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word2vec f: Google T 2013 4= H-H 4 H () — W T3k word vector (¥ T HAL,
LR RIEE DR TARZ ANOEE. T word2vec [E# Tomas Mikolov £ F £ #H G 1
W3 (3], [@]) IR IRMAK ZIRLANT, BAE— @ BE LR XA T HAMFR .
A AN TR L A A i Oy Ok — 89 5

U word2vec J& 2013 4E() 10 J {0y, S A Hk"’%‘%%ﬂf%)ﬁﬁi&%i@)ﬁ
(7], H B TAF R4 SENNA 503k ([8]) M3h iz it ER A, TR r—
?ﬂ(T%LBW)WﬁFﬁW?WEMM%NMﬁEuﬁL%KWwmﬂwcx%&fﬁ
B, SRR P SO W ACRSE AN, LY word2vee S HAHA 148, GFAT OB RE 2 M.

Ja ke, B EZE G5 T word2vee [1§—28ELIAR Y . 1ff Tomas Mikolov ] A4 S {3t
) H] )R SR ([6]), IR fah e 47 02X word2vee MU SE3% JEHE 0> 1, DASE
XA AT T S ZEWF AT AT TR SR, T, U0 R0, AFANE T — XS, S BEACRE W] P By i
L /“‘HELﬂfé “OIRLRE MR TR AR AL, Mt a8 4 2 N\ ok i i1 82

Deen Learnine g
eep Learning 7

fifi] word2vee WHUHAYRL R, B 7 SVR A AOUCHR, FES SRR Ly T (A A RAL Bt
2. BRARAE [ 2N FA%Ai, & S AE PR3] i 4 P B S, 25 T s i I A O i 25 e

?ﬁ?ﬁ‘xi’?ﬁ%ﬁ" FITRIE 7 2T HERI AR A AL+ ([15, 16]) 24T T Z0KA R IHE,
FEMAOR RN, 535h, 2% [ e AR — 20k}, HIAES L f’fﬂﬁﬂmmlﬁt

R



§2 FE XA

ANTSr 4t word2vec e ] E| ) —LE BRI AT, BAG sigmoid pFEL. Beyes XA
Huffman %%
§2.1 sigmoid F#

sigmoid ER¥E S 2% T TG e iz —, HoE 3R

1
1+e7’

o(x) =

R 3 X (—o0, +00), {HH (0,1). B 1 451 1 sigmoid o #it [E1%.

o

|5 1 sigmoid pA% €%

sigmoid p& X1 FEREATA FIEAK
o'(x) = o(x)[l - o(x)],
FIE S 7, % logo(z) Al log(1 — o(x)) /) FERBIT A
logo(z)]' =1—o(z), [log(l—o(2))] = —o(x), (2.1)
A (2.1) TE ) S rof T ).

§2.2 ZR®EI
"ral Loee L -'I-E‘If] l‘.—‘l Lhe Dog olarr Folo —l—l-,A ra‘r—l—f'lﬁ—‘\

A Sk Z 4y 20, ), HEE BB, A S A
AR P, FERAEER A Gy R A TE VRS T, 58 1 {(xa, i) 2y S — 03 28In] I R AR
o, Ho x; € R™, ye € {0,1}, 24y = 1 WFRATNVAYFEA AIES, 24 v = 0 REFRHR A F
A Bl

FilJT] sigmoid pRA¥L, A TIEEFEA x = (21, 29, ,2,) T, PP 24328 EI[ hypothesis
PRECE K

¢

%lf



Hrjr 0 = (00,01, .0,)7 ATFEZHL B TR ERABEL, 5N 20 = 18 x 7R
(w0, 71, T, -+, 2,) T, HIEARTIRIRBHREOL P HIC R <. T2, he WS N

1
hg(x) = U(@TX) = m

WU T = 0.5, W 4p 280 HDH 0 2R

1, he(x) = 0.5;
y(x) = {
0, he(x) < 0.5,

HEZHE 0 e RWE? i I HGE A, Jeilid — B P B R KR
1 m
J(8) = - ; cost(xi, Yi),

SRIEXCERT LA, i3 i B 2% 0+
SEBR R, B FEAR IR BT cost(xq, y;) WU X EEAUPR R 3K

cost(X;, y;) = —log (he(xi)) , Yy = 1;
- —log (1 —he(xi)), wi=0.

R, B A BR L TP IS U R R A A
cost(Xi, yi) = —yi - log (ho(x:)) — (1 — y;) - log (1 — hg(x;)) -

§2.3 Bayes Az

VI 2SS R A R IR (Thomas Bayes) $E8RAY, NI AR (T M2 2
MEEHR. AE P(A), P(B) ilom ff A MidefF B AR, P(AIB) ¥ndHf B
FRMEDL T A SRR, P(A, B) SR A, B[RRI

pap - S0 ppp - D2
HH B, 2 i
P(B|A)
P(A|B) = P(A) PB)

X5k Bayes A=
§2.4 Huffman 4555

AR B4R Huffman 4 it (FLAR %8 32800 | 11 1% i RHY I 45, [10]), A, 358447
Huffman #f(#) xR HoA 55



§2.4.1 Huffman #f

FEHTIHLRRE o, B — R S R SRR ST, R TR (e PSR %
07 SR AU BURARILER. A7 TR E AR 25 PO B, g LS
TG TTREE.

o BEMBERE

FE—FBRBE R, NGRS Nl LLE S 441 s P45 i L [l i s, PROMIRAS.
BN SRR H RO R AR . AT RUEIRAT R O 1, MRS i35 L JR45 W
BABRIEN L — L

o HFRNBHNFENBERE

AT AR AT G — A AR SO () B, WA BRI 25 S AL
25 A BURAR IR SRR, RS rE AL 13 2 0] B 24K S8 5 0 285 AT AL e L.

o WIHIFHAREEERE
A AP AU AR AR AL RE AT 45 s3I PB4 1< Z AL

SR R E A WA TR R, WSFREE W B “<EFHR BT
B SO AT SRR A AT 208, U AN RESE ]

255 n MAUEER n DIF25 0, B — PR R, A E AR AR A 35/, W
FRIXFER RO R X, 1WFh Huffman #.

§2.4.2 Huffman #gY$5E

Z55E n NBRUE {wy, we, - wa} 1B SRR n AIERES A, ATESE L SRR i
- Huffman ).

Hi& 2.1 (Huffman B 445id ik )

(1) :I% {T-U]:I'UZ:' t ,-wn.} ﬁﬂ%ﬁ n *g*ﬂ.ﬁ?"ﬁ-#* ( "&*X’}ftfiﬁ”‘/l\fg.‘!?. )

(2) Atk b g SRS S AR N B & 0F, TEA—RFM L &-TH#, s
MLE SR AR £ | & FHARLE S AL Ao,

(3) AFAR P Btk SR 4G M AR, R 37 A e N AR
(4) £8 (2). 3) ¥, AB &P A M AL, EHE A AL Huffman #.

2k, ATk 2.1 i —A HoAd ).



B 2.1 g% 2014 Fo-FAndin), A RAGE PR T BT & 52 sk4a £ 6 s, B4t
CRTLVCERRT CUAT B J\? CRIRT AR I AN B IR B A A 15, 8, 6, 5,
3, 1. VA 6 ANTE A et s, vAde FE S AR A, AiE — 4R Huffman #.

cJololo
®®®@®®:>®®®®& o 4 %

/gl 2 Huffman {44 fe

ARk 2.1, HrefAhigis A2l 2 . WP HF 48 744 Huffman 4, &
P =T 0, R8T K Y 18] S AR k.

g it A2 P R S A GO SMIFIZAFE. BT HERANLESRBET KRG, B
b, FebF 4R S MALCH n, NIt 4 Huffman # P #7384 5 694 n—1. AFlF n =
6, PBIFLE B AN ECA 5.

AR, WImARE], U AASTRE 9 A A6, AT EAN T TSR, A KA
NIETFLESR D LG, EAPY, 4 MK NERFEALEZTES, I NEAE
FER. SR, XOVR AR, ARER R K GG 2 S AN A5 3R R S AL A R AL

§2.4.3 Huffman Zgig

TERCPR I 5, T BRGSO R B A9 745 5%, 1 0, 1 i AR HES DR R
CEF. I, Bl “AFTER DATA EAR ARE ART AREA” | i3 BLJ] 51| (1 7 47 4
N “A E R, T,F, D", & FEEHBLURRECH 8, 4, 5, 3, 1, 1. BUEUR KX 8o 7 iR -4 .

B 6 AN 7BE, s iRy alEd Ay UL FARERED, [ R 3 ik (28 =8 >
6), A[43 517 000, 001, 010, 011, 100, 101 &} “A, E, R, T, F, D” JEf14fid A %, 4 A4f i
Wi St PR 4% R = AL — o A T R Y.

ARG IR YL RSO A AR AN A5 HOCTITREH B 26 AN AR FAF,
SEGAG R ER 5 (2° = 32 > 26). AR, {0 SOt SR A R B S T RE AL, 7SR ] o,
AT D5 B el fsE AR B ASHTF] B, A AL BL C g psEicie s T XL Y. Z, H
IR EN T B, L A0 S JH A, 5 TR0 TR A, LA AL S AR S i



WERERGRED VRBERED () BRI AR 9 i ARE L ) D AR S T ZE), ]
M F LD RED TR R 25 S — B i SR, O T ARTME A O i ki ¥,
TPREREAS TR DU AR AT 45 0 AU 71245 0 b, S SR ol R BT RR/ ALA R
AN, BB /N bR, PR NS, R A iR, PR ORIIE 1 dp /N
BUSARRIE, RO Bk AL DS S B R . RIS, SR (G D08 2 SC (1) 5 R 1< 8 (] B 4%k A oK
F A T BT AR M 25 A B i B AR S HAUE I P A2 Huffman #§)
(o], | Huffman Rt G Tr28 4469, $0 Huffman 4588, & FERER; 2 T2 4 i
125 F, XAEIRUEHE SO S g

ASCHA A1 word2vee T H A4 1 3| Huffman i, EIEII R 03 24 8
FEE AL AR H B IR RO ERUE, LA iAWY Huffman B A RE— > el 177
Huffman % fit).

& 3 25 1 2.1 v xANiARy Huffman Zwfd, o 2yE (ABIECRN) 72845 5 94
9 L, (AR M) AT EF 2 0. KRR, “F&7 “3m, “MA ™, “impg», < sk, “ii
TR X AN Huffman 286543 554 0, 111, 110, 101, 1001 A1 1000.

[%] 3 Huffman %6475 5 1%

R, #HATA 1L, 56T Huffman REFT Huffman 454, 205 (1) BAUEK IS
RAERZERFL A, BUEDMO R FAT G (2) PRGN 1 %45 A RSN
0. f£ word2vec Yl R AUHE K IYBF45 RS N 1, BUMYEF2 SR 0. 5 1
WLy ES R, FXPREN AR TFE R MREMEBRRNEZTES.




§3 HxENR

word2vec Ji [T R 42 A [ i L, g i 1) bk S 0l S BURAT IS VI OC R, A, Al
FER TSl SRR TR 1 L
§3.1 FihEERE

A HR VS B, B R ARAE = A KRR SO TR L il PR e, R ok ey
FEEA TR FRIT DA s AT U0 6 B, A A AT 5 4P (Nature Language Processing,
NLP) A, HrhgEitiE S HRE! (Statistical Language Model) /R T 251 —FF, EREFAT
NLP 2Ll B2 B Tl VU HLEREE . i VAR TE A ER R SR 55

Bl 3.1 AiE&iRA A %P, A F4RGEFR Voice, K2R~ ek p(Text|Voice)
&KW LR Text. #17 Bayes X, A

p(Voic L) - Tt
p(Text|Voice) = p( 0?(‘€‘|TF"TO p(Te rf),
p(Voice)

JF p(Voice|Text) HFEFIEE, W p(Text) HIBSHEBY ([18)).

i L, SEVEIE S BT TR S — M) F Ao SR A R REY, Cal W T — iR
FESRbg . TR A i — g FIgBERIE? B W = w] = (wy,we, -+ wr) #ih T A
W wi, wa, - - wr SRR — ), T w, wa, - - wr AR R

p(W) = p(w]) = p(wy, wy, - -+ ,wr)
FLEIX AN a] 1. FIJT Bayes A3, AT LL 8 EE I 7 h
p(u) = plun) - plwslwn) - plwsfuwd) -« plarfuf ), (3.1)

FO (& 0F) B p(wn), pluwsluw), plwslu?), -, plwrlu] ™) BAEERENSH, #iX
B E L AR, MG — A wl, T EVRBO TN p(w]) T

A RAFG AR5, RENE? (U, HA S BUEMA AT s RRBL. i, SoR G RS H
BN NIA R DR EnRE R T Wh)F, RS T 28 AR
Mg D R/ (RHERCED) S N B4, iR ISR E R T (EE )+, Bie LA NT
FRTRE, MR TR E S T A28 BB TFZHIE TNT A2 48R, X HL R
flish, IR AFEEZSH, HXDMRGOL RATHFA. Ihh, ZEMEART IS, SR

R, PRI, A X e i A 7 BEAR K (1 A 5.

IAh, XS HIE 1T YB? 4 UL AT n-gram S8 JUERE . SOCMIRTRL . &
L IRBFRB SR AAFRERLY . #R22 R 28557k, A SCHBHE n-gram $EBUFI 3L LG M Fl 7
k. TSR A A n-gram L



§3.2 n-gram #&E!
& plw|w™) (k> 1) @ity FIH Bayes 2438, 47

SR I
k-1 p\wy)
plwrlwy™) = —=
plwy °)
1 oty oz p alasFie] B B b2 e nf'nr._huk_l\ Tl A0 3 == 2k
TR TE ANAAAL 202y 1 WA P AS S Ay AR W) ) T EL A sEAGRN N
count(w¥)
ool Lo k=1 i 1 GG
plug|jwy ) & ——————— (0.2)

count(wi=1)’
e count(wf) fil count(wi™") 25l Femia B wh M wi™" ZEifkbd B B T AR,
2L g AR, count(wl) Fl count(wh=1) EET 2 & 4 FERT.
M (3.1) FILAA Y —> 1]t B BER 5 I A9 B A7 il AR O, iR e — A i
H B S R 2 RCH A OGE? Xk n-gram FRBVAEA AL, EfF T
n — 1 Fify Markov fRi%, WA h— AN H B R DS ERTH A n — 1 oG, B
plwiwi™) = plwywi=, ),

TR (3.2) AL [

plueuwh1) ~ count(wy_, . 1)
g 1

count(wy =} 11

(3.3)

LA no=2 R, 5EA
count(wy_y, wy.)
count(wy—_1)
X, AMUER SRR TR S (ST LEVCACry i R, 1152
Ry SR T
2., n-gram PR n JWE K BT IEVE? — ORI, n (IR IR T 2L [t 2 18505
2= SR BRSO A

p(wglwi™) »

x 1 RESHEHES » IXR
n PR 23080

1 (unigram) 2 x 10°

2 (bigram) 4 x 10"

3 (trigram) 8 x 10%®

4 (4-gram) 16 x 10%°

TEVHEEZE I 1H, 4 141 [ n-gram S P BV BECREREAT n 098 #H K iEk
B SE, Hop R i/ N = 200000 (BE G LB AH X AR, H0az 1, BURS R



FY G E N SRR EL (O(N™)), BA% n AREIRARRK, SEbim i 2 M ERH n =3
Y = JCHR L

FEABRIBR Jy1H, PR 1S n BUK, ZCHSERET. B4, BIBE () 36 B R A L WL AR
PR T AT S B AE SR (0 no > 10) N PTRE, (HA s S, 24 n K3 —F
PRI, BB AR TR 248 /. i, 2% n A 1 F) 2, FEA 2 3 3 i, BRI ROR
B, M 3 F 4, ORI B T (RS BT (BeE 2 ) A OG T
). PR b X HLA VS K F) Ao SetE Ao X B I, SRR L, n] DR A, L
BLAS BRI IR A TR T AT S, DR O A W S A W RO 2 [k A T A .

e sl A f9 9N boeks s ANt HED
v AN (9.9 A ke P T IR e

2. #f count(wf_, . ,) = count(wiZ},,), BEAHIH plwelwi™) BE4ET 1 WE?

SEARASHE! (R A JG T2 [l ) (] 81, RN R0 TR AT 2 20K, TR SR JE Tk ik
FLXANE, X AR Ve, HARTT2% (11

MEER A, n-gram BRI RE RO, 3BTRS AEE R 0 A Fhia B B I
BLL BT AL B, BRIV 2 S5 S AA AR R, PR T B IT—MaF iy BEEE, HF
FRFNFHOCHRER 2R, FF e BRI T

SRINT, FEHLERF ~J S AT —Fii 1 09 6 BOSIXFERY: X e 5 LG 0 o) L A 75 56 oy A i
—HIRRE, RIF A A B iR BRIk, T =RAG— 4l B 2%, B85 X 4l
LB HO I (ORI B A 1 157 .

A TG SRR, I RARUER, nTHE H bR R0 H

H p(w|Context(w)).

wel
Hht o SEomalnl f Y Y Sk L-l- S n L by S 2T S
et € RUPEL (Corpus), Context(w) 7] w if§ £F - 5

4. 4 Context(w) K23m, TJLER p(w|Context(w)) = p(w).
%‘ﬁfﬁi AT Context(w;) =wi_} .

3.1 EH C Addl D R A Bk D EMGEH C PAEH R, RAELEE WP, BHiE
#HCRIGMAGHIRANE, Q36T 4695,
IR, SRR e R T RIS, B H bR ¥

£ =>logp(w|Context(w)), (3.4)

wel
SR JE AT AN R EGHE T R KAk
M (3.4) vT L, #E% p(w|Context(w)) BB AT w fl Context(w) ), H

p(w|Context(w)) = F(w, Context(w), 8),



Wb 0 W ESHE. XK, —HA (34) S I REEESEE 00 )5, F litf—
BAE T KU p(w|Context(w)) $EVT LA BREL F(w, Context(w), 6*) KitHET.
5 n-gram L, SXFOEATE (HOETETOF) RAFITA AR, il e g RO R
R, Holad R iG nf 0R nf fifs 6 80 A ROL /N T n-gram sPRUES RO A HL

ARWEAR, AT X FE—F ik, FOCREM i AE TRE F B9E 7. F—/ N inkina—
Flil ik Fza g i ne F rgoridk. Z i ARs S X~ Jrik, L"lﬁl%‘l’:—ﬂdﬂﬁ word2vec
ST HE AR (g T B 5 A
§3.3 HEHEIESHEE

AN 4 Bengio %5 AAESC €A neural probabilistic language model. Journal of
Machine Learning Research) (2003) HHfE i i —Firdf 2o B 200 S 00 ([2]). il £ 1
—AEENTH - AmE.

2 &l I BEWE? REARUL LS, A 18 D AR B w, $5 52— A R W S )
7t v(w) € R™, v(w) $EFFA w (il E, m i a0y B GT 1] o) Jb i) 2F — 25 SR
T "*r’l‘%ﬁi‘iﬁﬁ’ﬂ

RESR P2 R IR SRR, JEA S SR 3 — AP 28, 5] 4 25 ) T iX M APZam 4%

ek R L A IEI/‘J,:; #WA (Input) 22, #%% (Projection) . B&#k (Hidden) J2f1

5uu:':|:': (Output) J23. $rfr W, U/}F'U.rf?c'fi J23 L5 W 25 LA B S 2 R 23 22 T P AR R
P, @ J ] D B A0 A R L D g

Projection

Input La
pu yer Layer

Hidden Layer Output Layer

v(Context(w),) =3
v(Context(w),) [ concatenate I/V U

v(Context(w),_1) =

Sample: (Context(w), w) Xw P yu,

] 4 #heg i 282t fe R E A

3.2 SRAX (2 POMLABY, AMNE SHAAAIE 5 R EBH. kLKL
Pk %leﬂ 4 Fﬁ"f‘ﬁ!}\—“-?ﬁz.?ﬁ#‘{]. —H AR TR, H—5 @21 T F word2vec P14k 49



..........

M U_.
4]

B 5 =R 2R W 2% 4t Al s B A

E 33 MAAL 2] PEAETHY AR ANV EAZNALAEGHET, Bhis $

H A0 BAY AR M, R S Bek T X AP E T, 12X R v At Rk AR ) . SR
Bep AFH RGN At B B2 R A9 AAL4E 4 2 K R4 S A R EOR, 25T A S )
#hay ik AR 2L

TR C PR w, ¥ Context(w) BUSHTTHIN n—1 4~ (250 T n-gram),
IXFE TR (Context(w), w) §EE—INGREER 1. 2 Tk, HHEFEAR (Context(w), w) Z83d
W 4 PrRigFnz2m g i 2 558 500 . R, — Hibe ¢ FAf R E m 485, 1)
SEIARE 2B E 7, iTE R (n— D)m, J5& 4 N = [D| BIEE C A7iil- &R/
M B2 P AR g, RTS8 I P 46 .

I ABGEIANBAE (n — 1)m WE? PSR E Context(w) 1 n — 1 AiEHid
[, R AR I X, SR PR Y Jéﬁﬂu)\hcﬂ"] n— 1 A [ b2 G 1 AR F
BRI — R, HARERSY AR (n—Dm T 47 1 1HE xy, 2 FORATHLE R T
JUT, B

(3:5)

Z,, = tanh(Wx,, + p),
Yuw= Uzw +4q,

Hert tanh D 3ReBIETDERE, HIACMHEL Bk s, LU, tanh fEHIE I LR EE
FAE R R B b L

E34ﬁﬁﬁTW%M 2 T35 FE P 6 A5 R 4 F 8 FT AN, ﬁm@fﬂfmn—1A
207 S, TA R RE A ( SIUA ) A G FRT LT, Ik 54

2ol EIRFATF RN Yo = W, Yoz Yon) T FUE—DRER N ik, 2o

BB AR, IR vy, (950 v 5% 1 N3Ok Context(w) B F—Md s Hid

S D P @ AR, AT B4 softmax IH—1{k, H—fk)5, p(w|Context(w)) jk
LA R H

eYw iw

TSN e

p(w|Context(w)) (3.6)



ot iy, 2750 w fE W4 D g 2.
22X (3.6) 4 i THER p(w|Context(w)) 1R, BIHEE] L/ NTh 31 R %0
F(w, Contert(w),0), WAL PIFH1ENT SR 0 ATWEEIE? B4fEA, CLihm sy

o jil[fiH: v(w) € R™ w e D LI TE ] HE.
o LA EH: W e R b e R™: U e RV*™ g e RY,

KSR LN TRAR R (PR, AW L= 2] Sk, S AHE S,
£ LR Fhep el SR, A v(w) a5 2l 24 RER F].

%ok, f s N LI FURAE TR AR 4 PR R e s, SUEIE . B

MR LR (n — D)m, np, NARYCE A RSB 5

(1) n iy b R oCh &5 g R, i AL 5

(2) m iAW H & 101 ~ 107 BiL;

(3) mp T FHESE, SEH AFEARAA, I 10% Hi2g;

(4) N BRI RN, SIREEDG, (HEH R 101 ~ 10° 2.
FH454 (3.5) A1 (3.6), AXEACEL, ALY KT o0 P57 58 v AR B2 A i )2 2 ) ) R e
[ hEia ST, DL 2 B softmax H—{kig 5. EILIS SRR HTIOCHE TS TR, AR 2L
AP — i AT ALY, Heralt a4 1 word2vece 1 TAF.

5 n-gram BB I, #e AR SR ARBIE? FEH PR
L. il (] (g AR ARLAE P DA 2L ] ) B R A
HP A, B A (9Ei) iERR S, = “A dog is running in the room” HEL [
10000 ¥, 1fif So = “A cat is running in the room” HHE 7 1 k. $#08 n-gram #8719

ks, p(Sh) BT p(S2) - HE, St Fl Sy (ME— X 7ET dog FI cat, [MIX M-
W IGHE ) 3500 S SO AR MR Y e, TR, p(St) A p(Sa) I IZAR ML A 4T

SR, PP 2R T AR ENAT Y p(S1) M p(Se) KRB, FHET: (1) 7&
AT SRR B 1 < AHARA ™ A T D 3] ) A AR A (2) SRR RO T
o ) AT, B ) B e g — ANV AR e U A VL IXRE—OR,
AN X AT

A dog is running in the room
A cat is running in the room
The cat is running in a room
A dog is walking in a bedroom

The dog was walking in the room

HEAE R A B — A, A h) PR 2 A B K



2. K ) B EOR H AT IIRE (1 (3.6) BRI, p(w|Context(w)) € (0,1) A4,
ANFETE EAS n-gram JPFERETRUIML AL T

e, AT SR AE A, ol ) B AR M2 BEAAH 5 R P B O 1 A Y %
B, R BIAY iE F Ar el B B S8 R8s, B R HURE S8R — R
Pl (AR AR AN, R /N R AR .

§3.4  iAm ERVIEME

WAk E—/ANe, MG RZOE i C 2 — DI R T 12 Rk, G i i
M2 4.

1 NLP fE55 4, JRA P H RE S A Lanes 2 TRk b 22, {HMLAS JCI0 AP PE g A28
5, R T e B SRS R o S RO AL, el B AR R TR ALY ] ) R
N R

— Pl A B A9 1] [ & one-hot representation, & /MR M EORR R — 1
i, [ R B A B D A/ N R B R A 1 JEE Al 0, 17 AT %A
TE ST ZR G| EOCF ] o] B s A7 — 22U T, IN%F 5) 2 AERCIOMERT IR ML, JE R T
T Deep Learning 37 5t U, & ASBEAR fr-H 20 ) i 3 2 [] (1 4 AR

W —Fia i )L Distributed Representation. ‘= #; 5 )E Hinton T+ 1986 41t Hif
([1]), ILA5EHR one-hot representation iy Rt fi. JLIEAAE AL Sl b i o B Fll 5 i
B —ATa] LA N — A [ 2 1 1 ) B (AR LY “ & JEAHAT T one-hot representation
B <™ 15 ), J AT s S e ey i — A o] 1] e 23 ), T ] e D) 00 A 92 2 [ o g — A
M TERXANZEN B “BEEG™ , 0T UR BRI 2 M B 2ok Flr e 1z Wiy ik, ik
) AR 7. word2vee F1 R i3k fk X B Distributed Representation [ [i1] .

M1l i Distributed Representation? fR 2 A FIXAMIEL 01— IR S X R
[9: X} T one-hot representation, [a] kit HAT—NEZ B, JEHEeh (47 SR — 40y &
W); 1 AFF* Distributed Representation, [a] %47 A EEA S B, AT A B (A7 5 RURS ik
PIRAE), R fE B A b 2 7 X —nd, BIF ST B o A SOF1 TR

g I PR AR R SRR, AR Al AR A

Bl 3.2 At £ —t-Fl LA a MRS, AP EANS, A AFD RIS
XA B R AG I A — AN .

AMAELZMGR? Gk, 2 —PAMLIRE, L TiaL4m 4, L LGEA S
AR AR (z,y); BEHETINRKES, RS AITHEXNEHEE o — 1 AEZ R 6 5%
&, AR 3E HAAGAA ( AAPEL ) PR R B KA T

R APF, $55 (o,y) (9GRS T B oA TR b A0 4
S MR, ASERAELAFLUS, BRI 0 AR A 509, AR, 7 NLP {£4 1, %
PP RS 2T T 7 LB IR A —, SLIR REROBF IR, IR0k 5518 2.



Anfef AR BHE] ] e ? A7 1R 2 SRR Al R A A ] B, R A6 A7 441 LSA (Latent Se-
mantic Analysis) fil LDA (Latent Dirichlet Allocation). 4, FJJ] A28 R 28 Tkl & —Fh
WAL, L—/N GRS AR — MR A . 28R, IR,
FUbR RS A 0 SRR, G ) i U — AR . RS b, AR F00 1] [ BRITE 5 AR A
S AR, ZRoe s P 7 (RT3, YRR W 2R 2kl 5 BB AR e Ly v
IDL (PRS2 0F5ERe) 4Rttt ([14]). X5 HifZe L) 5L 2% Bengio T 2003 4%
2é42 IMLR L[y € A Neural Probabilistic Langnage Model) . HJ54H &5 #5619 0F58 1
V&, Hirufu i 231 Tomas Mikolov [ PAf word2vec.

Task Benchmark Performance Timing (s)
Part of Speech (POS) (Toutanova et al, 2003) (Accuracy) 97.29% 3
Chunking (CHK) CoNLL 2000 (F1) 94.32% 3
Name Entity Recognition (NER) CoNLL 2003 (F1) 89.59% 2
Semantic Role Labeling (SRL) CoNLL 2005 (F1) 75.49% 36
Syntactic Parsing (PSG) Penn Treebank (F1) 87.92% 74

5 6 SENNA performance in per-word accuracy for POS, and F1 score for all the other
tasks. Timing corresponds to the time needed by SENNA to pass over the given test data
set (Macbook Pro i7, 2.8GHz, Intel MKL). For PSG, F1 score is the one over all sentences.

ki ) RS ARATUHER, 41, Ronan Collobert HIFATEK {42 SENNA ([12])
ToRTE L E T T POS, CHK, NER 554155, HIRTG T AR (UL 6 rriyRF5). it
TR ] ) A AR B R S — NV ([13]), HE X R

#rik Tomas Mikolov A1 PAH % | —Flid AR R A A 2B A, i
— P AR — R L KRR R ek e R SRR, R
e ImUART . B E i Z MR R B A ED < E =W, TR R A EE T X
byt FEM AR N N, AT AV EIME, BB A b ] ]
Ty A ) B R ] W R, OF S BRRI TSR L. A ARROR AR AR, AR
oY I 0] ) PR AE R ik 90%.

X [B] AEGIE A AT U2 1 A LA 0, T LA DI AT Gl e ] ) By T
TR, FRb A 40 1.




o8 i cuatro (four)

four
i 01 uno (one)
005 . 9 . i
five o cinco (five)
ol -0
. _> P | tres (three)
=01 =03
 three
04
s}
dos (two)
] :wn [T 27 082 [) a2 04 08 08 1 12

B 7 FA AR A ) SR P AL (A E A7 S)

F IR SEEA PGP P NG, UGk AR E A DR A ] it 23] E(nglish) A1
S(panish). MFEFHEGH T4~ 10 one, two, three, four, five, ¥ ILAE E ot v iy il [ &
GEINR g, ug, us, ug, us, SR JFEARERE, I RS04 (PCA) BEZE, 5 S0V 2k W) B
Uy, Ug, U, Uy, Us, E—-f{ﬁw'ﬁj;%gﬁﬁk,éimm H{.? ﬁu[ﬁl 7 /Lﬁlﬁﬁﬁ'ﬁ‘?

Ze{elsth, FEVGHEFIETIUE (5 one, two, three, four, five X} 1V [1]) uno, dos, tres, cuatro,
cinco, WILAE S At (i [ 5L AP 9N s1, S0, 83, Sa, S5, ] PCA BRZEIS (1 2 ) 5143 51 4
ty,ta, b, ta, ts, BT 1A 4ET-1HT 4 HHoR (PTREME T VEIE LAY ieRs), W 7 471 .

RS0 AT e, 785 KB A EAE PR A ] 23 (] A AT Y 22 AN 2, X hd W Tl
AN 1 5 % 7 o] Bk TR (1) 2854 22 T] AT ARL Y, DA AT a2E—2E 1R W1 A ] [ &k 2 (] oo T B
20 1 ) 2 Tl A AL ) 1 B

VERE, pal b FORREEG) ] iy, 05z b, A1 o] RAEF AT 5T 4 B2 ol S MRz B e idF
e, wxmE ([7), FmEAXERE ((6]). BN, )+, SRS ci b ur i
(IR,



84 ZTF Hierarchical Softmax &R

A 7T P HES, AR IEA 4 word2vec 1 IE] ) A TS — CBOW 4/l
(Contmuoub Bag-of-Words Model) f1 Skip-gram #£7{! (Continuous Skip-gram Model). J&J*
X PR, /E# Tomas Mikolov ££3C [5] 25 [ anfsl 8 fIlE 9 frsi R &I
HTEFTIL, PR & =4 MAR. REBEMRBE. 0 e e /ST w, 1y
LR 3C weg, wemy, Wegr, wegpo WITTHR TS HT7 w, (WIE 8); M5 ZAEH 5, AL H
BT w, PATHE T, TEL LR 3 wemg, wimy, Wi, wipn (WA 9).

INPUT PROJECTION OQUTPUT INPUT PROJECTION  OUTPUT
w(t-2) ! t-2
\ 4
|\ ”
wit-1) | % S« w(t-1)
<\ SUM /S
Y, v 7
:“ f
B wi(t) w(t) — \
/% [
. A
wit+1) [ # N w1
/f' \\\
.'/!" .‘\\
wit+2) | 4 wite2)
|%] 8 CBOW #/l [ 9 Skip-gram f&7E

T CBOW 1 Skip-gram /ML word2vee 25 HY [ ASHESE, & 1143 5 &E T Hier-
archical Softmax fl Negative Sampling ##Ef 7111, 275/ 44 3T Hierarchical Softmax [T
CBOW Fil Skip-gram 57,

£ §3.2 v, FRATHREF, BeTFh2e R 28 (117 5 RORL0 B bR 68 BOE 5 BOH 1 RS E R ¥

L= Z log p(w|Context(w)), (4.1)
wel
Horp ) G BRJE JR M2 iR L p(w|Context(w)) (AYIE, 3 [2] PR EEERSE ) 1 IX 1 s %0
Rl (L (3.6) ).

AT word2vec 13EF Hierarchical Softmax [¥] CBOW Ei%l {R4kiy H b5k ELIE

(4.1); |fif %4 T3 T Hierarchical Softmax 1§ Skip-gram 7% 4k H 7 g6 %O TE dn

L= Z log p(Context(w)|w), (4.2)
wel
NI, e A R TR S e p(w|Context(w)) B p(Context(w)|w) R I, 2

X — R AR, PO E T RAERATH BRI, L0057 %, /f\i’irﬂ-I;H)\}'J*“'“#‘fu’I’Vll =
e, FE TR R i B X R T AN A 4.



§4.1 CBOW &84
AN 4 word2vee H S — MR — CBOW $RL,
§4.1.1 MELER

10 451 7 CBOW #2845 0, B =2 WAJE. fUEEMEHIZE. T
ffEAs (Context(w), w) R (X HL{EIE Context(w) h w ANE & ¢ Nk ), A=A 2
ESLA]

L8 AE: (05 Context(w) |1 2¢ ~ia i i v(Context(w);). v(Context(w)s), -- -,

v(Context(w)y,) € R™. IXHL, m {7 L[] LR m R 2.

2 B B A AN 2 AN R SCR R 2, B x, = ;Z]V(Conte;rt(u:),-) cR™.

v(Context(w),) v(Conlext(w)s) v(Contexi(w)s,.)

Input Layer = — —
summation
gt
Projection La
roj yer Xw
= 7
Qutput Layer

Sample: (Context(w

),w)

<] 10 CBOW AL [ 258 2y 7 35 15

3. MR AR R TR, R DR B ] S 2, DA R R
rh i B HCS BUE R T Huffman . 7ECH Huffman R, 25008 N (=
D) A, At D gl A5 N — 1A (B bR g fpg A 22l x).



AP §3.3 i 2e e R0 SRR 2% 12 (WLIE 4) F1 CBOW Sl ahay s (WLIA] 10),
GyHIEANT ALY F=AbAH:
Lo (N N JASIEEE I AERAE) Tird Al 2L D2, J5 2k 2 hnskfn.
2. (BUE)2) M kuR )2, R HTbamE.
3. (M2 WU AR ah R, I T .
1E §3.3 A ANy 2o A0 SRR, JR AT 148 1, AR ARk ST A e R 2 A
2 2 TR R e ) A2 5T, DL 2 L) softmax IH-—Aki2 58, 1 ML i oAt B e O,
CBOW RIS e 5050 7% 8 ey (1 M A S AT ERB RS T 1 olc2s, B0, 200 1 o2, TR,
Ty AT T Huffman #, M T4 F) ] Hierarchical softmax % A58 1 L4
§4.1.2 BEITHE

Hierarchical Softmax Ji& wor2vec 1] T4 G PEREM TSGR EF A, i Iy (HiE L,
PR LA AR Z 00, o5 A TH 26T, F i Huffman e g 5eAmt1-25 81, Ri%
AR D i w, 12

L p®s MRRGE S A 510K w X 4 5 1 ik 45
2. 1" FRAR pv P A R
3. pY. Y, P BRTR Y I 1Y AN, Hrh py SRR A, pl FETin w RERILE .

4.dy,dy, -+ di € {0,1}: 3 w [y Huffman Zift, ‘S 1Y — 1 (0GR, Y &5 61E
P WS g SO R S (R4 R A I S ).

5. 01,05, -+, 0 € R™: AT pv PRI FEE R I ] B, 0 SRERAE pv A G IR
25 R 1 i B

41 i, RMEBRWGLFE R D FE5AMNE (B Huffman B PR ATF 9.5 ) 496
T AR IR LA Huffman #P & —A~3Fet T s L2 L — AR K HFR? F8
b M AR R TOHEGE, LARNEAT P A KREHETE.

U7 GIA TR A— KRR ETC S, 1 T, Fll A — R f e e i
FILARNE, AP 1L JEAT A AR 2.1 D], i w = < RERT gE.

PET 11 vl 4 SRZ0 e BROR 5 T U s AL pv, HARJE 1Y = 5. pY, Y, pY, Y,
Py OAERRR pv [ 5 ST, o pY EARSE . dy, dy, dy, dY 4yl 1,0,0, 1, B <2
BR” [y Huffman %ifd % 1001, IAh, 0,602,609, 0% 555864 pv b 4 ANIEMF25 SO
1]



v(Context{w),) v(Context(w)sy) v(Context(w),,.)

Input Layer —  — | ten —
summation
N
Projection Layer : Xw
w oA

w (1]
Output Layer 2123 fw _ | 15
F4

Sample: (Context(w),w) dy =1

:
:

B 11 w = “RER™ IFAAGIC SR

M2, A2 10 FFRA ML L5 R, il AR %L p(w|Contex(w)) WE? B H
Ak 38, S s Gl A 1] x, € R™ DA% Huffman R E X A% p(w|Contex(w)) W2

PAE 11 rrie] w =« 28R A, DHRZS S K5k « 28R X A7 08, rhatzsly
4R E (RN A N K2 3Z), MK Sl T 7 — IR =43

B SR M\ 40 2800 Sy BE R IR ] B, TP A T B — e M4 0, T BN AT
45 G — D2, RITRAS R ESR (RN 1), IR 138 (BR%E 5 0). By, BRAR &5 LA,
P A2 S R T AU 0 51 Huffman 2565, B, —Fd B 280 o2 &
¥ Huffman 55520 1 fY25 5 & CHIEZS, %58 0 pY2s e O s 4R, X H R4
N C, VR VT LRSS Ry 1 2% s SOh T8, PGt 0 f4h fe SO IEZE. R |,
word2vec 1E f 80 IE 5 27, K07 (8 37 AT B OB A IR, X s —R M A A, 29

Label(p?) =1 —d¥,i=2,3,-- 1",

M7 2L B MESRATH RN, SBEDRRRE SAERREL.
BUBRBf5 5L §2.2 Fh A KIS, 5580, — 5 A A S TE 20

1
.
o(xuf) = Fpp—ry
WAy B R Y S T
1-o(x,0)



PR, LA 6 R, CRAESE, B, e AT
BT IBRICERC 0 00t (UL g A IR A o 6 1A,

R R [ 1 6

AT IRES G R 3 s <R B3R XA (U201 4 K 0038, R RRR P 2345 54

HE 222 o

ML TR
Lo 10 p(dy]xy, 07) =1—o(x,67);
2. %20 pldy Xy, 05) = o(x,05);
3.H 3 pldfixw 65) = o(x,6%));

LE AR p(d¥xe, 0F) = 1 — o(xL6L),

HE, ATEORM IS pULER| Contex (LK), EERX 4 MR 2CR/IE? R

o

pULER|Contex (JE2K)) = [ p(d? xw, 62,).

=2
FE, W w = “EERT [#/)# -, Hierarchical Softmax {34 SR80 C 2891 4
5¢ [/ XdFiE8 D paEEE v, Huffman RPAEE—FMRESE]E v It

MER[/PEE P (AXFRBERE—0). BE " LHEE " -1 M9 BB EM—
RISNE B—IRGERFTE—MEE, FXLEHERER, RRARE p(w|Context(w)).

FAF R p(w|Context(w)) H—RAXTE N

Il’
el bt (VY — T ol Wl g
I\(U|\.f( lhll‘..l«l’.\(l }} — llf}l‘(LJ IAI.U (IJ:_IJ
j=2
S
e [oer), 4y =0
p(dy %y, 07)) =
1-— {T[Xlﬁ'}”_l) d}“ =1
BEACIIR LT Uy

P %0, 074) = [0 (et )] ™ - [1 = o (xg8)1)] .

A 4.2 £ 8§33 F, BRI KMHREA

(gyu!,ru;

N .
Z eYuw,i
i=1

p(w|Context(w)) =

AR (3.6) X, dt TXZHANE LR, Bk K5

Z p(w|Context(w)) = 1.

weD

o

—
[+
——

B, 2T (4.9) £ XWBeE, & ELGEHLEXR? ZANFIARG L GEHSE.



H (4.3) ARAXT LR %L (4.1), 15

L= Y log[[{loGen e )'™% - [1 — o(xp 62 )]% }

wel j=2
lw

= > > {1 —ay)-loglo(x,0% )] +d¥ -log[l — o (x,0% )]}, (4.4)
wel j=2

o TR PR A S R DL, o ORI B ARG HL A TRTIC Y L(w, 5), B

L(w,j)=(1—d¥)-loglo(x,67 )] +dy - log[l — o(x,6 ). (4.5)

1—1
2, CeatE T AR RIAR R (4.4), XL CBOW FEI HireR ¥, % MRt e
wrfhAk, Rlanfapiex A~ s o Kb, word2vee HLEDR T JEFERLEREE EFE". hidh FE2E5)
TR0 SCRR AR A AR I B0 BE T ST, IR FORE s B B 3.
BEALEERE L THE R B —MEA (Context(w), w), 06 B AR EC T AT (40
X)) ZERE—UChE. MR £ 5H, ERE BTSSR x,, 09, w € C,
J=2, 1Y G SesE i sREL L(w, §) O T X EEp H [ JE.
HIEHEIE L(w,j) LT 07 M#
oL w,j d w w w w
595?;"_1 ) _ 0 {(1—dy) - loglo(x,67 )] +dy - log[1 — o(x, 05 1)]}
(- L - o) % — (X 1B (R (2) 50
(A L — o)) — )b (£

= [1—d¥ —o(x,87 )] Xu.
T, 07 AKX N
O =00+ [1—dy —o(x, 07 )] xu,

ey 3RFE3EE, FIEL.
B PRFIE L(w,J) T xo FRBIE. SR (4.5) B, Llw, j) PRETFAER x, 167,

SERTRIY (P LB, B, AU BB 500 4o bt 2S00 iRl LAk v
RSB TR FTLA T, 8
aL(w,j)

e [1—dY —o(x 07 )] 0% ).

FLHL, AP EA TREC 2 DR 1 R 100528 H g JE 2R M D g iy
el L, T ML X, RS Context(w) v islinl g iy 2. T4, W R 250D 5
it v(w), w € Context(w) YEATHBUE? word2vec PR T B, BT

L OL(w, )
V(@) = v(@) +1 Y — =, @ € Context(w),
=2 v

R /ME (REYL) 865 FREIE, ARRAE (REBL) BBEE L TRk, sXRiE T B iy Jy 1l W 507K (Bl
L) BT RENE. X Lo I < Lo AR R RS IR TR SR b KA



Hnan v OL(Wi) mmahanl v 4 ap\ les AL A by EL [ e A ple Ve LA o S HS B de

BHE 20 55, VURAZL Contert\w) Frie TR R REEL L AR TR ARCATER AR, BATSY Xy A
=2

Sl Context(w) v i ial ] B 2000, SRSEBEIE TS SR 50K L TTMR 3 140 Bk B 23

4.3 SR AEFR P EREE L ANFEEHTHEATAT LS 7 Bpd N n K

n ~— OL(w, j)
|Context(w)| L X,

v(w) = v(w) + w € Context(w),

£ |Context(w)| f+7 Context(w) 4 d/~4.

TFHELABEA (Context(w), w) A, 4y CBOW BRI R IBEHLBEIE 17k 0 6 % 2
By Dy 104,

1l.e=0.

2. Xy = > v(u).

ueContert(w)

3. FOR j =2:1* DO
{

31 q=o(x,0" )

32 g=n(1—dy —q)

33 e=e+gb,

34 07, =07+ gxy
}

4. FOR u € Context(w) DO
{

v(u):=v(u)+e

}
HE, 3.3 M2 3.4 RBEACHRUT, Bl 02, W AFTTHRE] e J5 FHYCHE BT

F 44 «n’é‘iiﬁlﬁ AR, MR st s word2vec TSP R L E 44T syn0 2R v(-),
synl * R 0%, neul # N X, neule 3 f e.



§4.2 Skip-gram %!

ANV word2vee W Y — TR — Skip-gram BT ) THES LS CBOW A
[E] /5, RS /AT S IR 5

€ 12 Z5 it 1 Skip-gram SUH 25454, [ CBOW SR R 20258 —FF, Wi =
B fm A R FRREERLRIAS H L RN DLEEA (w. Context(w)) ol bt = A~ EL 450 5 #iq gy
FEne THE A NJEn v DR IR TIN THARN L] 2. JOHOL EA T Wy AT U W T A Ty AV) A e | T O HAR] B RILTT )

Input Layer V(w)

Projection Layer V(’ur)

cccccc

Sample: (w, Clonteat(w))

%] 12 Skip-gram fFE] (1 [ 25 S04 o 2 %]

3. B E: fl CBOW B —FE & LA B— Huffman #.

§4.2.2 BEITH

¥ Skip-gram S8, RIS YT w, FFEXIE [R50 Context(w) iy idl gk T i,
Rt H AR R ROV iZIE I (4.2), HOGERE SR MK AR p(Context(w)|w) BY#41E, Skip-gram



BRI HoE
p(Context(w)|w) = H p(ulw),

ueContext(w)

B plu|w) TR /NS00 Hierarchical Softmax BUAE, 251 F (4.3) HiEH

p(ulw) = T] plav(w),6e,),

Horpr
p(d;|v(w), 65 1) = [o(v(w) 65 )™ - [1 = o(v(w) "6} ,)]. (4.6)

B (4.6) HRUATI, TR ECRAR R R (4.2) 1) FLAR R

.
olog [ [TH{let)Te )l =% [1—olv(w) 6 ))% }

wel uef’antpa't(w] j=2

S 30— oo (v )] + i loglt — (v E )]}

weC ueContext(w) j=2

L

4.7)
[FIFE, g IR BE A S o7 (ke L, B = FRAAF S FAERE 5 LA A il L(w,u, 5), B
L(w,u,j) = (1—dj) -loglo(v(w) 6;_y)] +dj - log[L — a(v(w) " 6;_,)].
i, e G HARR s B 53X (4.7), X e Skip-gram B HARR %L 1%
ORI RER TIBEHLB R EF R AT LA T AL, JCBR IS 5 1 PSSR
TEHIE Llw,u,j) KT 0% BIREEITEY (5 CBOW BLRURf i o3 ity 4 558 4228 0A).
IL(w,u,j) 7]
o, oa
= (L—dj)1 —a(v(w) 8 )lv(w) - djo(v(w) 6 )v(w) (FIH (2.1) &)
= {1—d)[l—o(v(w) Vi) = dio(v(w) T8} v(w) (&)
= [1- dy — cr(v(w]TG}‘_l)] v(w).

1—dY) -loglo(v(w) 6} )] + d¥ - log[l — o (v(w) 6} )]}

T, 07 MBS N

01 = 05y + 1 [1 = df — o (v(w) 67| v(w).
B FORGIE L(w,u,5) %F v(w) MEIE. WA L(w,u,j) dv(w) f1 67, (HXER
9Llw,u.j) _

v (w) [1 —d¥ — J(v(w)Tt?;"_lH 8;-“_1.



v(w) Y EF 2 A5

OL(w,u,j)
oviw)

i Skip-gram B R FIREHLES 1 THik 45

= H
=
= Tk
_E._
B
Q
Q
s
=
5
T
o
=
:PP

FOR u € Context(w) DO

{
FOR j=2:1" DO

{

—

q = G'(V(HJ)T@;-“_I)
g=n(l—dj—q)
e:=e+ g,

0r_y =07_; + gv(w)

- w N

1
J

v(w) =v(w)+e

{HEE, word2vec Y, IS4 Context(w) 4 T AT W &AL FRSE IS A KIE v(w), i
J&, FRALFRSE Context(w) ) —A0] u, 5L E—IK v(w), HAE K
FOR u € Context(w) DO
{

e=0

FOR j=2:1* DO

{

g =0(v(w)T6Ly)
=n(l—dj—q)

e:=e+ gl

B =0 +gv(w)

Ll

}

v(w) =v(w)+e

!
Rl Ff, T SRR, FRERHR A 3 M 4 ARREACHY, ] 0F, EAETTRE e S5 A ST

45 4 Eimdg R, MRk EE word2vec BAA PR Bk A 4T syn0 AR v(-),
synl * 5 07 _,, neule M e,



§5 FTF Negative Sampling §YiEHI

AT #45: T Negative Sampling (1 CBOW Hi Skip—gram ik, Negative Sampling
(fjfr Xy NEG) Ji Tomas Mikolov 5 A7E3C [4] A, ‘E ) NCE (Noise Contrastive
Estimation) f#]—A~fjfb A=, B (5 F] et o o 2 o 1 Tf'L’I*FJﬂf% P BEY B . 5 Hier-

G ASFAE FE T (57 740) Huffma
[ |

AT LA ST \9(./4 HY ) lll“—llj:‘lu.ll P s

) B
Hy) ria

(C

x Z'
'“Etﬂ

HLTASRAE, RE AU L4 o PERE, 1417 ] fF 7 Hierarchical Softmax () —Firgr{t.

2= 4 NI 2L 4 M= E & 5, H--J—#-ur.lr‘rvz Z @2 o 22l ot

E o1 NUL aygE A Y H A2, oA A ;c..u-muﬂntﬁ—g“ J o FL R AT q\muﬂwc-ﬂ— z“ /y._u;
o MR, BIRAIBmEERIEA X, Sl EEEA Y, wRFHT X Y

kA, AL X BFTRRHET. BART A A Tk [9).

§5.1 CBOW &5

{£ CBOW #ifldt QA w ) 1 F 3¢ Context(w), T w, F, MT4Em
Context(w), W] w §i P IERER, HEWHERABER [ AfEAIAZ, ZWmHERME? X
ATl J1 LA Ay, A e ) T FREA T A 4.

REMIE CLLIEL [ —1 KT Context(w) () TFEAFHE NEG(w) # 0. HXf V@ € D,

B {1, W= w;
Lo(@) =
0, w#w,
Feni w R, BUIEFEARMIRE N 1, RIS N 0.
KT — B IEFEA (Context(w), w), 14 4l KAk

glw) = H p(u|Context(w)), (5.1)

ue{w}UN EG(w)

i
Tgu Wy — 1-
p(u|Contexrt(w)) = o (xuf"), L) =1,
1 —o(x,0"), L“(u)=0,
FE U AR
p(u|Context(w)) = [a(x[6")]" ™. [1 - a(x[om)] ™", (5.2)

XL x,, (5478 Context(w) W& il ial (7 HEZ A, i 6 € R™ el u MR —A4~ (BiH))
A, PRI SR
A LKA g(w) WE? AERATRE A g(w) M85, ¥ (5.2) fAA (5.1), A7

g(w) = o(x}6v) H [1 - J(XEH“)] .

uEN EG(w)




Hordr o(xg0") FmY N3 Context(w) B, FEllGilJy w fHEER, 1T o(x 6"), u €
NEG(w) W52 L F3Ch Context(w) WF, BEAHCUY uw AT#ES (GXELA] A4~
Oy 2RI, FATT 2 WA R i S ). WER LA, SRME g(w), M4 TR
o(x,0"), [ /MEBTAH o(x,0%), v € NEG(w). XAIERRFA A Y7 MAIERER
Eﬁﬂ&ﬂﬁﬁfﬁ:ﬁ#ﬁsﬂﬁmﬁ 1‘;}: AT DEE AR C, s

G=]]9w)

wel
FEPTRAME A B A AR H AR, 2488, it S, 3¢ G BOSE, 520 5 Fred B0 (Ch R &5
- = == Ay | e ST He N S =
|J ‘»Jl. THL G, :I:.I}J'l‘]'%l.'lal_. J ) e
£ = loo@@ = loo T atu) = N 1o olw)
~ s A R A AR ALY
wel wel
I TT (1T au L@ 1, T aund 1—-L*(u)
= 2 108 1 1[”\"1::‘7 J] [L— TiX,0 )]
wel ue{w}uNEG{w)
- 0N [T 3 I T | it - T aayTY
= > > A{Luw - log[o(x,6")] + [1 - L¥(u)] - log [1 — o(x,6")] } .
weC ue{wluN EG(w)
(5.3)
T e e o Al = O = ke v S ) BN £~ R S Sy by =B e e 0 e ol e My e £ e ol R o B O e BT SR ) Y AN
A1 T THe ST ) PRAL AL, I L O A B IOTHAT o AT s BB AT ) WY (W T
Clw. w) = L) -loe Talx T -1 — LY ()] - loo [1 — o(x T a")] (5.4)
AL ) T S 2 [UARY ] T TR AR s [T YY) \22)

B FORFTIREHLAE R EFHEXT (5.3) AT AL, SCBEEEAR H £ PRI, HIEH IR
L(w,u) KT 0" FREIETHEL
oL (w, d ,
# g {17 (u) - log [o(xp0")] +[1 — L*(u)] - log [1 — o (x,6%)] }
= L*(u)[1 = o(x,0")|xw — [1 = L¥(u)]o(xL0%)x, (FIH (2.1) )
X, 0")] —[1— L*(u)lo(x6") } xw  (9F)

[CEER NS

(
= [L"(u) — U(X\LG“)] Xu. (5.5)
:, 0" I T Eh
" = 6"+ [L(u) — o(x,0")] Xy (5.6)
P TREIR Llw,u) KT x, BTBIE. FIFEAIT L(w,u) T x, I 6 (RFERIE, 7

IL(w, u)

Xy
TIE, R 25, WT{% v(@), @ € Context(w) MEHFAXY (ETHHATUE A KNS
% L3k ﬁ_? Hlerarchica] Softmax (1] CBOW R V40 H i #8 )

= [L“(u) — a(x,,6")] 6“. (5.7)

en 3 SR weom
'I.:'\‘:rn {u‘i} axw

=f.
S LY

o
=

ot

—_—

r( AN r.l’
Viw) = Vi



NEAFEA (Context(w), w) Ay, % 3T Negative Sampling (¥ CBOW #UI R 1]
BEALEE B LT TR & 2800 Dh (U
l.e=0.

2. x, = 3 v(u).

ueContext(w)

3. FOR u = {w} U NEG(w) DO

{

31 qg=o(x.6")
3.2 g=n(L"(u) -q)
33 e:=e+ gt
3.4 0" :=6"+ gx,
}

4. FOR u € Contexrt(w) DO

{

viu):=v(u)+e

}
TR, 28 3.3 fiZl 3.4 RREZCHUTT, B 60 BEAFTTRRE] e oA B0

5.2 44 Landy B RA, R E RS word2vec IR PR R K A4 syn0 AR v(.),
synineg * B 6%, neul & F X, neule # J e.

§5.2 Skip-gram &%

AN 3T Negative Sampling 19 Skip-gram #2780 /N5 2431 CBOW it
TEL e FH oy SRR — REAY, DRI, X HLIR AT B DA H el 0 %, BT Zmriic -

AT =N HEA (v, Context(w)), T4 Big KL

gw) =[] | )

iweContert(w) ue{w }UNEG‘I’(w)

e
. o(v(w)'6"), L*(u) =1
plulw) = N
1—o(v(w)"8), L*(u)=0,
EEACT R 1SS
p(u|w) = [cr(v(ﬂ?)Té”‘)]Lw(u) [1- cr(v(’&?)T!?“)]l_Lw(u) ,

WL NEG™ (w) FRAbFEH @ A kA 4. T, i F— MA@ gkl ¢, M

G =] g(w)

wel



£ = logG = log [Tgw) = Y logg(w)
i1 L
wel weC
— N e TT 1T L Totv (i T 2@ 11 _ gvan Ten] @1
L. 7= 11 1 | RGN AR L WA g S
wel weContert(w) uc{wjUNEGT(w)
A -
-2 2 2.
wel weContext(w) ue{wjUNEG®(w)
{L"(u) - log [o(v(@)T6“)] + [1 — L“(u)] - log [1 — o (v(w)76)] } .
(5.9)

ORI R A S R L, P =ERMAT S NS T B AR TC N L(w, @, u), B
L(w,D,u) = L*(u) - log [o(v(@)T6“)] +[1 — L*(u)] - log [1 — o(v(@)"6)] .

P FORFTIREALBSE EFH Rt (5.9) $E 7ML, JCREIEBA Y £ WP2ERIE. eIk
L(w, @, u) T 0 FEEETTIL
OL(w, w,u)
R

= 8(;“ {L*(u) -log [o(v(@w)T6*)] +[1 — L*(u)] - log [1 — o(v(@)"6*)] }

= LYu)[1 —a(v(@)T6%)v(w) — 1 — L*(u)]o(v(@)T6*)v(w) (FIF (2.1) &)

= {L¥(u)[l —o(v(@)"6")] — [1 — L*(u)]o(v(@)"6") }v(@) (&)

= [L"(u) — o(v(@)T6")] v(iD). (5.10)

T, v I A
v = v [LY(u) — o(v(w) " 6%)] v(m). (5.11)

7 PRFIE L(w, w,u) KT v(D) BB R L(w, @, u) 1 v(w) F1 6" FRSFRIE. A7

8[:(1““!??’5?“) _ W) — i Tu U
et = (L)~ o(v(@) 0] 7
T I, v(@) EOF AT N
v(w) == v(w) + 75 Z M

av(w)

us{wUNEG™ (w)

N VAREA (w, Context(w)) Jfil, 25 5T Negative Sampling [ Skip-gram 7%l
K T BEFLES FE b T 508 25 2800 .



FOR @ = Context(w) DO
{
e=0.
FOR u = {w}UNEG*(w) DO
{
o — (A T guy
Y —viviwy v )
g=n(L"(u) —q)
e =e+ ggu
04 = 0"+ gv(w)
1
1
vi(w) =v(w)+e
!

HE, # 3.3 fi# 3.4 ASREACHUKFE, B 0v EETTHRE) e J5 A4 H 8T
5.3 &4 Emeyh R, MRS hEE word2vec RAYP A B E Ao T syn0 # R v(-),

camImnen # 5 A% menle # N a
synineg T M U7, Neule ¥y M e,

§5.3 SARMRZE

Jifi 44 KL X, {EFET Negative Sampling [ CBOW #1 Skip-gram 8l rfr R FEE MR
B FRAT, AT A2 W w, WK NEG(w) WE?

W D P EAET R C BB S AT AR, AT TR S ], e S AR AR A
BN EBER, Bz, AT ARSI, gk g RV i e, SRR AT R B
LRI — N RECEOR, A s — T BCR AR [B)RE, HIOCH TR 2, R ArE R [19]
LA kS AR T

N 1T 5G] — B A g o SR Bl 7 PR A BOR PR FILFE.

LIS D A A w A EREE Hw), RN

counter(w)
> counter(u)’
ueD
XML counter(+) Fm—MAEHPE C BRI (G Bl i SROR1HHT R H0H —
k). BUTERIX SR B ¥ AN IE M DR rE — e, TR — MR 1 B2k Be. it
BEFLA X A B R B AT A, WH P BB IR 2R B (Oh I e AT ia] ) A T iy R
B

k
2 FRFHRIR word2vec Y EARMGL. 2 o =0, I = Z len(w;), k=1,2,--+ , N, iXB w;

PR D g G AN, TIRL {1}, sy &rTﬁ%lllx ) [0,1] LS EIS,
L= (Lo, ), i =1,2,--- N I N AN KL dE— 5] A K] [0, 1] 1 —42 i g &
4, 5T AR {rnj}j_ﬂ,ﬁd1 M >> N, BRI 13 25 iR g

len(w) = (5.12)




iO T Iil T I!'2 l‘71’\'—1 ¥ !\*
1] 132 N
| 1 1 1 1
] T T T T [] T
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[ /- | |
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S EREEE =
1
[ | Ll L1 1 ] 1 ]
Mg 1My Nio Mg My Mg Mg Mpar_1 May
1 19 Mol 1.0\ i BR A 2 e — S ]
=] Lo Tabiel ) pacs)] ) e Vs B =

P ETHAR T  {my A HEE R4y b, A 13 Pt R s, T s
{m; P HIKW] (L, (A0 {w; ) (w2

Table(i) = wy, where m; € I, i=1,2,--- , M —1. (5.13)

AT IXA M, SRR 7 RN A 1, M = 1) A BEYLEERL . Table(r) L& —
FEAS. 48R, JX HLAA — 05, 24%F w; @847 FORFERS, QURBEFES] w; H 284007 kL
B Zem o), ACAS s X 2 AR PR

{H A 420y &, word2vec YA Arid g D by il 5 WAL RS, A& HJEH counter(w),
MEAT AR 17 o YR, b a = 0.75, B (5.12) 250 1

[counter(w)]%™

>~ [counter(u)]*™"
ueD

Ak, SR M = 10% (4R S 8 i tablesize), MiBEEE (5.13) MLt —4 4 H
InitUnigramTable [t e % 58 WK,

len(w) =



§6 FHTIRISLHT
§6.1 o(r) BRERITE

plER 1 FT UL, sigmoid pR¥L o(x) 46 = = 0 BELASERIZY, FEplgds e, 4
T < —6HF x> 6 BRI IEARL T, fiEE T 0, FHEE T L

ANSEAE RO ] 3 b @ LTI R AT « 3V o(x), HAF o (@) {HE R A JEHE
HARs, M4, B g, FeA 1k T AR X R FinE Rl E A &

FEIX ) [—6, 6] SFEEH 4 R K S0, W5 830 0hdh xo, oy, -+ ak, EIRR @ =
o + ih, Hodt 2p = —6, & h=}K—2.

Ly Ly Iy Tagg L5500 L501 Lygox  Lagy L1000
L 1 . ] 1 I s 1 ] 1

i 0 6
€ 14 K = 1000 mF[X[i] [—6,6] 1 58 i) 23 n B

TR o) M SAFIFRAFR R, 15T o(z) WF, RITa Pz AR

0, r< —6
o(x) = {o(x), =e(—6,6) (6.1)
1, r>6

o, kST 52 NSRS S BRI (W) o 2R S o BB ROy
R, A IRy e () e MR AT L 205K (6.1) A7 SR, word2vec I
R 1 X bl 2 R4 e RO

R HAER I A 2R IR SIS TIRCRIE? KR o) i e FMHERGETT e, B—4
VISR PR R, P S B R AR

AT n TG RU ST A E S 2 B/ (12| < 1) W, AR/ n s o] AR &, 1
ST SR (52 2 8RR, A £, 25 ge k. BRIk e — Pk s
—fE VT AE, PASEE A E T VCRC AR A 1.
6.1 ET o(x) 49t S, word2vec BAPH — A E G, LT @R, i <
EXP.TABLE_SIZ Fizi # i <= EXP_.TABLE SIZE.

for (i = 0; i < EXP_TABLE_SIZE; i++)

{
expTable[i]

exp((i / (real)EXP_TABLE_SIZE * 2 - 1) * MAX_EXP);
expTable[i] / (expTable[i] + 1);

expTable[i]



§6.2 JAMEVTEHE

7E word2vec i, gt D JEIE LG FH AL, KR W, XELE U
JHE AL BRI TR,

B, FE— P E K vocab_hash size (BRIAE A 3 x 107) A3 4] vocab_hash, Jf
BRI BRI N -1 SR, il L D vy ia] de vz an R

vocab_hash[hv(w;)] = j,
St () Fi w; (RUESEAARTHED BRI 448, TTREML
hv(wi) = hv(wy), i # j

IR ORISR B FF R AR g2, MUY s 090 A 0 hv () IR, %
B vocab_hash Htifgi% i 1 EL B HAL Al 1, MBEFERE FAEHe, BN A ud Ay
(# E BRI, AT AEH).

o gl rhr As B B A (O a0 HRR AR R4 HonA

3 A hylap) MR EAY voeah hash rhdk ll
AL T B AT U‘H“}'J JLF] 3 I L &4

H aviw), 7%/modn votao_diasii

hv(w) XA AL, 5 vocab_hash(hv(w;)] = —1, MR w RBWGRTERIL F; 0, T3
w Fll Wyoeab hashihvie,) (FiSEH5 vocab hash(hv(w))] A~id) 27 HAE, MAHIE, W) w
FEiR R S & vocab_hash(hv(w; )], WA, WILRZERE FUCHS, HF| w FEEA wy, T
B L3# vocab_hash ({2 -1 1k, ATHRR w fEHM PRSI &k, & RR w AR
Wk AE T i,

§6.3 HATH

i Dy, PR & — PR < /s >, ERORAERIY S — M L 6T
FREH B R T, B BRI — AN e, AHE A AR SR B O A S g T
FEAE ) L FRH | — )i 25 .

word2vec (1A% SortVocab dA7—Br At Jd M B i B F s B EU/ T min_count
(AR ], Ty il A e A WSl T X B AT o o i 1 ] 42 B B RGHE T
[ REIFHES, DA, FeRiin, SOt ial LN R ERT# By, SIBR AR E/M T min_count (¥4
W RETT, {H word2vec # R B3 (191U A X FRLY:

for (a = 0; a < size; a ++)
{
if (vocabla].cn < min_count)
{
vocab_size --;

free(vocab[vocab_size] .word) ;

else



T, AT < /s > MNMEFFE A S SHET, A, 4HErHef T A 7E R B U

T mi nt Ij“—‘.‘_l’ﬁb/y IIZL'}_.ALLIIFLI Yier Fhr - :l:’ﬁi:l: nt
1 ll.j.ll.l._\_UI.Lj.ll. }\J H ") Ho 2 0 J|/j [N S VAN -+ S AN B | N _COUNT 7y by,

§6.4 {RSEF0=501E
1€ word2vec Jfith, AFFEE A RBURA AN S WA LET T 1 —HARIRA L.

IO i pplie =

HI Ml o syl D
AL 1D

A E ii‘.[( EL A AN Lo I 2l ik 457
[RIPAPRE=Eils L SERVSY Ll b INAE > H

» A1

n.‘_.,_

b oabt set. sl - ap \ T 2

i min_count {iR{HZE0 (BOANUE R 5), 7 = WE R BBV T
©, MPEE N T S B A AR Ao A B, 00 L F5FF min_count U 0 5% 1 B[,
TERE, X HERAEHEAN S D (el A & AS wT L. ] LA SRl B Ry N R i it
HEFT X FE— I WAL ATt BLR BN T min_count (11 #42E [

AR, A ErcAe, AR b e ] st A 2R ] Y T A B BRe e S
75 BT ] B P A EA T R BRI Bide R — M R{E S 3 minreduce
(CBRAME A 1), WSS AT iR S Desrrent WAL [Desrrent| 96 2

| Deyrrent) > 0.7 - vocab_hash_size,
FJ—II.”D& ‘D.’_"J;"Fsﬂ.f, HJH[ [;’%Eﬁﬁ 'LH ijl ‘(j\,. ﬁ’{.l\:!:)??‘-:!: minreduce EV{I ﬁ?.l -

2. ESRiERYLLIE

X (4] FRE] fF }\‘m’i“'r} S, R ES e LI (the most frequent words) 45 i
BE AR T, <y dE S RMRBTE AT, SRt iy AE B mi H
Y] R ] ] .ﬁﬁﬁ/"ﬁﬁi_i_ﬂfﬁﬂ [t Ak A g e k. Bk, 3¢ [4]
2T —Fmi i Subsampling #4555, IRl (He 2 ~ 10 6%, T
ey S ARG A A A A3 T A3 T 2 iy ) U (4 o] ] BN ), ARG L 1 25 5 — BT {E 2
ot (B word2vec A% 0 ff sample (145 &), 7] w BELL

prob(w) = \/f ) (6.2)
R 7, ot
\ _ _counter(w) ‘
flw) = > counter(u)’ web
ueD

PR w R, IR, Subsampling FUREFATABEERE L f(w) > ¢ 0 0 5 5.



(AT —H2i% &, word2vec YA HAFR ] 09 A S HA & (6.2), i &

t t
prob(w) =1 — ( ) + f(w)) .

AR GBS B LRTAL I w, S5t 5T ran = | /555 + 77 WIIH, RIGPE—4
(0,1) FRBENL (52) K r, W 7 > ran, W55 w. mﬂ:wm ] (0,1) kp=—Ak
F ran EEHUENBEARRE 1 — ran, FIE R HERREERE FLL 1 — ran (44 #5971 w.

§6.5 WOMRETFX

BERLN 25 & LAFT R S LaiE A T (B, SRl SO BT A6 — ], WINZRR RRR

ﬁ%xw~Af F), TR < /s > SFEEL UL A FRREAK (RO
BAER A — MR ] F), FEAETRE T — R {EZ % MAX SENTENCE_LENGTH
(BRE A 1000), LSt —4T A #0EaE MAX SENTENCE_LENGTH, W37 114 1.

KT @ AT, e S T A, Wef RAAEE] T A INZRfEas, B oA RE— AT F
—HEAR. FIBIEATT IR w, HF e LA Contex(w), shr]33FA (Contex(w), w)
% (w, Contex(w)).

A 2401 5E X Contewt(w) We? FITH A& R I AR w 1RTE 28 ¢ i, (H
word2vec TR ]IS S X FRAY: RO — N DM E R window (BRIAE N 5), TR
Fii Context(w) W, FeE MK 0] [1, window] Fpg—BERL (4) %1 ¢, w MIfE & HL € i
TR T Context(w).

HISCHAS 83,3 Fpaf 2o A0S AL CBOW I, Fofl AT H 8 e et iy L Ay —
A, AT R A v AR, Jo B B 2 0. R AR i #5057 =6k 1 el 5 By
TR E RIS, A — P Fab: AT —F7 e Ry R 28], AT, EiiETREAE € 4 It
ek A R 2 T FE AR 1) 7 U 5 4 b FERCE ) B, AH B AR DI T8 AT X A m] i, G AR
WA TILIET.

§6.6 BERFIE

TSR 27 2] A4, S8 — (AR5 50 . I0HE word2vec Jiat i, JHE] 1 HEMAA.
HAEREFERT: BOCRE—MIRRATE 2T no (BUMECY 0.025), f:4bFH5E 10000 (U A% HLE
Bt AT BZAL, (ol IARSR 2200 ) i, MR LA B 23067 ) R AT — I i

word_count_actual
o 1 6.3
=1 ( train_words + 1 ) ' (6.3)

Hirr word_count_actual £&78 477 C AP AT1%L, trainwords = 3 counter(w), +1 &%
weD
QUGS

1 (6.3) TTIL, n BEBE AT I 2y AT M2, HE 1 0. {HIE, 22 2 R ARERL /), 1A
-IH-/J: ‘U;'ﬁ:h%rhj]u)\ I'* | hﬁﬁi Thmins éﬂ- 1 << Nmins l)_ll ’{T]‘ n HA}:)‘J Thmin s —/H:‘ITI Tmin = 10_4 o



§6.7 BHAELSIIE

b= (=25

BRI SR S BERLRS I B THE, HRINERBEH—IR, X & H a5 2 —.

BB T B iy SR B H0 o] D0 B 23 Bk, DAL D g A il i e
AEXT X B SR TR AL Iy, T8 R T T RE4E, )5 20 K F 0 2R #86 1L, word2vec
TSy BAR 20N

[rand()/RAND_MAX] —
e
ShOH1, AR i R A i AE K] [— 22, 28], S L m )54 i i ki R

KA Eﬂﬁ] ZI [‘-‘Jha‘ word2vec J§fgH L T syn0, synl fil synlneg —4~—2E%4,
Jerr synO AW, Huffman 5547 45 5209 i 1] &, synl A5 Huffman #8547 35145
HER L, synlneg Xf 3T Negative Sampling [ A5 1] fH I 2807 it

§6.8 BLEIEFHIT

word2vec HP IR LR, AP 2% num_threads (BRIAIR 1), L 528 FE4H
Koty EEAH T

pthread_t *pt = (pthread_t *)malloc(num_threads*sizeof (pthread_t));
for (a = 0; a < num_threads; a++)

pthread_create(&pt[al, NULL, TrainModelThread, (void *)a);
for (a = 0; a < num_threads; a++)

pthread_join(pt[a], NULL);

At TrainModel Thread JiBLZGFEUNZRpER. Xt T 2 LRBMIE, T 2HER S EE T 4% T
i oy, TR, kA

fseek(fi, file_size/(long long)num_threads*(long long)id, SEEK_SET);

Horpr filesize 87395 AN Bl SC A a7 . I aT L, R0 45 B G 1 i A S .
448, R HLTTBUE word2vee fESAERIFTIBL AU, S 4] 45151444 Skip-
gram B AT 5):

This makes the training extremely eflicient: an optimized single-machine imple-

mentation can train on more than 100 billion words in one day.

IXFERCRIVIZ L 2080 12 K 2 RN 2R T IE.

§6.9 JLRZECFIBE

1. word2vec Y1 A% TrainModelThread 1, 243 Hierarchical Softmax AjS—3ZIf, 47—
BRI & AIRR I o(-) (A, B

if (f <= -MAX_EXP)

continue;



else if (f >= MAX_EXP)

continue;
else
f = expTable((int) ({f+MAX_EXP)*(EXP_TABLE_SIZE/MAX_EXP/2))1];

= (1 - vocab[word].code[d] - f) * alpha;

XP I, WiZht £ = 0; 24 f >= MAX_EXP Iif, iV

+ 7 L]kf\ ‘IJ F/-“a'-n"?._l" 0 w1 bk Ak H—I RN

=1 LR AUN g A HEHA
3

iz, E»{‘Hﬁ\”ﬁ H’F?’ X%

/| i 'H {HAFERIY J2, ,qg Negdn\re Sampiing Jii—
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1';"1
5=
4
<
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iz

\\\\\

if (f > MAX_EXP)

= (label - 1) * alpha;
else if (f < -MAX_EXP)

= (label - 0) * alpha;

ANHITEAE A7 IX FEAL B ARy 14 SRR,

PR SIS, AR ) CL R4 AP TSR, M R A, (AT
FSCHERY, 4h i BB A, ARIRSM A S A 4255, 54 word2vec
e SR I 0 o GO+ 3430 k2

. Hierarchical Softmax 1 Negative Sampling J& i 28 AE 4772, H word2vec J§fdrf
AHE A3 SR AR B 78, P el Uit 28GR (UHT negative = 5,
hs = 1) [ARHEFX M, H12S TRE—FR G ik, EXFFO0F, ISR i m f it
Bkl o

BRI BB 758, 27 Context(w) i MIgTF A TR, P11 REBA
R < EARBR AV SR B B — R, R, ISR LRI P R
HR B LR

. word2vec JLAMERL ) H bR g B0 H A IR LT, MR A E N 258 AR

- FESCAT AR SE A S AT — A S R AR DRE 0, R i R S B S P B
VAR, S0, A7 A — AR o —B s AT TR, L EAR R,
ARSI BN, AT B B HESE?
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