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=il (15)

S ZHH R FilmTrust Movielen 100 k Movielen 1 M
¢ R R +oo +oo +oo
N SR FE R 5 5 5
min_count /N 1 1 1
batch_size R 128 128 128
embedding_size n] = 2 i 100 100 200
epoch AU L 1 000 1 000 1000
keep_prob 7 B AR 0.5 0.7 0.8
Ir 2 2] 0.01 0.01 0.01
optimizer fifess GD GD GD
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1 M A5 6 040 AP XF 3 706 FBELFZAY 1000 209 A~ i xCIE4 . PE4T % A 4. 47 %. MovieLens 100 k £ 7%
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Tab. 2 Statistics of datasets

J& FilmTrust MovielLens 100 k Movielens 1 M
DR 1508 943 6 040
L/NTE 2071 1682 3 706
4 35 497 100 000 1 000 209

P Tu [0.5.4.0] [1,5] [1,5]

W B/ % 1.14 6.30 4.47




6 WO FE SE B o R %44 %

3.2 XtLb#EEY

ProfileDNN 7E4J 26 £ 1 FE A F ek # i 6937 2015 2 B 6T P A iR AE S B Bl %
JEIF 1] PR 3R . A SCORE 12 05 15 5 AR SCSE B [) 28 2 7 Bp [) 2o 98 5 7 L SVID B30k ( DNIN ol 28 8 4% 46 455 40 3 47
FEER.

TtemCF "+ ) it (¥ 0 70 3o D 2 0 00 o 22 TR R AR AR AR FH 0 D07 sk 8 0 14y 0 o 1) P P 4 4 4 40
JE = .

PMF-" . 3R [ 20 i HE 47 28 G0 A LRIV 22— AR e i DI R) i 98 55 0k BOR AN il A B8 S0 R ) 000 42
WA AR Kb B i 1) A0 4R 1T PMIF BB SRR s i ELAS P17 1) K dl £ 1 BAT AR S g e K.

DNN LR o 22 D 2, T8 FE ol 222 00 24 T LRSS DLt B o G A2 A A A L SR T DEIE L P 1D 5 4
ID £ one — hot i fith 75 2 S T8 B 1l 28 00 46 8 i A o (o P T B ol 28 T 28 5 3R A5 45 2R

SVD* . 2 S 3 A i 7 50k A T o A v R v ELA W A D 34, SVD B SR G I 40 S o 0 fie
I w2 U P4

NeuMF-"" ; NeuMF %5 & & 45 i) 5 B 43 i 5330k 0 22 J2 ML T () B Joly BAVG 208 s 48 1) R 4F , B 1 57
FIHEREROR
3.3 MHEEME AR

¥ iR 25 (Mean Absolute Error, MAE) #1345 77 #R 1% 22 (Root Mean Square Error, RMSE) S 7 £ 7% 15 4
FE RIS fie B TR FE AR, AR SCRLX PN F8 B O i A B 4 SR R B . MAE 3R 48 X 15 22 1 V-S4 (6L, w] S g
T 5 ST (1 22 ) 4 i 25 D 2 /N OO 006 R 7o o A8 A 4 A0 SR T A 500

1<y, .
MAE = ;E\y,—y[\, (16)
i=1

Hrif, 5, H ProfileDNN A T BT 45343, v, B ESCE47.
RMSE 2 ] i 15 22 114 - 35 R /N 3% 7 15000 {8 5 52 B 0 22 18] 3 7 22 53 5 I94E 10 S 7 AR A
AN

1 m R ,
RMSE = ;E(y,—y[): an
i=1
7 25,18 (floating — point operations, FLOPs)™** Fi sfe ffif it 3k s A0 ) 42 2 3. H 3 A a0
FLOPs= (21 —1) O, (18)

Horr T A AN RIGERE O Syt i1 4 2
3.4 EWERSDW
3.4.1 REVAEA 694 5 AR AT b

ProfileDNN #8271 55f [ SR 7E 3 2H 4044 iz 47 /545 3 19 RMSE Al MAE f3€ 3 #13€ 4 iR, ItemCF
B (PMF B3R SVD S0L 5L T V¥ 43 6 BE A THERE L 32 B0 B 1k 1452 L 43 ME 1 e 01K, DNINASE 7 fiff
JHR A RS 7R FH P W0 i« 25 5 v AE s 5. ProfileDNN 3 o 4% 7 X R AR 4 B2, LR FHPF 20 1 R A & A
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Tab.3 RMSE of ProfileDNN model and comparison models

Models FilmTrust Moviel.ens 100 k Moviel.ens 1 M
ItemCF 0.882 4 0.969 7 0.955 6
PMF 0.823 1 0.933 5 0.897 1
SVD 0.822 8 0.922 3 0.907 5
DNN 0.824 2 0.929 6 0. 880 0
NeuMF 0.810 6 0.906 2 0.859 3
ProfileDNN 0.804 7 0.896 0 0.855 0
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Tab.4 MAE of Profile DNN model and comparison models

Models FilmTrust MovielLens 100 k Moviel.ens 1 M
ItemCF 0.657 3 0.749 1 0.731 3
PMF 0.640 5 0.753 2 0.735 6
SVD 0.634 6 0.746 7 0.721 8
DNN 0.648 2 0.7250 0.692 8
NeuMF 0.632 6 0.712 3 0. 687 6
ProfileDNN 0.623 3 0.703 7 0.676 4

5 NI RSB B S AR BEXT HE. NFE 5 FT LU Y AH HE AT P % 1) DNN A BT NeuMF £
B4, ProfileDNN HEH ) FLOPs B A Z B8R /1N 52 2% BE S 1K 33 J2: PR D 7 00808 D R LA g ) 2k A 24 18 32
B 77 A2 il A B8 B T 3E 5 Word2 Vee B F5 I 2445 21 A9 FH P R4 i 45 4 B2 2 [ ELAR 4
F14 o il A JZ 9 52 2% BE AN AR DA T e I 1 A BB ) 2R
RS5 HEMBEMSREILL

Tab.5 Comparison of the complexity of neural network models

Models FLOPs Params
DNN 155 928 78 049
NeuMF 1748 674 875 481
ProfileDNN 40 856 20 513

3.4.2 4 JE 5T ProfileDNN B2 3 75 45 R 09 % vl
% 6 A i A R 4Rl 100 1 200 B, ProfileDNN B HIZE 3 AN B 4 1 1) R 3. S0 50 K W, Film Trust
Il MovieLens #4419 45 25 5 AW . i F FilmTrust Al MovieLen 100 k £4E 4248/, A8 SCHEHL 100 fE
MR A B 4E . Movielen 1 M iEE 200 1E Ak A ) 548 B
% 6 Embedding size 24 100 0 200 B} ProfileDNN #5 £I 3 3]
Tab. 6 Performance of ProfileDNN for embedding size = 100 and embedding size = 200

el Embedding size=100 Embedding size=200
MAE RMSE MAE RMSE
FilmTrust 0.6233 0.804 7 0.626 1 0. 806 2
Moviel.en100k 0.7037 0.896 0 0.712 1 0.902 2
Moviel.en 1M 0.679 6 0.8571 0.676 4 0.8550
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Fig. 2 Effect of iterations in term of RMSE Fig.3 Effect of iterations in term of MAE
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3.4.4 ARG FET ProfileDNN AR A 3 5 4 £ 69 %R

Dropout""" J& 5 #1 28 0 {4 B8 78 W 45 P 14 L 356, 2 Ak D et 28 0 245 5t BE 4006 A 2000 3 5 AT AR o8 A5 8 £y
e E 4 FE S s, AR R 1 e BRI AE ) MAE F1 RMSE B 355, X0 R Y
TRERER N 1 i AR A i A dropout 75 VA AR B T A A 2850 . S B0 B3k 40045 [R) A, i #E 4 - dropout
TV G R [ HE A OR3P T

0.78 T .
—o— FilmTrust I —o— FilmTrust

0.95 | —— MovieLen 100 k | 0.76 —+— MovicLen 100 k
—&— MovieLen I M 074 | —&— MovieLen

1 0.72
0.90 ('\*/‘\*/*\‘E \/\—/
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Fig. 4 Effect of dropout in term of RMSE Fig. 5 Effect of dropout in term of MAE
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Collaborative Recommendation Model Based on WordZvec and Deep Neural Netword

JIN Nan', WANG Ruiqin'?, LU Yuecong'
(1. School of Information Engineering, Huzhou University, Huzhou 313000, China)
(2. Zhejiang Province Key Laboratory of Smart Management &. Application of Modern Agricultural Resources, Huzhou 313000, China)

Abstract: Score prediction has always been the core issue in the research process of recommender systems. In
view of the widespread data sparsity problem in the current recommendation system, the inaccurate prediction score
and the high complexity of the neural network model, a deep neural network model ProfileDNN is proposed. The
model draws on the Word2Vec characterization learning method in natural language processing to pre — train the
embedding vector of the item, then uses the item embedding vector to construct the item and user portrait, and fi-
nally learns the users predicted score for the item based on the deep neural network model. Comparative experi-
mental studies on three public data sets show that the ProfileDNN model is less complex than similar models, and
the recommendation accuracy rate is improved by up to 1. 1%.

Keywords: recommended system; embedding; Word2vec; representation learning; deep neural network
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