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Hybrid recommendation algorithm by fusion of
topic information and convolution neural network
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Abstract: Aiming at the problems of data sparsity and inaccuracy of recommendation results in the traditional
collaborative filtering algorithms, a Probability Matrix Factorization recommendation model based on Latent Dirichlet
Allocations (LDA) and Convolutional Neural Network (CNN) named LCPMF was proposed, which considers the topic
information and deep semantic information of project review document comprehensively. Firstly, the LDA topic model and
the text CNN were used to model the project review document respectively. Then, the significant potential low-dimensional
topic information and the global deep semantic information of project review document were obtained in order to capture the
multi-level feature representation of the project document. Finally, the obtained features of users and multi-level projects
were integrated into the Probability Matrix Factorization (PMF) model to generate the prediction score for recommendation.
LCPMF was compared with the classical PMF, Collaborative Deep Learning (CDL) and Convolutional Matrix Factorization
(ConvMF) models on the real datasets Movielens 1M, Movielens 10M and Amazon. The experimental results show that,
compared to PMF, CDL and ConvMF models, on the Movielens 1M dataset, the Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE) of the proposed recommender model LCPMF are reduced by 6. 03% and 5.38%, 5.12% and
4.03%, 1.46% and 2.00% respectively; on the Movielens 10M dataset, the RMSE and MAE of LCPMF are reduced by
5.35% and 5.67%, 2.50% and 3.64%, 1.75% and 1.74% respectively; while on the Amazon dataset, the RMSE and
MAE of LCPMF are reduced by 17.71% and 23.63%, 14.92% and 17.47%, 3.51% and 4. 87% respectively. The
feasibility and effectiveness of the proposed model in the recommendation system are verified.

Key words: recommendation algorithm; topic model; Convolutional Neural Network (CNN); Probability Matrix

Factorization (PMF); collaborative filtering
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Fig. 2 Convolutional neural network structure

FEZ AT ERE R G WA 8 W BB 4 N 45
F AT B A TR SRR B R LA ) P s s T E
B4 R RSAE L 40 Kim 280l P 25 B b 28 R 24 24 ) 101 H P8 C
R (G BRURRE |, SR 5 24 2] B A9 RRE 5 PMF 25 & F T 9
TE, BRI 424 ) 3 T T H SO IR ZE LE B HER
FEZM T 0 H SCRY Y 3 R U AR R, S BEAR I H SCAY
HIZ2 )28, S 20T T H PR SCRY AR 2R BEIUA AN 42 1hi
2  LCPMF & £33k

AREEFEENLLF ZA A 43T LDA 5 CNN (R
HE B 47 5% (LCPMF) .

1) 4 44 fil & CNN 5 LDA (% H & A8 i3 % (LDA and
CNN, LC)FERY, 338 1 43 W 050 H PRI SCRY AE s 5 SOk i v
TERFAE IR 5

) ARE LDA 5 CNN FAE R EIE AL, 53R PMF #5281
AR LC 2545 10 22 AR fE ST Ak =2 U5 30 RRAE 2%
FFHER

3) 4 BRI AL 22 )5 Y bR BRI A BOR fit i 72
2.1 FEAEFBMIMERMEMEITIL X AEE

ELAT BYAH PRI AT H P8 SCRY SR B I H 45 1R 36
TNIBAETERE PR — PR FUERR AR S ), 255 25 R R
AE S Z1E SUE B A SO Jefli H word2vec 5 Glove 14 27 7]
SR g AT DR b A A 3R] g ) ) AR 0 S g )
HRAE]—ANBr 1Y 25 (6], BEA b R AR 1018 A58 . #arid
AT 2 05, 43 M ] LD A 2 A 26 10 SC AR 3 AR 2 ) 4%
X H IS SO A
2.1.1 R XAELDA &AL

LDA S —Fft T HE A5 A (1) 32 U AU 579, ok IR S
R RS 0 TS . LDA 2T B R 220 1R AE 2 A Y
IBCZR , (EJ nT DASRICH H P8 SO A0 224 il 35 R A B 2R .
i LDA PRI H PP ORI 7R FUFR IR, 7250 H 176 SRy
BAEE B —4T —AT0H A S, B —AT0 H ATEe
fREE T — b = T B ) — R A iR — A 3 R

T AR Z 1A AL B — AR AT A, A RPER SCAR R B R
N ST R A RE R . D TR AT ORI
T H PRS0 43 32 8043 A R AR EOCH: B — AT H S 32
A7, B 20 B30 B 38R B9 24 43 A SR — A ) R
i [ ATV SCRY B SR LDA DACH R SCRY R 2
F BRSO, T A AT L 22N MR AR R AE, 2R
TR LDA (A% OA K

(W, 13) = p(W, k)= (1)) (2)
Horbrow, | R E PR TS n B sk, 2R SR X R Y 3
B, AR SCAE I H IS SRS - A ) A R R

BB M AT E PSSO Y, 3 R H IS S
R4, v AT H R A Al R R

F R TR AT BT X R 14 B 43 A
FHE— B3]

H B3 AR 1~2 B A SR T A A R
Je i SRR Y | T ST SRS AR SR SRS SR SRR L =
EHER SR

B B4 SRR AT G LAY BT A3 5 A A 1) B
R, FE5 X N A S A T AR TR 5 SR IS R TINAN A B 32 ] )
FR,

RS RS SO Y SRR 3 A ) AT R
TR, IAAS 1] SRS 3280 ) d R

F 6 I H IS SO T A £ RN W)
2.1.2 #F# A% CNN &4

A2 M 45 CNN BRI SRR RE 2 38 00 H P8 S0y b
SRR A B R T T IR R (5 B DL 3
FIZ IR AYEE R . CNN T A 22 )25 00T LISRIOT H 18 SC
4 i) =2 18] A AR T DG EB , I > B0 H A 42 R B A K
FICHYZ B AT R kAR 2T H R RS BRI RN
Jr7s

DEAZ

AR S0 A T H TS SCRS A8 5 KK B max-lenguh R
300, 454~ 53] f1 1) 1] £ 48 85 Ry 200 4, 21 A 1) 1) 4 B 2 X
s,

Wl,l Wl,i+] Wl,n
G = W:2,| WZ,:i+] W:2,n (3)
Wk,l WL-,L’H Wk,n
Horfrow, il e o 5 G 3R IR 1) S A R
2)EZ .

FEARUZ R, X ) B I G S IBCRRAE , B AR 4 FH A
B RN BN 345, 45 B AN ) SCAS 4 BR o 28 0 26 1)
FRERAERT LT (4) 205

A= relu(i iwi_j(:) (4)

Horpr: AR HEA BT B BBOTEAE w0, , A 5 relu AR SC
SR I BT PR G 2 6 BUZ B i A Ta] ) AR R

Lt LR B B B2 A0 22 F

A={A, 4, A (5)
Horp A 283 AR IR B I H W8 SCREBTRRAIE , 7 N
EHMALZ A

3)MWALSZ

A2 R fe Kb A, Ak 9 /0 (300 — W EhE H +
1) x 1, B R — M, X S (P ko, A5 2]
— DRI T TR B



1904 HH AR % 40 A
4)%’3"?1'2[2”5’@ 2 ML T 2 s
R|\U,V,0%) = N(R,| UV, (8)
ik R T R LS R T H 47 rglvv-o?)=T1I1 (077, )

TP B AR 22 I 45457 S £ 151 ) P8 SRS B 4 ) i A 1]
I8 B I DS SCRE B IR E TR SRR, X (6) 1) L4k
25 [A) A T LS

cnn(w', Y;) = relu(h,{relu(h,d, +b,)} +b,) (6)
Fo by by W R R b b, B 5 d, R A2 R Y,
A B2 2 A 50 S S B 28 M 2% B S50, e G B R
5 I 245 1) B HE A4 5 B 5 AR [V 40 i PMLEF S8 vp (1 ke
I [ 24 A 5
2.1.3 @A LDAACNNZKIR B 8 % BREAF

ffi I LD A #5580 i1 CNN A 50 3R BCHH [+ 248 32 119 700 ) 5 2 1K
Y R B RZE UF B 25 08 T W H e SO R H
PRV AE 1 B RBURE E T o)t 7 2 B i A 2 2 000 H PR 0
AR IRZTE S . A T RIS A 5 R e & L i
Zh Tk PRI 3 SE R ISR A B B RO U AR
FH A3 A IS SCRFAE , an=X (7) R

v, =(1- )b, + w-cnn(w',Y)) (7)
Henn(w', Y) B Z 0D B U 42 N 25 CNN AL 2175 21 9 SCRY
(O RFAE 5 0, A 38 b 3 RS AU LDA 2B SCRS ) IR AE s o0 2Ky
A . LDA SR T LASREON H P8 SO 24 i 3 e o
MR, 2N T HFAE Z (B A R, 1l CNN HPOR BB 48 SOy v
KREPE A F V(S B ER AT ISR AR (5 B A & R Sehy
ZIEER FR o T Lt sR K T A A Ak AR 2B I H
TEIS SCRY ), X 30 H I8 SO, R 58 T 300 H 3T SCR Y
JeEBAE B, M T I H WS SO 4R F B A5 215 H TS
SCRY Y Z IR IR FR R URIT H DS SCRY R AE SRR 4 1 (] 5T
TRk B R gl A MR IR PMF
2.2 BAEEWMINERMHZMEIHEREEER

BT ot A 2 1 B I 3 30 vk P BB A W 1 N A R 2 SR N A
BRI, 32 T 2T LDA 5 CNN BB 38 56 B 43 A HE A 70
(LCPMF),
2.2.1 #MAEHA LCPMF

B E M TA M CR N LDA F AR5 CNN(LC
BRSO H PSSO 2 )2 RAHIE R IR Y SR 5 44 2 )2 R
AR FHF I8 H W BT v, o LDA 32 AR 46 1 5 CNN
i R ER S PMF A9 B R A8 ] s s L T P R H 7 U
5 I B R T V AN PR R, W 3 TR

*@*@‘-@

LDA
PMF
@ |-
~
I~z ,
w
f
a2 CNN

3 LCPMF 5[]
Fig. 3 Probability diagram of LCPMF
B3 b RGPESY, ULV o0 9 P 530 HRHIE , 0,8 78
I3 Y, R W 28 B w' AU, L R A U 22 1
UL TR
X T G AR I B 20 SRS R PME, JH P % 30 353
R A P

Forr o R IR g T7 2549 o 14 1R 397 D0 285904 (46 285
PR 1 e A8 7R R, RAT T2 1, R I 0.
[ B P B E A IR e = 0,07 = o I TS5
p(U|o§)=f[N(U,.\0,azu) (9)
AL L5 PMF 53 vh AN [6] A 2 < 300 H 9 BROARRAIE 1) 2 AN F- i
150 T 23 A A B, T R E USRS G, 432 - T H T SR
Y, 4 B 22 R4 AT o', SRS 0, B . R B
PALZ G I H BRI A 25 AR 3 18 0

p(v']or) = TIN(v/[0.0%.) (10)
Horb v A AN S B
V' = w-enn(w',Y)+ (1 - )6, +p, (11)

V3R A LDA 5 CNN (Y50 H FRAE ) &, X T B A 55 H
PPIE SCRIZ FH LDA A2 iUy £ A5 IR M 6, ~ Dirichlet ().

TR W 2% 00" 5 72 T 7 A IR DN 25 207 A4

w' ~ N(0,021) (12)

b, ~N(0,021) (13)

M LC LA ERHR Y 5 H PPI8 SRS 1 22 2 IR 3R REAE 1] 1
ERTHWBRRET, KhmEHMERERFHENEN o
enn(w', Y) + (1= )0, 75250 p, B 704
2.2.2 AEAKAL

R T AR P B R R BRI 5T i 2 25 R LC Y Bk )
St RS Al T AR D A AT A

p(U, v, w" R, Y, Tr O b a'f,., O'i.r) oc

p(R|U,v*,a,ﬁ)p(u\aﬁ,)p(v*\aj)p(w'\ai,) (14)
Horp o v EH P A Z 5 5 B RACRIE 46
W5 v, o B BN 22 ) 4 5 BT A, o0 ARERAT 1 5 B
25N 25 55 32 AR TR A A T ZR B
Xt (14) BOGEL, A5 5209 H AR BB T FIrs

1 &M . A
Loss = 5 X 2L (R, = VU + SN0, +

A,
22
A'A‘ ’
EDTIRD I T 1)
Hop o R, WA B Z 5 B RIS FE E (0renn(w',Y)) +
(1= w)6)" U RTINS U V&K 550 H BRAE ;0
A BRI 28 BOALEE 5 Y, 0 B BRI 28 BT 5w, 1R
BAR) K Oy F25 0, R A A H B A, By = o/ o,
A= 0'2/0'3,,/\14;/ =d’/ol.
HRE Loss 1 2% bR EGIEAT SR T, SR FABR BE T Ky X P
et ) AN B ) S A TR R . TR IR
U —(VLvT+ Aulk)ilV*R,. (16)

v, = (1- )0, — w-cnn(w, Yj)”2 +

v, —(unur + AVJ,C)_IURj +
A ((1- @), + @-cnn(w', Y))) (17)
Horp L X A S A ENES . X17) 2
T H AT AE 1] 4 S CNN BERLS LDA B8 il -5 2 J5 55 H 3



%78

WAREE RS T B R AR 2 M %0 RARFE IR 1905

W . A UMV Z )5 AR AL 2 J5 i 00 H B
A ) 2 5 % A A 00 E A R e 1R 22, R AR 28 I 1) 4%
&AL I B B 2 M 4 S5

BRI Z G B B w2 AN H BRn) i, B 2T
WL R, = UV,
2.2.3 HikRAKRAR

H£T LCPMF PR AR A T s .

wox PPN R, B H R SR Y 5

ko HIES R .

BB R AR R A, Az S P A ) £

F B2 WFAATE AP SRS, A LDA 32 AR
HUGEIE PF8 SCRY R AT AR, AR I B 2 VR AR I A 2
I[EISEZ

F B3 XA E F PR STRY , I 2 A 28
46 (CNN) A BUT 30 H PE38 SCRYIEAT #AR, AR it B 19 42 R iR
BB E R R,

T B4 IR (T)EEE AT 2 A B 315 2 (100 H A
FEAE, AR R0 H 2 2 KR A i

FBS AW UM EH ) BRI AR 4155
P i v AEARRAE 1) i, B A5 iR Ak =2 05 B AR iR (15)

e MK (16) (17)EHU S5V, .

FHT HERANTIIES R, = UMV

3 L EERHA

3.1 KIIME

X H GPU Tesla P100-PCIE-12GB; #: fF & & H
Ubuntukylin-16. 04-desktop-amd64 ; Y B PR BE Pycharm
2018. 3. 1 x64; JF & 15 N Python 2. 7; ¥R & 2% I HE 284 Keras
2. 2. 4; )5 ¥ di F TensorFlow 1. 8. 0,
3.2 KREETFMNARE

ST PPAG RS Y Y AR RE L SR T34 5 iR 12 22 (Root Mean
Square Error, RMSE) . °F 33 48 %} { 22 (Mean Absolute Error,
MAE) VA PP A5 o 388 2 79000 6 A 0 552 {8 22 [ ) 22 BE R S
WA AER R A I 3R , MAE 5 RMSE /N, 1035 M 22 45 SR
FEEERU . ARSCRA B WiRh oy AT, B =

(18)

MAE:iT;\Rij—léi,\ (19)

Horr: THROR MRV 310 S8 R, F T i 0 T H j A LS
VRO s R, P i X300 H j I B0 F 3
3.3 EZWERSIT

7 3 R B BCHE 45 4 Movielens 1M . Movielens 10M Fil
Amazon HL LB IEE . BIEE D AHEM A KT 4
Amazon BH5 86 & PFIE R . Movielens $ 4 8 Y 18 3C
P4 IMDB dfs 46 AR, Kdla S TRA A an 3k 1 9

PR AR AR T IR 8 1 L B LB 2 I 2kl R SE
WHRAE , 43 BT MAE A A RMSE A1 .

F1 FHRBEEFMARR

Tab. 1 Detailed description of experimental datasets
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Fig. 4 Influence of parameter w on RMSE
IIHTSEL w X LIV B AR E MAE (E 195200 , 525645 5 4
EI5 iR . LS ] LIAS H : MAE B G AR S48 w 13
IJE S TR, Z )5 — BTk, A0 H e AR P, LDA 48
FRAE 5 5 /N ACEE AR 45 CNIN BB SCRFAE 5 $l 45 /N A E B
AT 5 9 75 05 B B0, {H )2 2 =0. 5 I, RMSE 5 MAE IR
/J\ﬁO

0.663

0.662
A 0.661 -
<
= 0.660

0.659 -
0.658

0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9
FLE

K5 S8 Xt MAE 5200
Fig. 5 Influence of parameter w on MAE
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Tab. 2 Influence of parameter A and A . on RMSE and MAE

Ay Ay RMSE MAE
10 10 0. 883 64 0.691 34
40 10 0. 84794 0. 663 50
60 10 0. 843 03 0.661 14
90 10 0. 84155 0. 659 55

120 10 0. 844 62 0. 662 67
10 20 0.864 13 0. 676 28
10 40 0. 849 05 0. 664 65
10 100 0. 844 55 0. 66195
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Fig. 6 Influence of different parameter K on RMSE
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Fig. 7 Influence of different parameter K on MAE
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Tab. 3 Influence of parameter L on model performance
i ps RMSE MAE YR /s
25 0. 846 48 0. 664 38 289.4151
50 0.84155 0.659 55 2047.278 0
75 0.84195 0. 658 86 5965.914 0
100 0.84201 0. 660 02 25110.2300
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Tab. 4 Influence of parameter max-length on RMSE and MAE
max-length RMSE MAE
50 0. 843 36 0. 660 59
100 0.84221 0. 660 05
200 0. 84208 0. 659 88
300 0. 84155 0. 659 55
350 0. 842 63 0. 660 54
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Tab. 5 RMSE comparison of different algorithms on different datasets

i Movielens 1M Movielens 10M Amazon
PMF 0. 895 53 0. 83595 1.401 12
CDL 0. 886 92 0.81149 1.35533
ConvMF 0. 854 03 0. 805 26 1. 194 99
LCPMF 0. 841 55 0.791 20 1. 153 05
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Tab. 6 MAE comparison of different algorithms on different datasets

IR Movielens 1M Movielens 10M Amazon
PMF 0.697 04 0. 643 24 1.13537
CDL 0. 687 25 0.629 71 1. 050 58
ConvMF 0.673 01 0.617 52 0.91145
LCPMF 0. 659 55 0. 606 79 0. 867 04
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