S VT BB S R AR AT AR R 2
A B TR o R 43 A A S W T DO B R L R A 2 R
SR Ty SR T E R Ty L 8 i o A - I B PE 23 A
A FH P A0 3T ke S 300 40 A 0 98 7 R AT 2 1R v (B TR R ML
i b I TR O3 B D7 R TS AR BRI
AT B BIE T 2 BT W A 52 A AT LA 20l 7 6 5 5 ) i, 2 o

FfE H 1 :2022-06-02 1R H I .2022-09-02

B B AR AR A R Y L T A 0 AR T
AT HOHR W S5 S S50 A e A 08 3 i W B S T AT
FH P RIS E AR L L DB B S RN AR (B BT T A
T 1) B PR B A3 T i OB R A A A AR OO
BB T V50 5 2 I 3 AR o A 8 TR B 1 0 45 4
Jextut B B AT R G B e B AT DLk B WA P
BT RNy AR 0 0 A BT A8 T RO A A T B e T 4
JBE 9 M 45 ) R

IR Ay 12 A H 5 0 i T A AR 9 D7 05 R DU B e

HETH EHR A RBFIEES (61841602) s 1K H AR E R4 (ZR2020MF147)

This work was supported by the National Natural Science Foundation of China(61841602) and Natural Science Foundation of Shandong Province,

China(ZR2020MF147).
EAGEVEE  IMEIR (sunfuzhen@sdut. edu. cn)



G H A BT 0% S P DU B B A A MR

179

R4 T BE B 1 2 S, D At A A B0 X B e A B 57 AN [
B 0 AR SR BT B 8 v o i B ) A7 A T R SR AR S 1Y L U A
FEALI R B IR A R S B T T R AR, AR AT 48
T A2 DU R G A SR I E A A i S ] e Ay
W b 3RAS ] W A 5 e 30 E W A A A AL A ., 5 TR
FA LE » 22 5 PR W B B A 2% 8 A 6 3R 7 1 1 Al 4 550 67 4 4 T
REZIEFARRIEEEE, 7K 22 5 DU B 7 HE
FRIE LA T — A5 T 22 7 M DU BE 5 19 A8 4 4 45
5 (Variational autoencoder with Differential Hamming dis-
tance for Recommendation, VDHR) , 3 %% 2] £ F 2 5 13 B
B O AR 0 8 7 i . ASE ARl T A 2 R R 43 R T P e A
AR E WA A A, B AT US43 G A A A6 A HEAT i
oA 3t H e Ay 4 2 e 0 E PRI A i E e A RS, AT L
5 A B 3t 5 o TEAS SR AR ST IR RO AR ) . TP I A 2L Al ok 2
>3 PP R N HE B AR I P A B L o P e A B 5 0 E e A
T 3 47 B A O Ak, DA A Ak UL ¢ ) % F P30 3 43 % 454
SR IFTEAFFEIESE Amazon Al Yelp |15 15 56 1 43 # 5 k
MR .

2 tEXIE

2.1 EHBEREREY

FL B T 0 A 19 B[R] 3 8 07 V5 R U A B Y 2 ) 2
T 43 S TR A 2 ST 1) B B« S O A R AR T T B B
TEFER R AL K, T BURT R M REREAR . RIE Y
9% 38 o P o 4 2 T I i B 1) 7 2k i e — B B e Al 4 2R
[F) R0, — o 2 3 o S S B A e R R R I A 6L T A AR AR
SR Iy —Fh R 0 w3 o 04 O 22 S 0 A
figbetst

5T 0 A 18 U3 [ ok vl P R B B S i A
2, €{— 1.1} MIMHE A 2, € (— 1,117 ,m KR W70
KB, EM A B R R A R P R R s T E R T R
BORAGTHEAT AR B Rk

H(z,,z;) :é,luﬁ”f«':‘,”w =SUM(x, XORz,) @D

A AT R U B R A A e A T X L A T Y
B B SR AR R T S0 A B L S5 R B AT T P AL
H 0 BRI DL FR 3 R B A

2z, =m—2H(z,,2;) (2)
2.2 ERMNHES

VAR BE A3 ) T AR 22 B T A B R S Y A A
HE¥ 75k . Zhang SR T — A AL W] S HE R (Weigh-
ted hamming distance Ranking . WhRank) 8 & , i3 75 15 Fp 43 /57
49 6 531 e 0 AR 2R e A B 1 (L AR I A B 22 ) 1 R S R OR
AU A B0 7 T LA AR A BT Liv 248 T — A b
o UE #4144 5 (Compositional Coding for Collaborative Fil-
tering, CCCF) , H A FH S F 1)k F o f 28 0 — 16 25 7% 119 20 6
KRR AT E DY H R Ry A A — A S IR Y )
IR N R R VA O R - | RTINS o
THARCR U] BRI FE B, B X bR R, FR AT 4R
T A E R YRR EARMAACEN L TR EITH

WA A B 57 A TR B B A
BV EEERF LymEsn, &l « || .V>REV
AR S S G ] 2 S L B S R
DHGi.i)= | a—P, (D) || (3)
SRS, R AR 8 B AT 22 R U R
DH i, DB, P e R85 F W 705 =, e 21
PGS =, S 22 SRR B DH (2, .2 B9 X

P. (z;)==z, AND z (4)
DH(z,.z)= | 2,—P., (z) |
=SUM(z, XOR(z, AND 2:)) (5)

G A T I A D =, WS E)IE 0 A D 2, ROR 2,
Xz PEAT MG A B OLINAL TP A 2, O — 1 B ALE
SC g ey A T Y A o A

5O RE B A0 FL 28 S P DU B B O O 2R I A B Y A
A~ B2 52 S I i 4 506 O 4, TS S SC I R AR A )i 1 4
JEEXGF FH P o i b B E Bk B 5 ST L™ AR A E P i A
W A B

3 ETERMNAEESNTSEFERE

14 TARSCHR A VDHR B ) 3 IR 25 4y, HAR B
LV SR T S M AT PRI A BB R L i
T AR AR B TP A A SR 5 285 KT R A H Y
S A Gl 1 3 [ 1942 3 A 9 T A 4 B R A9 P A E g
AW o Ry T AR v O A T A 5 R T L S R T I A T
A i 57 e 7 5 e S S 5 2 S P U B 8 R AL A T B P R
Tt A e A 1 JF 7R D0 2 ) 31 SR AL BE LA AT 4R

| &t9m 278 0 K L

EHFRMR KL

Z R XA ER

S ey s s v ENE__
LoJoJtJoJol 7] [ofrfofi[i]-]
Fi P 1D 5 H B2

K1 VDHRHEZ
Fig. 1 Framework of VDHR

VDHR ) #1425 46 B & WA 24144, 43 50 g FH P 0y A 200
B WA AL T E A AL PR AR S RSB A DG Y T
WRHAEAS B I 0 A 18, T E 0 A LG T AN R L B AR
1 )38 4 22 5 M 0 A B O O PR M i v R AR B A9 -0 A
TEA A Uk 5 2) I 2 TR AR TR 4% AF (0 E B H AR, Bt X
Fhig it , VDHR AT DA B 2 5 65 (19 T B 3 A B, 58 47 Hh 3%
KO BIG I H TS . P 7 ARG i 22 5 LB B
B R KA EE ) F P -T00 E WA LR sk R I
WA LSRN -3 E R A AR BR P S B e P 3
H ¥ 751 (4 4k
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3.1 BHEEBBEEN
5y B TP R 0 4R R R S
p(u):ly,”p(Ru,,) (6)
p(z‘):p(c,)+“lTUp(R,“,) (7

Fol L, R w BT E AU, RO SR i

SO 1 A8 e S T LWL 50 60 51 [ 4 {04 1 c,

SR AT AR SRR . T AR BT B 1

SRR T L L ) P E VS AR p (R, A

TP LA YE pCe. WA I P H B 4 AT H T i

Bl o 510 4 PR S
log p(R,.;) =log >

25 € (1,117

logp(c)=log 2  plcilz)plz) 9

L E(—1,1"

FH PRI E W A 55 58 5 om R 22 0940 %5 R 36 AT R
FEAR B, p(x ) pCe) BRI BRI .

ﬂzﬁiﬁpwu—¢v<«qf:ua~>o> (10)
Hop, 2V FORIE A IS § AL, B0 A X B Ak pR B AR
VRIS £ o BT A 1 — A %o 501U AR PRI BR L K FH P R M A
Tt 14 305 ABLFS 365 43 A0 78 SR go (o L) L gy (i 1) 0 F g P
I H S HER UG 140 A0 S U B I R KA RN
AR AT MBI (4 FH P -T00 EH VE 43 R E IS 08 6 BBl AR
PRIEC T BR

log p(R,..) =E,,., [logl p(R..; |z, ,2) ] +log p(z,)—

logqp (=, |w) +logp(z,) —logq, (=[] (11)

PR,z vz plz) plz) (8)

1og1‘)(c,)>E,1¢[logp(c, | 2:) +log p(z;) —logq, (= ¢ ]
12)
2, Ml 2 B A S RERI ST R B, g (2, L) F gy (2 |
D) PSR 43 A . S 6 B AR e A TR
log p(R,.)=E, ., [log p(R,.; 1z, ,2:) ]—KL(gy (2, [w) || p

(2,))—KL(gy (= D || pCzi)) (13)
log p(c; )>Ew [logp (e l2) J—KL(gy (=i le;) I pCz )
14

KLCe || « )& KL 83 (Kullback-Leibler) ., KL # ¥ J&
Xof ALK B HR Y T DU 30T, 3R DA SR e ok A v L % 8 i D -
H P4 ol B PR iR B
3.2 mERFAH

2 3] B (US43 A6 g, R g AT LR 53 50 E 1E ] P R
T B 4 T 4 1 W A bR B, O T o A 2 R 2% o SR AT AL
T 00 A28 P TN H 52 3R R 7% 3 % B Y e 57 I
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3.2.1 MBHBMLE
BIH IR o, AT Z 2 g0, BT E 0 A A 0 R A A
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L, =ReLUW, (¢; ©winy) +01) (15)
I, =ReLUW, [, +b,) (16)
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Wi B W IRHEENTE ., W5 — 2 L B —4 m dEm
TR RS MG A A SRR

gy (D) =0(W;l,+b;) (17)
Horbroo 52 sigmoid &%, HI T I % g B4 4% 4 th 0 R AE 0 B 1

Z P RS R A3 P AT SR AR AR B I 0 A R, T H G A
S T .

=20 q, (D —pP—1 (18)
Hod, ¢ 2T H S SHE . p€[0.1]" ZHHLRFEN m
e, BEMLCRAE 2 22 YR R n] LIS H Ron o 24 AR
1) I i 0 (EL7E 0 3300 1) 5 6 e B2 A 0.5, DURA 4> 331 H
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ST B3R A P A B 1Y) S ) O )
3.2.2 RE GRS

T H fi e g 0 B Y @ R LG PR FR AR, B log p (o |
z) o FAVHH softmax T PR X ERUA M0y B,

T
i (Byorg 1y Owip ) 0y,

a9,

logplcilz)= > log ex
wEW,,

ewEW o)) b
Horbr, L, 20 H PR RHE w A2 A 4 A%, W2 300 H I8 R AE
MRS  Evoa € R 222 2] SIAG I H PF 8 0 A L b 2 1
B WUH IS EEMEAE w,, 525 A E
3.3 APmEEH
3.3.1 AP HmAEMAMt

FH P 4 5 21 A R0 350 H g 20 R T A2 28 Ui 7=, il
T8 H P RRAE ) 3, PO T 7 e A B 3 3o ) P i A B I 2
AR P AR RN

qo(uw) =0(E . 1,) (20)
Hh Eo €ERVV RSB P SEHALL R u B
MG AR o G XF P e A T 1 4 00 R AT R AR L T iy
AR j ST

2 =21 q W —p]—1 1)
Hr,0 2P i i S804 .
3.3.2 AP AR M

M-I B PP S B R AU P - B T4 R,
B - E AT A 4 o 5 R RNUE i A B A R ()
Y

A

R,.=2m —m (22)
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BB -3 B AT 3 J2 15 0 A3 A o S A Bl AR R R
B

log p(R,.; |z »2,) :logN(IA{,_,» —DH(zfz,),6%) (23)
Ho, g5 22 o8 WL e T P - E T fE— A R A
FIRLEE . fe RAEXTECIIR log p(R.. 12 s 20 4 T /MBS
J7iR3% (MSE) B R,, — DH(<l=,)
3.4 ReKR&uBEREHE

W58 3R BT, 76 0 A 0 op o A B AL B 75 AT LA R g I A 5 1
£ R PR TS AR SR Y S R E S B TR P R0
B A A v SR L B

noise(z,06"°) =z+es’ .e~N(0,1) 24)

i J7 2238 KRB R IR AR T o° BRI A 1 .
3.5 ZEMKRY

R 58 5 d KA 20 (13) A=K (1) AR 43 TF BR 24 & iR AT
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RS EC T E S I E RS R E
4 EZHRAEW

4.1 HEE

ARICEAMERE RS LW M Yelp l Amazon $0E4E , V)l
SRd IR AR AT AR B L 3.5:1. 55, Yelp” Bl &
5 P XI5 BT 5 L S 0 FE IR . Amazon®
By 2 Sk 2014 £ TF A B HEUE R BIE RS B $
5B . Yelp 0855 A1 Amazon 098 4 A P (0 1F 4336 [ 16
1~5 ZIA, 15X Bdn & e g vk Ok B - Xt H Y e e
— 43 M BRIP4 i 2> T 20 W P R DT 20 A P T
o DRSS el S D SRS RS Y
K. SRR AR 1R B R gk 1 A,

F 1 BALEEEIEERER

Table 1 Information of pre-processed datasets
HEE AP # T OE Tk L/ %
Yelp 27147 20266 1293247 99. 765
Amazon 35736 38121 1960674 99. 856

4.2 {RfEIEHR

VIR N L LR A S HE 4 AT 55 AT PEAS . B O IR A 56
B I RO A HE 4 A IO . 5 a4 A P r I S 4
HECF P RN O R A T 22 ] A 25 5 v DUIA B s HE R AR B A
PN B E MRS R . SR B WIRR R 00 D60 46 A ok i i HE 4 5
FWPE . H— I RT3 a5 (NDCG) R B 42 7 HE 44 8 B
FIPE S 00 67 8 5 7 S 480 50 HE 44 (MRR) 391 28 3 5 f5c 5 B9 160 © 41
IR A HE 2 T, D P R I H B R A R R A
FEVEI R HEA I
4.3 HZ&#ER

5 VDHR #8 5 f JH 500 5 B A i o oF 3R 4k 7 g ab AT
FL, [l A S A0 45 S 5 vk . B 5 WL N BE B3 508 & ik
A A DR IR Sy S (B W IR 3 U 0 2 3% . T DL A L
TR M ATy 32 LA 64 17,

NeuHash-CF"V 4 25 W 75 13 [5] asF 368 02 — b & 3o 4 I 30 4
PEM BT 5 . o sl G e 7 B 00 1AL 3R 25 L (8 B 4 A 2%
Sk Sz B vty ) 3ty 04 7 X 4 A ST WA A DL R A A DAY 2 b
[P

BN S B SR B 4y f% (Discrete Content-aware Matrix
Factorization, DCMF) 1 Jg& — b oy 258 J80 01 48 [ 0 i i A . H:
i i i g 2 AN IR A B BN T I B AT A 9k S AT H
HH 2 11 SC A R B A LR 2R ) — AN TR I R R L AR B B
A TN

DDL(Discrete Deep Learning) ) g # i B 2 > {fi Jf] —Fp
22 AL SR s oK fif e 2 AR A BT 0 8, 5 DCMF R[]
P 2, DDL fifi ] — A~ % B 15 A& 0 45 o A4 i 30t B 19 We 75 5, %
) 245 38 3 = 20 K T A DS e B 3 B — R A Bl A oA A
g A7 1 25

B 8 [R] 2F JE (Discrete Collaborative Filtering s DCF)™")

D https://www. yelp. com/dataset/challenge

2 http://jmcauley. ucsd. edu/data/amazon/

33 P I 38 A R 4 A ok 2 2T B P R E W A B[R] B
RS P-4 1 25 A S TR

Shy k. B A 7 B A b S R L AR SO b T & i
P 6L B 4 e B 12 0 R =X A AL

A 43 f# AL (Factorization Machines, FM) 280 75 7t $4 4 5
B P A SRR AR R RS T E i A R R RE SRR AE 1Y g
Y ) B AR 23 0 A2 v A 2 B A R i
FM 3 5 55 i A5 3 2 300 A 3% B2 3 000 22 8] 19 3¢ AR SR Al
EF PRI E A Sk

% [ 43 fi% ( Matrix Factorization, MF)! 2 3 i 2 f 3 H
B S5 V8 A T, P AN ) e N RO B P -3 A G
P MF J7 3 M A AT FAE 32 T FM 25401,

X8 Sy ik A AT I A B T AR AR T A
4.4 LI

AR AR TensorFlow $ R 52 4w 5 , 3+ 7 TESLA
P100 EREAT %k, i Adam £ 1k 2% 8 (R 4SS B . A5 RD f) 2
3] LB A 0.0005, batch_size Ay 2000, 1 35 B AT LAl 455 54 78
Seu e R SE A A MR RE . AR 4 A G T AR Y g S 2R R AL
(L5 2 BEM AT B E R 1000 4>, #4245 %
% PREUE A Sigmoid, g B 1k i1 3 Ad $LA 18] 8, fi A Dropout

B 80 Y6 B2 I0 . A ot U i Tt Ay 4 A3 A R M L 7E i A

ZHR A T A TR R b Oy 2RI E O 1, it
ZJEWA 0.01% ., XAD T H « &N 0.001, FifAHEBES
B A 5 i 4R HE AT R A,
4.5 RWERHH
4.5.1 #A Ik

FoMFE 3 HMINE T Yelp $4E 4 F Amazon B 4E
E NDCG@{2,6,10} #l MRR {1 5256 XF kb, H: o 45 31 £ 5 (0
NDCG 1 MRR FIHLAR KR Sl 7 i i 45 R 7E 4 -/ I o
BES M 5ma r ill Ar X 4y, 8 0.05 KR BE T
Kz 35 F1 Bonferroni £ 1E , 45 H & B, VDHR B & f F F Al 3%
T E AL . 76 Yelp $4E 4 I, VDHR B NDCG #
BT 3. 9% . MRR¥EF T 4. 7% ;78 Amazon 345 % 1. ND-
CGH¥ T 3.1% . MRREE T 3.9%.

AR SCHE A VDHR A5 70 P G 0 08 T 5 i 3% 5 LI iR
B S LR B R A B A R DCF A8 3 e B2 )
W A T, 388 P A48 A0 2 AH DG 24 SRR g S A B 119 R A R T LB
A % 8 B TS E  DCMFE Hl DDL J2 55 8 b R 1 18k
R FOH PRI A B S il B 15 B R i A A S Y R A g
71, DDL fifi TR B {5 & M 4% DBN I H (9 9Fi¢ 5 B
AR H R ERAE 228 BRI DBN A 3 IR 454 5 00 1k i A 2
SR LR I T DDL ) 2% 2 i 77 s NeuHash-CF J& i it H
S 1% 25 v 1) oy b 2B B P ORI E UA A, B R 0 AR AR
W 2 4 T 1 o A B 0 L (R TR 23 A TR 0 40 A A A R S R A
A5, VDHR i A 40 A S S s b @t A LA Y R 2 &5
[F) 7T L2 S5 R e )22 2 i) B ML SR A 488 8 e A T 11 65 4 1 RS
P, FH 2 5 P D0 B 7 S 3k D I B i e A
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B 2.3 3 AT LR B . 13 T 22 5 DT E 75 £ 4k /4
FRR I — N F I F A& IR ML D TR R K
DU BE B % MRR 19 3 £ 22 5 T NDCG, 3% 2R 45 22 57 1 I
B B 52 I 1 A T 4 A T 5 3) R T 0 I B B e A A A

#:42% (DCF, DDL, DCMF, NeuHash-CF) f & 4 A7 {2 ity 43
B, 33k & WA VU BE B 6 A A B B A AR AE IR O AR
OS2 AE ] 4 B FMOR MF S0 328 18 T BT A 9 3% T 08 7 1
RILER R SRR B ) B W T A A5G

F 2 Yelp BRI MERTOL T 09 NDCG F1 MRR A
Table 2 Yelp dataset evaluation of NDCG and MRR in standard case
dim=32 dim=064

NDCG@2 NDCG@6 NDCG@10 MRR NDCG@2 NDCG@6 NDCG@10 MRR

DCF 0. 649 0. 685 0.738 0.636 0.671 0. 700 0.750 0.656

DDL 0.651 0. 686 0.739 0.638 0. 664 0.698 0.749 0.651

DCMF 0.655 0.691 0.743 0. 644 0.671 0.701 0.752 0. 660
MF (real-valued) 0.755* 0.763" 0.800" 0.767" 0.755* 0.763" 0.800* 0.767*
FM(real-valued) 0.750" 0.760* 0.798* 0.756* 0.744% 0.755* 0.794* 0.750*

NeuHash-CF 0.659 0.687 0.739 0. 645 0.697 0.724 0.770 0.687

VDHR 0.686 0.709 0. 756 0.675 0.715 0.733 0.778 0.711

%3 Amazon ¥R HEFE RSB T B NDCG 1 MRR P4
Table 3 Amazon dataset evaluation of NDCG and MRR in standard case
dim=32 dim=64

NDCG@2 NDCG@6 NDCG@10 MRR NDCG@2 NDCG@6 NDCG@10 MRR

DCF 0.759 0.776 0.809 0.751 0.774 0. 787 0.818 0.769

DDL 0.748 0.768 0.802 0.741 0.762 0.779 0.811 0.753

DCMF 0.761 0.777 0.810 0.753 0.773 0.788 0.818 0.767
MF (real-valued) 0.824* 0.826" 0.848" 0.826* 0.824" 0.826 " 0.848" 0.826"
FM(real-valued) 0.817* 0.819" 0.843" 0.821* 0.813" 0.816 " 0.841" 0.815"

NeuHash-CF 0.751 0.767 0.801 0.741 0.778 0. 790 0.819 0.770

VDHR 0.774 0.786 0.819 0.770 0.796 0.804 0. 831 0.793

BEAN T LA B, B g B 0 R A0 189 22 L 0 A O IR TR RE 2
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VDHR AT LA 25 46 /N A 75 1 5 5B J7 1 Z R P RE 22 8
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Hi 3 4 RISk 5 AT LR L A SCIR i VDHR £ J3 3 I7)
MR E S TR T AL, 7 Yelp HiE4E
+ NDCGH#E T 5.9%.MRR % T 7. 5% ; £ Amazon %%
P4 ARG 4R FE AR UNAE Yelp K03 45 1WA W, 42 T 09 75 Fl 76
0.3%~1.6% I,

IS5 v IR RE A 32 A2 M A T Y E RE B TH L AR T 64
AL 7 i B PEBE SR TH L UE N T VDHR A i 22 5k WA I s A
A A A AL B RE )y . K 7E Amazon R F 64
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Table 4  Yelp dataset evaluation of NDCG and MRR in the cold start case
dim=32 dim=64
NDCG@2 NDCG@6  NDCG@10 MRR NDCG@2 NDCG@6 NDCG@10 MRR
DDL 0.579 0.622 0.681 0.562 0.612 0.646 0.700 0. 604
DCMF 0.617 0.655 0.709 0. 604 0.626 0. 664 0.717 0.612
FM(real-valued) 0.724" 0.744" 0.785" 0.722* 0.719* 0.740* 0.781" 0.717"
NeuHash-CF 0. 640 0.676 0.728 0.624 0. 680 0.714 0.761 0.670
VDHR 0.678 0.710 0.757 0.671 0.706 0.731 0.774 0.704
5  Amazon FUEHELER B FE T NDCG M1 MRR Al
Table 5 Amazon dataset evaluation of NDCG and MRR in the cold start case
dim=32 dim=64
NDCG@2 NDCG@6 NDCG@10 MRR NDCG@2 NDCG@6 NDCG@10 MRR
DDL 0.705 0.729 0. 767 0.694 0.705 0.727 0.766 0. 694
DCMF 0.729 0.749 0.784 0.721 0.733 0.752 0.786 0.726
FM(real-valued) 0.785" 0.793" 0.821°" 0.784" 0.780" 0.790* 0.819* 0.780"
NeuHash-CF 0.759 0.776 0. 806 0.751 0.787 0.799 0. 826 0.784
VDHR 0.766 0.780 0.810 0.763 0.792 0.802 0.828 0.791

4.5.3 EZFHIRRAIEH AR Yk
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& DCF A 1 22 S5 DO BE B 9 5 5% 0 ] 3 % . VDHR 78
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4 VDHR,,, prr A7 8 10 BH R 88 1) A8 Jp 7 A5

MFE 6 T Lh & MR 25 S OB BE B L T BE B
NDCG@10 fl MRR b A B @ i&T, Hrh MRR M K25 T
NDCG@10 3% & B 25 53 P 10 I BE 85 52 i 9 722 51) 32 1 T s , (6L
NDCG@10 F1 MRR 2 T} 09 F2 AN K 3 W 0y 7 55 36 7R 19 B
BT IERR AR,

# 6  Yelp Bl £ NDCG@10 FIl MRR Al

Table 6  Yelp dataset evaluation of NDCG@ 10 and MRR
dim=32 NDCG@10 MRR
DCF 0.738 0.636
DCFpy 0.746 0. 654
VDHRy, pit 0.741 0.647
VDHR 0.756 0.675
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Fig. 2 Yelp dataset and Amazon dataset evaluation of NDCG@ 10

and MRR with different number of encoder layers
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Fig. 3 Runtime overhead of three methods

HERIE AR IDYIIE B AE T A AR B X s 75 5
AL B DR A — B, A 5 B A B AL b )2 o Pt R
T2 SR U B B B A B A SR X 433X AU 2 R
PE o ARSCBRTE T AR 3 HERE BRSP4 MY 22 S I
DY IE B FEAT Ok . BBy P A Ik 28 1 A G, T P RN E e
Ao B DA A5 212 20 B0 048 8% R 43 A v SR AR AR B, 358 T i B
i 1 P YN Pk o FE B3 ) ok 30 5 36 P iR W T 2 S5 P U B S A
Ak B L, AT DL 7E A R I3 38 RN A 401 S0 47 it T8 10 1 L T
H b R B L 7E Yelp I Amazon EUHE 4t NDCG 2 &=
T 3.9% . MRR#EET 4.7%.,

T TAERTE B n B [ e 52 07 F & i P A B
TR — LR m AR R AR, AR T D AT
W AT AN AL FE W Y AF R TSR 2) AR S R
BT H P ID JE A, R kR RS P R BIE B it s 6
Fm e o B

2 % X #f

[1] WANG Z S,LI Q.WANG J.et al. Real-Time Personalized Re-
commendation Based on Implicit User Feedback Data Stream
[J7. Chinese Journal of Computers,2016,39(1) :53-64.

[2] HUANG C L,LU Y X. Research on Hybrid Music Recommen-
dation Algorithm based on Collaborative Filtering and Tags[J].
Software Engineering,2021,24(4) :10-14.

[3] YEHUDA K,ROBERT B,CHRIS V. Matrix factorization tech-
niques for recommender systems[ ] ]. Computer, 2009,42(8) :
30-37.

[4] LIH Q.WANG Y X,CHEN Z D,et al. Ranking-Based Super-
vised Discrete Cross-Modal Hashing [J]. Chinese Journal of



184

Com puter Science T HMLE2:  Vol. 49,No. 12, Dec. 2022

(6]

L7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Computers,2021,44(8) :1620-1635.

WU Z B,YU J Q.HE Y F,et al. Multi-level Semantic Binary
Descriptor for Image Retrieval[ ]J]. Chinese Journal of Compu-
ters,2020,43(9) :1641-1655.

ZHANG Z W,WANG Q F,RUAN L Y,et al. Preference pre-
serving hashing for efficient recommendation[ C] // Proceedings
of the 37th International ACM SIGIR Conference on Research &.
Development in Information Retrieval. 2014 :183-192.

ZHOU K,ZHA H Y. Learning binary codes for collaborative fil-
tering[ C]J // Proceedings of the 18th ACM SIGKDD Interna-
tional Conference on Knowledge Discovery and Data Mining.
2012:498-506.

SALAKHUTDINOV R.HINTON G. Semantic hashing [J]. In-
ternational Journal of Approximate Reasoning, 2009, 50 (7).
969-978.

ZOU A, HAOWN , JINDW , etal. Study on Text Retrieval
Based on Pre-training and Deep Hash[]]. Computer Science.,
2021,48(11) :300-306.

CHEN Q,DAI Y W,LIU G ]. Research on KPI anomaly detec-
tion model for intelligent operation and maintenance[ J]. Journal
of Chongqing University of Technology(Natural Science) ,2022,
36(6):181-188.

ZHANG H W,SHEN F M, LIU W,et al. Discrete Collaborative
Filtering[ C] // Proceedings of the 39th International ACM SI-
GIR Conference on Research and Development in Information
Retrieval. New York, USA,2016:325-334.

HUANG X L,CHEN C M, LIU G H. A hybrid second-order to-
tal variational noise reduction method for radiation-resistant
images [ ] ]. Journal of Chongqging University of Technology
(Natural Science) ,2022,34(4) :585-594.

CHAIDAROON S,FANG Y. Variational deep semantic hashing
for text documents[ C] // Proceedings of the 40th International
ACM SIGIR Conference on Research and Development in Infor-
mation Retrieval. 2017 :75-84.

ZHANG L,ZHANG Y D, TANG J H,et al. Binary code ranking
with weighted Hamming distance[ C]// Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR). IEEE,2013:1586-1593.

LIU C H,LU T,WANG X,et al. Compositional Coding for Col-
laborative Filtering[ C] // International ACM SIGIR Conference
on Research and Development in Information Retrieval. 2019
145-154.

CHEN W J. An Adaptive Approach for Knowledge Representa-
tion Fused with Topic Feature[ J]. Computer Engineering,2021,
47(1):87-93,100.

OOSTERHUIS H,RIJKE M. Unifying Online and Counterfac-

[18]

[19]

[20]

[21]

[22]

[23]

[24]

tual Learning to Rank: A Novel Counterfactual Estimator that
Effectively Utilizes Online Interventions[ C]J // Proceedings of
the 14th ACM International Conference on Web Search and Da-
ta Mining(WSDM ’21). Association for Computing Machinery,
New York,USA,2021:463-471.

CHAIDAROON S, EBESU T, FANG Y. Deep Semantic Text
Hashing with Weak Supervision[ C]// International ACM SIGIR
Conference on Research and Development in Information Re-
trieval. 2018:1109-1112.

ZHAO B Y,WANG L S,ZHANG M l,et al. Random Plaintext
Collision Attack Against AES Algorithm with Reused Masks
[J]. Computer Engineering,2022,48(6) :139-145,153.
HANSEN C,HANSEN C,SIMONSEN J G,et al. Content-
aware Neural Hashing for Cold-start Recommendation[ C] //
Proceedings of the 43rd International ACM SIGIR Conference
on Research and Development in Information Retrieval. Associa-
tion for Computing Machinery, New York, USA,2020:971-980.
LIAN D F,LIU R,GE Y,et al. Discrete Content-aware Matrix
Factorization[ C] // ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining. 2017 :325-334.

ZHANG Y,YIN H Z,HUANG Z,etal. Discrete Deep Learning
for Fast Content-Aware Recommendation[ C] // ACM Interna-
tional Conference on Web Search and Data Mining. 2018.717-
726.

SUN Y,PAN J] W,ZHANG A, et al. FM2: Field-matrixed Fac-
torization Machines for Recommender Systems[ C] // Procee-
dings of the Web Conference 2021(WWW ’21). Association for
Computing Machinery, New York, USA,2021.:2828-2837.

GUO F Q.MENG F R, WANG Z X. Rumor Stance Classifica-
tion Algorithm Based on Variational Auto-Encoder[ ]J]. Compu-
ter Engineering,2022,48(2) :99-105.

DONG Jia-wei, born in 1998, postgra-
duate,is a member of China Computer
Federation. His main research interests
include recommender systems and so

on.

SUN Fu-zhen. born in 1978, Ph.D, asso-
ciate professor,is a member of China
Computer Federation. His main re-
search interests include computer vi-

sion,data mining and data analysis,etc.

(BEAL 23 - T A7)



