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Abstract

Word2vec is the important algorithms of word embedding in natural language process-
ing. Traditional training method regards random negative sampling as the objective
of optimization, which may cause some samples to lose their contribution in the pro-
cess of training. To solve this problem, this paper proposes a hard negative sampling
method based on cosine distance. This sampling method can be applied to CBOW and
Skip-gram, which we call HNS-CBOW and HNS-SG. In this paper, the original ran-
dom negative sampling process is divided into two steps. First, we calculate the cosine
distances between the negatives and the target, and then update parameters by using
the hard negatives which close to the target. We use a Wikipedia dump as corpora
and conduct experiments on the Semantic-Syntactic Word Relationship test set. After
analysis and experimental verification, the quality of word embedding based on hard
negative sampling is significantly better than the original word2vec. We also calculate
the accuracy of some pre-trained word vectors that have been published, such as GloVe,
on the Semantic-Syntactic Word Relationship test set. The HNS models outperform
all other baselines, often with smaller corpora.
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1 58

TWHRA AR E BRES AP (Natural Language Processing, NLP) A5 #— T fitff T
1B, ER—MAFRAR 718 LS AP RSHER &, R TSR RIEE R m4E - Mg s m -
TG F ] B 24 (AR AT AR F— RPINLP N ilfmE, Han, 5 EKE(Ye et al., 2016) -
XA 453 (Miyato et al., 2017; Lilleberg et al., 2015) « AJ¥%453 4T (Bansal M et al., 2014) « fii44 &
IR (Habibi M et al., 2017; Katharina, 2015)%

BRI IR AT B9 kA F AR R Mikolov(2013; 2013)# Hi fiword2vec B Ik o 151 LI EE K
RS MR EA, EEENHUREE (Negative Sampling, NS) #4704k, HEBEN T&E—
ASEPRIE, HR S T FRIFSRME 2R BAATL L B — 5 3 U AR B T 280G 8T - (B RENL R — ik
fase, BREAREES ZIRES HITTENE KRB L, S XRERNMUSRTTERE, 1
ANHITFHE B Jo & AR,

R, KR E T —METIEMAKREE (Hard Negative Sampling, HNS) ML ETE -
AW FEETEE: )RR ERT AZE ARG T, HiEmgs T BETr
15 2)X 58 SFUREE VA R L H S E gt T 7 5 E -

ARIXHEINT : SB—EB0 A T IR AFERAE A TAE; 58 8 e R 1@
SR RO TR AR BAR T 55 =8B 508 i SCA8 kAR T 58 R BRI E U 0 S 4L
AT T 00T ERJE 88 B T AT AEGE 77 1A -

2 MXIIE

Mikolov(2013; 2013)#& ti fiword2vectEZR , Rf 18 {7 B Gt A Lt BB L M R R~ , 78
mEZET, FEIESHEEE TR PRI, i, “King” - “Man” + “Woman” =
“Queen” « RN TFEFHAIMWEMLEIES A, word2veclEZRAIMR T RLERMEZE, AREESH
WMANR - B EME L BERSEEN, BT R EENIE, ZERSSIL T AR R AL
. WX IR, word2vecHEZRAE T T 1% Gt 1 1o 42 0 44 18 5 1620 T LUK AS B & o = 1)1 ik
No BT #E—SIPINGEREE, word2vecE YIRS F T S RAFE R = AT0R IR AE A SRS o
JTIERIRFEMR AR A B A, TR, BRI K

word2vecl] T AR /5, WE IR AEHEM L #T T HBRMAT A - BriHE KXY
fJPennington(2014)#& i T GloVe i 1%, 456 &/ FERE o @ F1 Jm#0 BT 3C&E 1 5B A
RABE — D2 R B LR, 288 A A A [ & & LT % 58 Bword2vec /7
% o GloVeth & H B AT BRIk A BIEZ —, BIEA IR W & O 4 & i 78 B 18 M
U £ o Wang(2015)18 2 T word2vecf 2 it L8 v B F SCHIM X AL E U5 RIRRE T 7E 17
PEFREMIBEE TS LRI ERT - Jio016)@ i A PHERMAREALE, 75
T word2vec BiERR KSR ERNE, (B EEERENENFAERMIHARRRE .

Schroff(2015)$& i fJFaceNetHE 28 , 24 T A MG B AR B W= 28 18] B BR 5, 76 ik A 25 JH]
i, L2BE B T 7 BT RS AOAR LR - SR T — MR S R R AL, 1K R
FUET 2 8T RN ZS A R 3L s B R LSO R R B BE RS, DU SE R B/ MU AE R A~ 2 8] B
BRI RN RME Z R FIBE S - 30A, BEVLAREIE AR A S SBURSCHE S, B
BESC R T SRIEREARISR AR A ORI SR 2 5 i 2 L SR S 1R RO RE AR 22 st A
SRR . IWICFEREH, BREMAS ESMHER BT DR R RE -

ARG S A SRR A AR SR B 0 TR BRI R AT 1AL -

3
3.1 word2veclJ L FXERAE

word2vectl & RS [E A B R SCEIR 1L CBOWHISkip-gram, X B R /7 1AL & N T 3K
BEMARN E T XML R . NEFZE, CBOWRLAE LN Lwi_o, wi_1, w1, we oK TN B R
Ww, HELEIEEE , T Skip-gramI2& 45 %€ H PRI w, T _E T SCwi—o, wi—1, wis1, witg o
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TECBOW S T, X T B bMawlwdf B8 LT X Conteat(w), M3k 5 BEH B #ip(w |
Context(w)), it HIREIRBESEOHES A (1) BERER R -

arg max H p(w | Context(w); ) (1)
(w,Context(w))eD

Her, DRERESFITE BinawsS £ X Context(w) BHERIES -
52 M%F, Skip-gram AL B e 2 3 (2) IR &R AL -

arg max H p(Context(w) | w;0) (2)
(w,Context(w))eD

3.2 TURHEERIMAL B R

ISR A S — M RE 08 52 v 1A i N IR R B R 203 R O B 1) 7 {5 (Mikolov
et al., 2013) L TVEE Xp(D = 1 | w,Context(w);0):& B i ifws £ T L Context(w)H
A HIAEEREFRPER, P, p(D = 0 | w, Context(w);0)& 18K ERNE & B
w5 £ L Context(w)4H & FIMEZE (Goldberg and Levy, 2014) - HRIEE LT, p(D = 1 |
w, Context(w); 0) +p(D = 0 | w, Context(w); ) = 1. 53.17HHFE, S BIZMAEMEBEES
Lo Ry -

BEEF, TR BRI B AR AT LIRS N SRS 80, IR RE T F AR Hisides £
N Context(w)HA MNP R R AL, MNHEHEXTEHEREIAZ(3) -

arg max H p(D =1 | w,Context(w); )
(w,Context(w))ED
= argmax log H p(D = 1| w,Context(w); ) 3)
(w,Context(w))eD
= argmax Z logp(D =1 | w, Context(w);0)
(w,Context(w))eD

RN, B R 2R B S LR X Contert(w) B % SCHABEASEAD, R
1755 MU R A TR, W2t EAR Y4 FBAALp(D = 0 | w, Conteat(w); 0), FE:
IO 5] A 7 (4) -

arg mein H p(D =1 w,Context(w); )
(w,Context(w))eD’
= argmax H p(D =0 | w,Context(w); )
(w,Context(w))eD’ (4)
= argmax H (1 —-p(D =1]w,Context(w);8))
(w,Context(w))eD’
= arg max Z log(1 — p(D =1 | w, Context(w);8))

(w,Context(w))eD’

A XM A KXOF . ZHOME Y T Bt dws £ F XContext(w)H] 1A [A]
o Mve, (vw,ve) € RY, dEAEKE - [FHsoftmaxpiEl, p(D = 10w, Context(w);0) 7l LIEE
WHAK(5) -

1

p( | w, Context(w); 0) 14 evertw

()
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R, TORFRRIRA I B PR A3(6) -

1 1
arg max Z log = + Z log(1 — TT o—verw )
(w,Context(w))eD (w,Context(w))eD’ (6)
1 1
= arg max Z log 15 e—veva + Z log T ovovw
(w,Context(w))eD (w,Context(w))eD’

3.3 WRIAKRES %

FEET IR BA T AT, AR EACSR SR H ER AT « ARIMEEART TS5
SR TS A R0, A2 RERE, FENEEARN TSEER TR fEZ AR, 23]
IXR AR S RN, R T B AR A SR -

09T PRUEAE PR F ST SR [FT B ARAG B i LR AR RN, ERHIROURAERS, fr Bk Re v %
HOEFIR L 2 otik Ay AR . BATTR M T — MBI, AR BT /NS HAE S HIHY
fe] & B R A F AR A B RS R A SR B, BES PRI, SORE A BERB 3R B A DT R MUK -

R, %885 H AR AR B T AT R B T AT AR Z 958 SR « RSO #E R TL R RS
A m) R 2SR PR SR Z R RIRE RS, SRR E LI AT(T) -

I (GNP (G
I £ T2l £GF) o (7)

Hep, JARARIRN f (o), SRR BEE] [0 825 B, R TUOREER, A 1A B
SRR AR 2 BE ) H AR 2! RS -

FERATIRTUCRAERS, R TE— Hinid, #AER NS E#Rargmin, XFEMTE
PARTCIE R, FIR, 2RERE AW ] S BRAT R AR - ik, —
DTS WEIARRTT Z0%, BRRR A e — /NI EE  (mini-batch) /EJ9 805 R
g%%,Eﬁﬁ%ﬁﬁﬁﬁﬂ&ﬁﬁ%%¢?ioﬁﬁ%ﬁ%ﬁﬁﬁﬁﬁ%%%ﬁﬁ@ﬁ@ﬁ

5.

arg min(1

Uw)e
S en U ®)

Hef, Py (w) 2 A8 DA S MRBOE N BEE MR, U (w)2@ ifwfEERE A L
KB, oATFEEEESE, —BEUER0.75, FIFZHE IR mia s D i AL
B B, PG, TAwillE Al BEROE Y B U -

FEEMBEREARESE, BanFRESPmMEIIGEEMERR . ZEl/N, SR
MR TREATTERARBEAR, mEERLA, T TREREIF 2R e arER,
HWSHEHMITIE L « KPR RE, FEBEFEULFA -

3.4 BBICRHNEINE

SFEPLTCREEAREL, SROUCRIEERIR ™ 42 RYBTSNT 35 G5 T R R 52 B B LR 5 BE 2 % 1
AHEFE - AERETHE, BIXQEIIGE MAKERE, NEZHWAL T XHEE, CELTX
PR HARA ) SRR, DRFRERE, HERYLICREET TR AEARTE, negl R kN
FEALE, neg2 @SR UFALIE . CBOWEREHLIURIE N AR A E 2R 2 A50(9), SRICREER
FOBS [R] B 2% B A 3 (10) -

P, (w) =

Q=NxD+Dxk (9)

Q=N xD+ D xneg2+ D x negl + negl x log(negl) (10)

HTAEAREES, k=neg2, Hib, FECBOWITIEN, SROCKIE LBENLHURIE S H AT
B EIEHRD x negl + negl x log(negl), WH5HIFRRTHE IR A 24 FHET BT neg2 1
AR E

207 - 214 2020 10 30 1 1
(c) 2020



HEESY

T Skip-gram 7t Fifi #1171 2% £ F1 58 071 K B N 59 0 (8] B 24 5 5l 2 2 = (1) 81 2 2(12) -
7] 3, Skip-gramf) 3 AR T IEEE T EMNE HEZC x D x negl, #HFFHERE
&C x negl x log(negl) -

Q=Cx(D+D x k) (11)
Q=Cx(D+ D xneg2+ D x negl + negl x log(negl)) (12)
4 LREERMM
4.1 ERVE

AR ICAE P B VR R EE R B 4 E Rl201980 7 B 2R 0 S0 A E2els A A . ok
FgensimFESE (A IERZE T T B, 7] DO 45 A BRGSO FIHTMLIC AR « @5 5%
TURVREE T EE, RN, SFERES AR NS . H Hgensim—IX A o —FKICFKEREEN
A, BT RABEIS Egensim Al DAMAC AR R KHUTERLE - FFAlER, TEHRIG TR, AFREM
TR -

4.2 ML

TEVEAM AR A& 77 T8, 2K 30K F Mikolov(2013) 76 34 SC A BEFE 1 15 S A 1R AH 56 ) il 52
TSRS, MR R N BRI A ST E VN EE S - MR 6 5 195444040 KA
75K E X (semantic) [FIREFIORIETE (syntactic) [ PR A IEE, 48 H—H M RN
AR RT3, RN S R T ) B o T SR A SR AR A R A [0 R A TR AR 43 o (B IR R
W, MEARIER AR RSB -

X PR T DA O B < akf RIbI, b N AT A2 7o fildn, AR SR 2 (A KR R ETIE
SR “Hbrother®f Nisisterf , grandson®f M AT 47 7, BUHHAKR S « BB IE LR
A “Hbight Nbiggesthf, smalldf AT 47 7o 7 — P EAEREHIR A S B A, LR A #HE T [
sSMRECZE A LIEE . BEITEMEX = vector(w,) — vector(wy) + vector(w.), KRG
TEX B SR ZIE R S A E R &S -

A | & B B RS R 8 H PS4 R SE R VLR, R SGRERSER P AE S - 7
Hh, ANERE HE ATE SBIANR AR, TR 2 B R F A SR A B 7 i, A
TAEHTERR M RZH -

4.3 SRR

A AR ENRZEREZ, A TEE— A HEAEHENSTERE, X — 558 H A ik
MNNGS L, RRERFESHATE—%E: L TFEOKRNRS, ¥ FE H0.05, 1T
KRR N Le-4, ERINGR2K . KERD S ETEword2vee TEECAE, FA TG X LLEOAE
AT LU SR — DR IS R o NPT HNSHIS L, R E Bk M AN EUCN100, 58 AL
H15.

F1FRFATHE THNS T 1% 5 864> © 48 & A1 B TT B 1R W & 7818 -8 A E R b ok
% . FETHNSHIEFCBOWRAIFR 2 WHNS-CBOW, #& THNS /7 1 HSkip-grami& A i 2.
WHNS-SG, HNS-CBOWFIHNS-SGHBYISR T 52845 [ Bl26/2 17 51 i1 REZE « H gl g
R: CBOWHISGHIEZR A FRIE TR 3L[9], LA MMIKERASAER; GloVef)iH [a] &
AFFEAEIERMEEC, ARG ST - 23% 7 [ E 60 IA FI A TE R Lk RIZR T 500k, Hik
IR A EENEEE] . Ao, T A 1R B B AN 405 5 H IR
TR, TG T 1R B R/INKS TR 2R AR

sEIR R HINSHE AL B B /N i 18 R AR 2D A 3K A IR B BE W8 ik B H A AR A
= AR VETR R o Y [\ & KB N 1004E FI3004ERS , HNS-CBOW G Y ETR R & e, 473
FET4.4%F179.8%, [FEF, HNS-CBOWMERER R RS, 95 764.8%M72.3% - (B2, 7
TR b, HNSH LRI A HAR

%https://nlp.stanford.edu/projects/glove/
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Table 1: Accuracy of various word embeddings on the Semantic-Syntactic test set

% 1 REHTRATEE LB HEMILE %

Model Dim Size Semantic Syntactic Total
GloVe 100 6B 65.3% 61.3% 63.1%
HNS-CBOW 100 2.6B 74.4% 56.8% 64.8%
HNS-SG 100 2.6B 62.6% 46.1% 53.6%
CBOW 300 6B 63.6% 67.4% 65.7%
SG 300 6B 73.0% 66.0% 69.1%
GloVe 300 6B 77.4% 67.0% 71.7%
HNS-CBOW 300 2.6B 79.8% 66.1% 72.3%
HNS-SG 300 2.6B 74.6% 57.1% 65.1%

4.4 BERLSH: SRS

AT AR AR A KN ERE RN < 1F [ & K E S S RO TR R & K
M, EFEE ER - BRI R D RV R o R SRS R IR R N R
BB R A BEHL B I500088 K&, 2915007 N IRGIE R - BT 25 B4 FHHNS-CBOWR Y %
15T EER .

—&— total -+ semantic syntactic Etotal Fsemantic syntactic —&—total --#--semantic syntactic
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Figure 1: Semantic-syntactic accuracy on different params

1 RFEIZECTE SRR MR R AR

EE (), BATER T WA KNP 57 AR5 A H L0 38 SR A T ) A
RERI . WEIFFATLLEH, X T10M R AR FPRIEZESR, Y%L & N 15K KE200F, &
R TS BRI ERREVE LW BT B RE S 205 2100/, AR Z A
FHHEEZML, (AR SOEFERRA LR LR ER, A BN RBEE T BRI .

FEEL(b)H, FATH B HHES0007 ~ 150077 ~ 250077 ~ 500077 4™ 18 6] B 18 R # 17 T )l
o BRZHEE, BREBES, WHRAMNICRBEE - 5500077 71145 H 8 F =
HL500 7 R FIMERR IR A T — 5L b o ANt REEERIEFGIEE I, 8RBT Tk
NJBT B PR R 2 T2 W (I T

FER(c)F, FATERR T30 M EKE -, 155 ERGRGARIMMERZE . L
5 15007 1RFI FIERVE, 4 W& K MN509 KEI1508T, WERhRREE [m &K g mE A .
B2 Y 2K EARI3000), ERRMAL T Mg, XRES, mdEm TR = R
RFEHZWNERIKEFIE RENERERE, F, ZEVIZRIT [RI R0} R IR 52 2 FR i 1
HOLT, AHEEFEMERKESLDER .

4.5 MEAHSPT: Sword2vecl i

0T RS LECHNS S word2vec f T AR A, Bl 142 fR4. 4R ZEG EXT N CE D - #13A
AR MR EAT T M), DUEX LS HO REER R AR & . R, &%

207 - 214 2020 10 30 1 1
(c) 2020



HEESY

WA ECN100, SRAFEARNENIS - (ERNH, B Hword2vec TEMS, i@ 7K
AT RAETINGR, BUGRBURAREAR DR E 151 AN, RRERE M EE A
RIERHE AT T 2550k 024 >), BBV R & 15007 Maf], HIEGREAUE DT FIa i AR
RUERRR .

—e— CBOW #-- HNS-CBOW —e— Skip-gram #-- HNS-SG

Y

Total Accuracy
Total Accurac

567 8 910 15 20 25

Iterations Iterations
(a) (b)

Figure 2: Total accuracy on CBOW and Skip-gram
K 2: CBOWISkip-gram /7 ¥4 IR A i %

B2REIR T AN RE A IREC T B THNSHAR A S word2vec T EZEIE Y -TE AN 4R b AR K
R . BATRE, FEMEFMSET, NBCBOWILZSkip-gramtELE , HNSH % JLTF1E
FRERGHEME TESAAE - R, HNSHEWEE HIERR TGN, WREA%
FEIINZRET R AOBRH), HNS T ¥E R LLBUS B 45 3

5 458

AT T — e N Grod e P (6 AR 52 B B A s R AN EE EME R VA« T TR
T SERAERIEAR, 45 G word2vecHITURIET L, BGE T IS HIBBE « ASUER AT
HTE SVEVAIINAEE, IEA T HNSHE R, B0l 5 FIHNS /7 VA AECBOW Al Skip-gram HEZR K
FUIE ARG T AP RIAE R, AT E 0 A T BT 51 [a] = O A S = R R - AP,
ATCHRZR T AEHNSTTIE N AR ZEO Tim [6 2 SR AR, F H T A Rg%E 7 RE A SR 5 )
TR RN T[] A T8 EAETR R L - SEIRRI, B AT EA & LR BT,
R E IR ESEEAFMZHA S - FETFEEETAEN A, —2FRSHEEITTE
AP, ZRIRRMAE I A EXTNLP R 55 IR -

22 SCHk

Bansal M, Gimpel K, and Livescu K. Tailoring Continuous Word Representations for Dependency Pars-
ing [C] // Proceedings of the 52nd Annual Meeting of the Association for Computational Linguistics
(Short Papers). Baltimore, Maryland, USA: Association for Computational Linguistics, 2014: 809-
815

Goldberg Y and Levy O. word2vec Ezplained: Deriving Mikolov et al.’s Negative-Sampling Word-
Embedding Method [J]. arXiv preprint arXiv:1402.3722, 2014

Habibi M, Weber L, Neves M, et al. Deep Learning with Word Embeddings Improves Biomedical Named
Entity Recognition [J]. Bioinformatics, 2017, 33(14): 137-148

Ji Shihao, Satish N, Li Sheng, et al. Parallelizing Word2Vec in Multi-Core and Many-Core Architectures
[J]. arXiv preprint arXiv:1611.06172, 2016

Katharina S. Adapting word2vec to Named Entity Recognition [C] // Proceedings of the 20th Nordic
Conference of Computational Linguistics. Vilnius, Lithuania: Linképing University Electronic Press,
2015: 239-243

207 - 214 2020 10 30 1 1
(c) 2020



HEESY

Lilleberg J, Zhu Yun, and Zhang Yanqing. Support Vector Machines and Word2vec for Text Classification
with Semantic Features [C] // 2015 IEEE 14th International Conference on Cognitive Informatics
& Cognitive Computing (ICCT*CC). Beijing, China: IEEE, 2015

Mikolov T, Chen Kai, Corrado G, et al. Efficient Estimation of Word Representations in Vector Space
[J]. arXiv preprint arXiv:1301.3781, 2013

Mikolov T, Sutskever I, Chen Kai, et al. Distributed Representations of Words and Phrases and their
Compositionality [J]. arXiv preprint arXiv:1301.4546, 2013

Miyato T, Dai A, and Goodfellow I. Adversarial Training Methods for Semi-Supervised Text Classification
[J]. arXiv preprint arXiv:1605.07725, 2017.

Pennington J, Socher R, and Manning C. GloVe: Global Vectors for Word Representation [C] // Pro-
ceedings of the 2014 Conference on Empirical Methods in Natural Language Processing (EMNLP).
Doha, Qatar: Association for Computational Linguistics, 2014: 1523-1543

Schroff F, Kalenichenko D, and Philbin J. FaceNet: A Unified Embedding for Face Recognition and
Clustering [C] // 2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR).
Boston, MA, USA: IEEE, 2015: 815-823

Wang Ling, Dyer C, Black A, et al. Two/Too Simple Adaptations of Word2Vecfor Syntaz Problems [C]
// Human Language Technologies: The 2015 Annual Conference of the North American Chapter
of the ACL. Denver, Colorado, USA: Association for Computational Linguistics, 2015: 1299-1304

Ye Xin, Shen Hui, Ma Xiao, et al. From Word Embeddings to Document Similarities for Improved
Information Retrieval in Software Engineering [C] // ICSE ’16 Proceedings of the 38th International
Conference on Software Engineering. New York, NY, USA: ACM, 2016: 404-415

207 - 214 2020 10 30 1 1
(c) 2020





