%43 A% 11 T RRFFR Vol. 43 No. 11
2020 4 11 A Journal of Chongqing University Nov. 2020

doi:10.11835/j.issn.1000-582X.2020.11.006

N R N BURY R AAIUE R RS

R OB.% A
(RHAEIRF FEMFEH KT, RA 610059)

BE. ARG ARG EARTETRAP YNNI L RETH, ATRBEZ AR, ZH
T TRBENIRE . EE2EARP- YR X EXNEHEN A EA ST EFRESHIZERRAG T HE T
X, XPRETATARBTAFGAFEAAMBEM ARG RAELZF(LWY), 5 k%40
P AT A Febn 5045 8,18 3E word2vec £ F SE AR A THF ER L2 HEDHRE,
R PHEABMMEFTEFNEEIN R, RE . EATHEE LN PHEES R EF XA 6 AN
AT, R ER AN LWV B e F Ak R AR SR AT B
KA EAF A,

T A A RIEBEBT A word2vec; AR A H B4 B

RESES TP18] XEktRERD A X EHS:1000-582X(2020)11-052-11

Recommendation algorithm based on label auxiliary edge optimization
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(College of Information Science and Technology , Chengdu University of Technology , Chengdu 610059, P. R. China)

Abstract: The traditional bipartite recommendation model only considers the historical interaction behavior
of users and items. In order to provide more accurate, diverse and interpretable recommendations, it is
necessary to fully consider the label auxiliary information and the calculation method of weights on the basis
of user-item interactive modeling. This paper proposed a recommendation algorithm (LWYV) based on
natural language processing for tag similarity auxiliary edge optimization. This method combined user
historical behavior and tag assistance information to generate new edges for node interaction between nodes
through word2vec and constructed the weight of the edges to update the recommendation list of the basic
recommendation algorithm. A comparison between this algorithm and the benchmark algorithm in six
public evaluation standards on the public data set shows that the updated recommendation algorithm of
LWYV achieves a better balance in terms of accuracy, diversity and novelty than the original algorithm.
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Fig. 2 Word2vec model
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Table 1 Examples of five semantic and nine syntactic problems in the test set

Type of relationship Word Pair 1 Word Pair 2
Common capital city Athens Greece Oslo Norway
All capital cities Astana Kazakhstan Harare Zimbabwe
Currency Angola kwanza Iran rial
City-in-state Chicago Illinois Stockton California
Man-Woman brother sister grandson granddaughter
Adjective to adverb apparent apparently rapid rapidly
Opposite possibly impossible ethical unethical
Comparative great greater tough tougher
Superlative easy easiest lucky luckiest
Present Participle think thinking read reading
Nationality adjective Switzerland Swiss Cambodia Cambodian
Past tense walking walked swimming swam
Plural nouns mouse mice dollar dollars
Plural verbs work works speak speaks

3.2 WiRHESE

N VRS LWV BB F R T 3 A3 ESE 4 . Movielens-100K , Movielens-1M il Last-FM, il {/]
AT V5] FF HARB /N B J7 T & A A T

Movielens-100K & 1M —AN "7 F T H 52 HERE I B0HE 46 5 HL 38 0 S RB H T word2vec 11 AR I 1)
P 2 K G i ok 7 8 P 52 BB M B o D 1 R DR s o o S A R AT A S SR g, R — R 3 B B
i B2 N7 FEAT IR SR L R A5 R P

Last-FM:iX & M Last.fm 7E2k ¥ AR R GECHE A & AR WO 2080 46 v, 35 sl il o W W) RN B 1 G
HARBEH T word2vec BYER 804 TR E0H 0% 52 33 7 E A7 1058

F2 BEKEHIR
Table 2 Data set description

Item Movielens-100K Movielens-1M Last-FM

# users 943 6 039 1 890

# items 836 3 158 10 226
# interactions 41 430 766 108 84 437

# tags 9912 19 395 102 440
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Bl 25 ) (] a2 B ARG 0 AR IEAR I SO, )k DG R A HE IR SR B 2 R T . 5 R R0 4 B Y B 2 4 I 2
BRY B I R], I HL4EBETE 300~600 BYE BN HERH R T A S, SO R AR $F 300 4E B2 T (1) word2vec AR
THE AR 2 AR U
K3 AFEFARELET Word2vec # i 1H tb %

Table 3 Comparison of Word2vec accuracy under different word vector dimensions

Accuracy / Dimensionality 50 100 300 600
Semantic Accuracy[ % ] 15.2 26.1 50.0 50.6
Syntactic Accuracy[ % | 23.2 35.8 55.9 57.0

RHTHE LWV ST ENBiaa AP WEN =3 EP R miiaE, €XT 24038 K fiM, Hp K
FRHEFE VL I 45 vh RS T P HERE O IE B S 22 A MR S 052 A R RS P AR 38 A A B
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Ao . C REWE A 2 M AE TR A PR BE L A RS BE A28 3R T C 0 88 vy 300 B B30 2 0 T P G AE 5 3 i 1) i
F1ktT . SCHAE Movielens-100K , Movielens-1M Hll Last-FM _F 8EAS [6] 9 #2251 26 K BF (1L-20L , L =50) 3
T TR 3 i,
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—— 1M
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03[
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Fig. 3 Comparison of C values on three data sets
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ATLAE L7 3 MG . C Fe A 8L, 13L , 19L B B T W8I, % B8 31 4 75 371 6 4 J3 X 330 vk it 1) &2
FPERYS AR C ES TS OLT AR AT BE L0 91 3R b 3R A5 B 2 W0 IE Wl A i . SO e 4% n = 8L A
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Table 4 Comparison of algorithm performance on the three data sets

EVEITE Bk AUC P R H I N
ICF 0.6645 0.0571 0.3328 0.6706 0.3141 180

LWV-I 0.596 4 0.064 3 0.330 4 0.634 4 0.305 8 187

UCF 0.803 8 0.051 6 0.296 9 0.484 8 0.361 1 216

Movielens-100K

LWV-U 0.814 0 0.057 2 0.304 9 0.432 5 0.382 0 177

CosRA 0.670 8 0.058 8 0.330 8 0.664 2 0.239 9 166

LWV-C 0.680 4 0.062 9 0.339 9 0.688 0 0.214 8 139
ICF 0.725 3 0.088 1 0.363 8 0.722 6 0.363 8 1320
LWV-1 0.845 9 0.085 3 0.373 9 0.542 6 0.355 6 1 895
UCF 0.864 5 0.064 6 0.260 2 0.416 3 0.442 7 1632

Movielens-1M

LWV-U 0.767 7 0.065 8 0.301 9 0.370 0 0.436 3 1 486
CosRA 0.726 0 0.085 3 0.374 2 0.683 9 0.343 9 1 385
LWV-C 0.579 9 0.089 2 0.374 5 0.693 7 0.440 7 1 446

ICF 0.693 7 0.031 6 0.343 1 0.904 4 0.109 6 96

LWV-I 0.712 8 0.046 8 0.342 1 0.846 5 0.254 6 132

UCF 0.897 7 0.029 3 0.315 0 0.616 7 0.171 1 194

Last-FM

LWV-U 0.904 6 0.031 5 0.326 4 0.543 2 0.201 9 186

CosRA 0.675 3 0.029 2 0.316 5 0.914 6 0.107 3 87

LWV-C 0.495 5 0.032 5 0.316 8 0.912 5 0.075 1 78

6 NAIIEM AR R, B LWV BT 77 51 R 1Y 3 b7 50 170 3 M gcda 48 B oRH X 7 500y 12 7 v
e EHAREME, 5 —Jrm L, Al LWV BB 9505 e A 1 SR B L BEWT W) 22 18] ) 22 R 1R
ST DL i SCAS A AR R R LWV S e B 2 AR SO AT AN AU T AT D AR B0 W el 3 R A
R AT 5 R SR RO MER AR . T LA I A58 R T LWV SR Y 5k RE 8 R R AL S 4 Sk T
TEAREAE W bl NTTHERE 25 T
3.5 HROW

SCHRE 3 AR B SR 2 S LWV BT 1 3 R LA A A S BEAL B T 100 A4S P OF b U
AL BN 50 45 %  LWV B8 i (94 17 5005 20 4a A T P RS T 50 A8 b O SR 91 3%
B avpar i oAU IR ki LWV SR 1T BR824y ity o 1290 i Al 92 A D4 o 5 T A A L5 B
I RFIRLEAE AR b 5 0 P A S S EAR R LWV 3R A ST f5 IR 8 20 0
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