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—. 4 &2 word2vec?

word2vec 7 Google 7t 2013 SF4FE H R ) — 3RS 1] SR AE A SEEE In) 18 10 = RK
TH, RHMERE CBOW (Continuous Bag-Of-Words, R[IIEZ: 1 1a] 43478 ) F
Skip-Gram PiFf. word2vec fCiL%EERL A : https://code.google.com/p/word2vec/,
151 Apache License 2.0 FFUEPI, A& —FP0f i Mk N H A WP ], 23R T 278
53 R AR

word2vec — M AN N & —> Deep Learning GREEZZ2]) [BIAEY, 57 HR
A, AJHERT word2vec HITE# Tomas Mikolov Y] Deep Learning 15 5t UL & word2vec
JE— PP I 28 AR O, (HBRAT TR A B R R, TR IR AN BE
SEIRERA . AR word2vee bR HE—E S BN HAH S E, i
Softmax, B G E—MRZBIA,

word2vec it Y112k, BT DAFEXS SCAS N R AR BT A0 A K 4 ) 82 () P 1) )
1B 55, 1 n) 12 A) b PR ARARLRE W DA SR 3R 7 SCARTE: SC_E IR ARARLES « PRI, word2vec
e o TR R] ) T DA L SRABUAR 22 NLP AH DG AR, P innZg e, $LIA] SGA] . m] P4y
M. 1M word2vec #f N AL R HL 7 & H = vk 5125 (Additive
Compositionality ) , B M [ [ % 7 & : vector('Paris') - vector('France') +
vector('ltaly') =vector('Rome'), vector('king') - vector('man') + vector(‘woman') =
vector(‘queen'). THIRATIN N XN Z/DF S BEAE T, 1R 22 HoAth B4k 5l 3= @t
PRV LR — @ FE P BB RIS, 17 H. word2vec 1 - & DB 58 £ 55 &
EMINEEAE, FEA R R case HRIHAL -

word2vec K2 XA o) — A R K& Hm Ra vk, Mikolov £E 18 3C[2]H R — A4
P B BN LR A — R a5k b TA400 .


https://code.google.com/p/word2vec/

. BEATT]

1. RS R#: http://word2vec.googlecode.com/svn/trunk/

2. BN NTERIE S makefile S, ELUHEEATRIIY linux RGEH 77 £44E
makefile ZwPELET T [)-Ofast 2L A -02 80 -g CHRIT D, IR BB 20 12 4%
TeiEHEA)-march=native Fll-Wno-unused-result ZET . 45 R G5 n] fEil 75 BB 4
AHIRHY ¢ W5 k3 fF,  HARM 38 Nz mT LLg

3. 1847 “make” %iF word2vec T H.,

4. 4T demo JHIAS: ./demo-word.sh

demo-word.sh H ARSI, FETERN:

1) 4w (make)

2)  FEINZEDE text8, WIRALELE . text8 H g — L8 b TT [ e S .
W, HASRRERT S, —If 1600 £ J7 > Hid

3) %k, KE—AND e, Bk FHLEs e E

4) ] distance, kT I#) A

! —e text8 ]; then
wget http://mattmahoney.net/dc/text8.zip -0 text8.gz
gzip -d text8.gz -f

fi
time ./word2vec texts vectors.bin
./distance vectors.bif]

IZRse e )a, A china g2t 5 HBAHIT 1]

[Enter word or sentence (EXIT to break): china

ord: china Position in vocabulary: 486

.768188
.652825
.614888
.614887
.613579
. 605946
.592367
.577905
.575681
.569950
.567597

thailand

cambodia

singapore
republic

mongolia .554642

chinese .551576

5. WAL E AT HARAH SRR, B AR PEAHE 2 1 1) & ok ke AR
Em A ATHAT./word-analogy vectors.bin RiA] . #H5C45 R .

Enter three words (EXIT to break): france paris china

O 00000000000

[=]

ord: france Position in wvocabulary: 303

ord: paris Position in wvocabulary: 1055

ord: china Position in vocabulary: 486

Distance

beijing 0.494238
tokyo 0.441599
shanghai 0.421356




IR R A 2 B R AR VE AL R /N R T DA YN ZRAH DS S 5T

6. Y% vectors.bin S AN TR] A T B 1R s B m) &, WO ERA Y ik
I, AFEE, WRBEAER AL, WEEIZERAE binary LI &N
0.

7. A LL./demo-phrases.sh 4T 451525k, IXFE los angeles Lol 24 ili— A
ARG £ . distance B ISR R

Enter word or sentence (EXIT to break): los_angeles

ord: los_angeles Position in vocabulary: 1680

Cosine distance

san francisco .614459
san _diego .609573
california .607403
lakers .575140
seattle .565795

miami .561132
cakland .550734

8. WAL rh SCITE L Ty R I AF I ) 9 1] R SRk H £ sl FH 25 R B I T

=, 1B \FH
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Bengio S0 F Rt — B[], t—ie kKT paper. M HAH IS 75 A0 4 ax
JUAS RAERINVTARN A T 4 2 4F .

A — Deep Learning A 1.5 SENNA [J¥E# Ronan Collobert /&
Samy Bengio (4 2ikKHRIMIE A4S0 Mgt 4, 1 Samy Bengio M /& Yoshua
Bengio 12526 26

g, B4R
4.1 HHE

1. One-hot Representation

NLP AH AT 45 Hh i WL 26— 20 R Al — N 1) 3R P R BN R U7 G 5 o IX
SR A2 37 6 78 77 V5 ) One-hot Representation, X Fl 7 VAR AR AT 40 5,
RN LR MR R &, ) B YERESETRRRDN, R NALE EECT
1, HABHESA 00 MARIESEERN I, — R M dntSAr i, LR AWM
T o

IX PR TR T 12— A B R IR 0] A eV e i) 5 i) 2 (A AR ABLRE , At B2 X
T IEVE ] ) A AT DGR o BEAMNX PR IR 1582 2y AR ERUR A, T
H 7 Deep Learning AHICI—2E N F

2. Distributed Representation

Distributed representation #zf-Hi Hinton 7F 1986 4F#% B, R HAH &
TN AN TR L B K 4ESCBm & (K — RO R R WS40, i e 2
(AR ES (LE 4N cosine AHARLEE . BRIGEE B55) SRAIWTEATTZ [0 8 SCAHALEE o 1
word2vec 1 15 /& 1X Ff Distributed representation )1 1] & & 7~ /7 20 o

4.2 GIHES A

RGNSV E SRR KRB 5 AR AL (ORI BN A0 R
IEANE A AT WA TR S AR T, — s S AT AT DU A8 1] 05 2 14 AR
HTE AR IR

p(s) = p(w{) = p(wy, wy,..., wr)=[1{=; p(w¢|Context)

HAr context BI 4 _E R 32, MR X Context AR (K1 %143 72, 7 A4y K k2

(1) EF3CEKBEA (Context=NULL)

AN G 8 M HT R A 5 R, AN &% Pt B (1) R SO . X2

— M, B TSR, AHBA 2 KRS b N OME R Ge R S A

p(w¢|Context)= p(Wt)z%

XA FAT A R SCE R, AU T IR SCA P (PR g v e e
n-gram PRI 2 n=1 [REERTE T, BT LU BHEFRAE Unigram Model (— 0 30i44¢
V) . SEBRN A, N B2 i RS O R AT



(2) n-gram 17! (Context= Wy_p41, We—pizseer We—1)

n=1 I, U2 EIRPT U BRSO, IXH n-gram — A A IS N>=2 /&
BB RSO, 24 n=2 I}, WFRA Bigram IS HAY, EMAAE, FHRE
THOCBEOIRET MR C B IR ERIR 2, Bl p(AE | )
p( KA H) . n>2 WL, HUZAERTEE n-1 ANl A e — Nl

— & n-gram BERPLALTE B AR & 5K log ISR, BII:

[T 1 e (WelWemns1s Weonazsee s Wem 110800 (WeWe—ns1) We—naz,eee s We—1)

n-gram AL A0 AL TR N-1 AN T R SR AR I 40 AE R, X LEE EON
] LR AR R LA T o [RIIPRA UE N-1 AN TR T AN A2 P 1] A A A 2R ) 2%

n-gram i 5 LR A A — L8 ] i

1. n-gram W 5 BRI EB S Y OC R, TERHAS A CiE I 255 S )
WEEEA . K B TAEER AT Trigram, SUEAEH R IORLTY, H gt
S A5 FER T 40, B — LS LMW ) /R Bigram

2. XA T A H ) TR R ARABLRE A I fige AN EL A SR AR 1 37
W — AT HIAE R B 2 5, IR AABVF Iy — AN ] HE IR 35X B ] i T PRt 22
WK e “HearyRE” £ B, e LUK “AErES4” ta)
R

3. B KR AL n udl A IS, Ho N 422 0, 280t
BRI 00 MR PRIXAS ] AT WY A FH 77k

TR Al S T A n e A BRI 1, B4 K
HIL k RHEAS n JTCAE 2 d R k1 3%, JEOR IR 0 IR n Jodlhiasid b IR 1
No XFBFRA Laplace i . HRIEHIRZ LM HALF I 7, HA AR
ST AR Sy DU AR, i 5 I NS I8 S A F TR — S KR R . TSI
SIS TR AN FAR I A T AR 2 AR TV

LR R . A RRPSEW T S BIROTVE, B n Joi R AR,
Mwiar ERLR—22, H n-1 ot b — BRI .

(3) n-pos Y (Context=" c(We_ns1y, CWeent2)s-er C(We_1))

PR n-pos HUE n-gram [ —FP T A o n-gram BRI 2 t N9 H
MR S A O & /T N-1 /N3], TS AR 22 1] BRI ME 26 s 2% A A0 T i T il
ITEVETIRER » n-pos R Rl I T IX Pl B s AR AR, e in] 42 OBV A Dy i
AT 28, MIX R PoE N — AN IR 2 . XA I 3R] 2R ORR A ] 1
(Part-of-Speech, fijFx A POS). n-pos A5 H i REAN1a] [ SRR 2 7 -

p(s) = pwi) = p(wy, wy,..., wr)=[l{=, p(Welc(We—ny1), CWeony2), s c(We—1))

¢ NFINWES R E, RIS T AR F) K NI (1=<K<=T). SZF5_L n-Pos
T FRERRAEAR, AEAREOK n-gram HFwe_niq, Wenao e, Wem g H I RTRE

TV YR BleWe—ni1y, CWemngz),eer €Wy ) PR KV, [RIIX RIS R T 15
SCHE L.

28R n-pos IR 2 A8 F,  HAKW LAZ 218 3C[9].

(4) FET PR s 5 A

IR BN E N T RIE S n-gram iE S AL, n-pos iE SRS



HR AT LA CAGE v e S b 1 T 237 oK o T GE T R SRR H AR A &5 S e SRR 2 —
A BRSO G ) . AL ) @A) LR R — AN N w27 R — AN g TR
B2 7 YARIE TP G S AL i) DUE R — L8, n]DLg e “hi—
ANEGESE? 7, CJRHA NI ? 7 2 R TR S

ST PR TR S RIRL R A A BN A T ] G, T AR I 5T
R B SEBR TS OO e, B R . e MIE G v g SR 1 ) AR R, HL
N ESPIREF NS

(5) KMty

BRI ET. Jayness T Fihad 50 SEACER ), HOEAC EARE . o —
B HLZE A (PR3 A BEAT IO IR, 7 995 2 4350 A0 I 20 06 AR 0 (40 45 b AR
il AR . MG EIEI A BER Ut . 8 HUEE R 5T AR AN 0 A0 1 43 FHR I,
I8 24 18 B A5 3K 8 S0 PR X BB 15405 B K I AT
Zilifi(context,w)

e
p(w|Context) = Z(ContenD)

Hrp 2,2 280, Z(Context) HIH—ALIA T, KR H B2 X FF Softmax £,

JIt DA B KR A TR A I e o kA g BUAse 7t
(6) H M & R

AT (1 ABE 20 WG 270 A 08 2 Y50 U v e B A B 1), B T RSl S R
1M H A& N1 S AR AR JE Online Learning [ R, BIVRR 35 2D & 8 B ds 5 A% 1 25 psi
M, BT, ZERRESY, &% BIUXFEIRS . FEeerde SOR il R b
IR, EHE— R SCAR R SR B - I . BERE AR Bt 1] 76 Jm3 35 SCA R R I
155 LB 7S H U S 5T v (R 6 40 A B 1 5 A T A B A IS N B3
TRAFHITE SR Gl S R F A S Sh S E I S 5 & 38—,
TXFh TR A AR IR ] DA R b T G 54 A 07 1) 1) R

AT —Fh A EUAH DI BN R SR, BB T TR E AN
FNG—ME T, [N P BRI Zr g AR SR, ok i s s
TARE ST, FEN AT B 2 AR E AH ¢ U R R 38 RS 5 R AR F
IR AR,

4.3 NNLM

NNLM #& Neural Network Language Model 45, BIfHZE ML SHA, wf
25 N 2T S LI O T e (B4 5 B2 P) SCFE /& Deep Learning —"5fT:4% Bengio 1] (A
Neural Probabilistic Language Model), JMLR 2003,

NNLM X F ) & Distributed Representation, R &E/ N il 4 & 7 &) — N7 5 n) 1
B h



i-th output = P(w, = i | context)

softmax
(X0 XX o0 )
~

. N
most| computation here \

tanh

“r—z Clwi_1)
(e

Table .. ‘ Matrix C

1001{—111) AT T LTI E LTI LI TTT] I s S
Sy shared parameters
mn

across words

index for Wy ;11 mde‘< for wy_2 index for wy_

H bR B2 3 AN (R

fWe, We_1 oo Wemni2s We—ng1) = P(Welwi™h)
T 2 AN -

fWe, We_q e, Weing2, We—ng1) >0

14

Zf(lr W1, ""Wt—n+2rwt—n+1) =1

=1

P BEAS ST R AT FR R AT A 1) 3, U] € RS, BITRAC (w1 ) BT
Hwe_q R0 5o g D — RS EGE AR ZE k2%, o 2 — > ) mitpﬂ/]
Wi TCERRTRMEp(w,e = ilwi™) o WIZRT HARUIR 2 BRI = s, B

Max lee|lh00d = max %Zt lng(Wt, Wt—l y ey Wt—n+2' Wt_n+1; 9) + R(e)
HrheohZ 5, R(O) M IENTH, Hith 2R softmax B& L

Ywy
PWe W1 e, Weengo, Weeng1) = ;ﬁ
Hrby Al i AR IE—16 log #E%, HE T
y = b+ Wx + Utanh(d + Hx)

Hrf b, W, U, dHHEZSE, xRN, FFEFERE, —RIMEM
BTN SEANTTERAL, TMEIXE, x = (CWeer), C(We_p), ey C(W_py1)), A2
it S ZE . FEE TR, I R R x AN HRGE S i 1E, 714 b=0,
wW=0,

AR I BE AR BE SR U, B R SR IRk ) A

04t Ologp(We|We_1, .o, We_ny2, We—n41)
coTE 30
Hrhely learning rate. 7 EVF RS, —MAHE M IENE R — A
{H., Tfﬁ?{ﬁi WNE x WS (FAE ¢ 1, MEFHEIM. iR
Zlfﬂ f]ﬁhi%?T, klmﬁ%i“ﬁ%?T}

XA Softmax BIRMEAFME R IE 4 (0,1), Bt AL HIUEZN 0 MIEHL,

ot B, EWRAESE n-gram BI85 S0 (K)o 1 9% . Bengio 7E




APNews Hdia82 FAS P X LY SI2 56t 2 B A (145 70 2 SR LU RS /O v v P38 VA ) i
1 n-gram HIEEL 10% 3] 20%.

4.4 HAih NNLWM

2% licstar [X] {Deep Learning in NLP (-~ ii [a] S FIiE S %) —3C[10],
XHE A RIA

2.2 C&W [¥] SENNA

2.3 M&H T[] HLBL

2.4 Mikolov ] RNNLM

2.5 Huang i X sl

4.5 Log-Linear %Y

Log-linear t./& Word2vec TR A () HT £ o Log-linear #7445 DL R 140 41 ke :

=

2.
3.

4.

5.

—NMAEE X
—MREES Y, Y R R
AN IEREH KRR ) R R

AW T > R MRERI Gy y) B K 4
S

—AN KRR S B Ry € RY,

BRI %y, BERE S ATBERA -

p(y | xv) =

v-f(x,y)

e
Z eV'f(X,yv)

yYEY

A Y log-linear? JE A& 43 1370 BU5E log Ja & v AN TR MR PERIA A,
1 vi+vs+ve. Michael Collins 7 {Log-Linear Models) 25 H 1) —> k=8 14511 K -


http://licstar.net/archives/328#s22
http://licstar.net/archives/328#s23
http://licstar.net/archives/328#s24
http://licstar.net/archives/328#s25

1 ify=model

fla.y) = { 0 otherwise
o y) 1 ify=model and w;_; =statistical
T, = ' .

J2t Y 0 otherwise
fa(z,y) = 1 ify=model, w; g =any. w;—y=statistical
LY = 0 otherwise
i) 1 ify=model, w;_9=any

4,1 = ' .
Jalt, ¥y 0 otherwise
fay) = 1 ify=model, w;_1 1s an adjective
Jsl.y) = 0 otherwise
folrny) = 1 ify=model, w;_q ends in “ical”
JelhY) = 0 otherwise
fr(x.y) = 1 1ify=model, “model” is not in wy,...w;_1
JIY) = 0 otherwise

1 1if y =model. “grammatical” 1s in wy. ... w;_1

fs(x,y) = { ' ] 1

0 otherwise

Hrp x B—NCFPH): wiws.. Wi, y AN,

ATLAE Y, &8 n Joil 5 %R LIRS AR D WU ek 2, 49K Log-linear
BRI [ 53 B A5 2238 P AT RISk vt St B, (LR k4 K0 23 1V
J& T otherwise 7332, B2 0, Frlhih& bt @ nl LAEESZ 1

4.6 Log-Bilinear 5%

Log-bilinear[13]/& Hinton $2 i ) — MR, FT Log-linear [T 517 T WLi bR 24
T, ZHT fOGy)RET— AN AR [R5 AN B i A 2 B 21— K 4ESEn) &,
1M Log-bilinear A4 U2 BRI y XTI R 5 vye BROAHIAT v F v, # 2
A, B PR AR B log Ja O ZRPE T, ERIE A Log-bilinear. IX AT
R 0] R o BF BT R ARA AL, AR HEAN IR B 1 AT, gk iy o vl
RIS RER RN, AEEMEZ I, a2k, Xte 4.6 17
H )24k Log-bilinear #57H ,

4.6 EIX4 Log-Bilinear %Y

Hinton it — 2 454 Bengio M2 IRALIERE S B [14]82 8 T )2 kb
Log-bilinear #5774 [13], X% 70 K] 45 1E /2 «

LR TR Cword) (9 SR, 7T B9 RS A B AL AR R ) B, A
JEARAP RS ELK R .
2. MG AT R

N JTJZ XA Log-bilinear A8 rp iy 1 R SCIEIN T~ —MA o w A0 -



P(Wr=w|wing) = T155 p(dilqi Win—1)
b di & w dmtSrh 56 i AL IAE, g2 BN Gm BT N AR B IRER T A4 R
p(dilqi, Win—1) = U(vcontextT “q;)

HA v ontexe e N E R M &, W 1 Skip-gram K H 1) A2 5 A\ i
input XM, CBOW M wy.p, AT n-1 AN AT, R IRIERETTAL R
IERENN bias, A LAFEAN B WL s 2, — MEIRREZ AN gt . BEAh, Wi 4w
5, AR I 72 R oy R R 2 2, 187 B A Huffman 2w, th5f 2 word2vec
I, I AEREAN S5 s TN I i, B T 1 likelihood CGHf A 5 R AR 43411
WAL 7 22 G N mliior i) 5. BZX My, DHEZ K, a2 N,
WIS Ak ded AN B 1) xxx-gram — s B AN BT

Word2vec i 13571 Log-Bilinear 157 £ CBOW F1 Skip-gram PFH, AKX
NHESH N,

T, BR

5.1 CBOW

CBOW & Continuous Bag-of-Words Model 45, &M 5H) ] NNLM &4
IR, AN SAET CBOW 4 T B I ARZe Pk = H AL 8= . i
THEF~. LA H, CBOW FAY 2 Fiti P(Wt | Weak We(k-1)-e) W1, Wer 1, Wes 2., Wiak) o

INPUT PROJECTION OUTPUT

w(t-2)

w(t-1)
\SUM
/ :

w(t+1)

w(t+2)

AN 2 BB R Pt AT A E L Br gt 2 BT S A, BRI ARSI .
H.A sentence_position 3471 word £EA] F-H ] Fhr. PA— N HAARFIA)F ABCD
Jl, B UEEN B AR B 24 1T word i A, sentence_position A 0. b J&—
ANFEHLAE K 0 21 window-1 1], #EANE HHIK/N A (2*window + 1 — 2*b),
MM T4 %% window-b /Ml 1] UG B & L N8, HOR/MB
EBENLIK 3 (b=window-1) % 2*window+1(b=0) [A]FEALAZIE, BIBENLE b #K
AINGRSE T YR H B RN . ARSI neul B OMERZ M, i bR (B
MR E 2 AMETED XM vector 2 1.



// in -> hidden

for (a = b; a < window * + - b; at++) if (a '= window) {
c = sentence_position - window + a;
if (¢ < 0) continue;

if (c >= sentence_length) continue;

last_word = sen[c];

if (last_yord = =1) continue;

for (c = U; e < layerl size; c++) neul[ec] += synO[c + last word * layerl size];

CBOW A A[iLIHE: JZIK Softmax FlI Negative Sampling. iX—4
Mikolov JFf ¥ A 7618 ST BEAT ) 3k, 1 1 Y AH SS iR 38 5k B T AR SCAE 0
word2vec YIS 53T, IXFP)ZIK Softmax HiE4E S T Huffman s, &M w
HB AT LR IR &5 s A5 M —— 2R BR A U 1) 21 3XFh Huffman 4w F T #2289
2415 A I AR word2vee TR, FEETEALZ AR S 4IFI 5] A FE 2. R
B n(w, j)NIXKREAE EIE j A4, H Lw) IR KR, =M 1IF
Iagmtd, BI n(w, 1)=root, n(w, L(w)) = w. XT5 j Mg, JZIK Softmax & X T
Label i 1 - code[j], X H HSz A DI Label & X4 code[j], 732 A=t 2= A
%Z, M f R

f = o(neul’ - synl)

Loss K 117 Log ISR, BI:

Loss = —Likelihood = —(1 — code[j])logf — code[jllog(1 — f)

A EEA:

_ dLoss ) )
Gradient = Tronl —(1 —code[j]) - (1 = f) - synl + codel[j] - f - synl
= —(1 — code[j] — f) - synl
_ dLoss , .
Gradient = s = —(1 —code[j]) - (1 — f) - neul + code[j] - f - neul

ynl
= —(1 — code[j] — f) - neul
FrELF B2, word2vec YA Y] g SERR A TS LR A JLIE 5 Learning
rate alpha [¥J3ER, Mikolov WiEREA mILZ, WP TLLMCA: g is the error
multiplied by the learning rate.
if (hs) for (d = '; d < vocab[word] .codelen; d++) {
£f=0;
12 = vocab[word] .point[d] * layerl size;
// Propagate hidden -> output
for (= 1; e < layerl_size; ct++) £ += neul[e] * synlle + 12];
if (£ <= -MAX EXP) continue;
else if (f >= MAX EXP) continue;

else £ = expTablel ( ) ((f + MAX EXP) * (EXP TABLE SIZE / MAX EXP / M1;
// 'g' is the gradient multiplied by the learning rate

g = (. - wvocab[word] .code[d] - f) * alpha;

// Propagate errors output -> hidden

for (c = U; ¢ < layerl size; c++) neulec] += g * synlic + 12];

// Learn weights hidden -> output

for (e = U; ¢ < layerl size; c++) synlc + 12] += g * neul[c];

CBOW 1155 Rl 4515 /& Negative Sampling, X 5 v [ J H {5 iy 2R faj B,
A BEN LI S ], DR IR A%, Mikolov B2k T — NS AR 441
Noise Contrastive Estimation(NCE), BRI AWF400F9T— 1.

Negative Sampling 7EJ5 4Gl A& FEATLAE BY negative 4> (B AT HED— 5T,
R BEAU S B T R word) $145], J5UR I word S IEA, Label 4 1, HiAth



BEHLA B K] Label 5 0, HiH £ 4154
f = o(neul’ - synl)
Loss A 911 Log AR (IR HIBEHLEL I B, X HLAFH > word H—)Z),
R
Loss = —Log Likelihood = —label - logf — (1 — label) - log(1 — f)
HEAHBRIE R

dLoss
Gradient,,; = Ineul —label - (1 — f) -synl + (1 — label) - f - synl
= —(label — f) - synl
_ dLoss
Gradientgy,; = dsyni = —label- (1 — f) -neul + (1 — label) - f - neul

= —(label — f) -neul
FIRET ZACHD b g FRARERR S, Rl LML FE T learning rate ] error(label
g £ 2.

// NEGATIVE SBMPLING
if (negative > ) for (d = U; d < negative + |; d++) {
if (d = ) {
target = word;
label =

else {

next random = next random * ( )

target = table[ (next random >> )} % table sizel;

if (target = ) target = next random % (vocab size - ') +
if (target == word) continue;

label =

}

12 = target * layerl size;

£f=10;

for (¢ = U; ¢ < layerl size; c++) £ += neul[c] * synlneglc + 12];

if (£ > MAX EXP) g = (label - ) * alpha;

else if (f < -MRX EXP) g = (label - ') * alpha;

else g = (label - expTablel( ) {{£ + MAX EXP) * (EXP TABLE SIZE / MAX EXP / ))1) * alpha;
for (e = U; c < layerl_size; c++) neulelc] += g * synlneglc + 12];

for (e = U; ¢ < layerl size; c++) synlneglc + 12] += g * neullc];

BEUZ 2% N\ T2 R 2 A% 18 0 5 fif 2., lﬁﬁgﬁﬁiﬁAF%}EEEﬁm%D,
lﬁtiﬁj)\):B’JFF%f”Eﬂﬁﬁ%):i%F (BRI neule #RREEF T

// hidden -> in

for (a = b; a €< window * + - b; a++) if (a '= window) {
c = sentence_position - window + a;
if {(c < ) continue;

if (e >= sentence_length) continue;

last word = senlcl;

if (last_word = =1} continue;

for (c = U; c < layerl size; c++) synOlc + last word * layerl size] += neulelcl;

5.2 Skip-Gram

Skip-Gram Y[ 5 CBOW 1E4F 77 [ AH i, I G 1% Skip-Gram Y% Fil
ML p(w; |wy), HHt —c < i< t+ cHi # t,c@r BT CHE N/ AL,

c BRI T EL B R pair #ZE, —REEW A SRR 45 5, (B & I 2R a]
SN RAFAE D wo,wa,ws,...,wr R4 51, Skip-gram 1] H b5 /2 i K4



T
1
7> D logp(weeslwo

t=1—c<j<c,j#0
HEA ) Skip-Gram 7Y 52 X p(wo|w) A :
o Vi, TVW/
¥ v Ty
Z e’
1

AR AET i, Skip-gram & MAEFRIGETY, A1 we il i we 725
GO, T we BRTEL), wy PO BRI RE NG P,

T T
1 1
2> dogp(weglwd =2 > D log p(wilwes))

t=1—-c<j<c,j#0 t=1—c<j<c,j#0
[AH, Skip-gram "R n) R AE T R SCHI 504l . Skip-gram 7] skip
FEFRE— & O IR PR S VSRR, SRS 2 TR o — e in], IXAE 1 4
Wb CHEIRE” M CAOIITRE” IRE S AR R I R .

INPUT PROJECTION  OUTPUT

plw,|lw,) =

w(i-2)

w(t-1)

w(t) —

w(t+1)

w(t+2)

5 cBOW 4BL, Skip-Gram AT AP AT IE VL : 2R Softmax il Negative
Sampling. JZ{X Softmax Syt 454 T huffman gmfith, /0] w AR ] DL AR
Gh RV ME—— AR R AR U7 ) B o R n(w, j)RIX AR BE AR EIRER j N4 H L(w)
NIXSBARIK L, RGN 1 IS, B n(w, 1)=root, n(w, L(w)) =w. JZIX
Softmax & X IFAEZ p(w|w)) A :

L(w)-1
pwiw) = [ | o, + 1) = chuiw jDI - v, 00
j=1
Hor:
(1, if xistrue
[[x]]_{—l, else

ch(n(w,)))BERT LR n(w,j) i) 261 45 it il B n(w,j) R4 545 55, word2vec
PEARAS R FH (1) 72 745 5 (Label 24 1-code[j]), HSZUARSOA A 4 sl A2 1)
LA o



Losspqir N Log AR (IR FHBEHLER B R 1%, X HLUE—A pair), I

Losspqir = —Log Likelihood g,

= —log(p(wlw)))

= =2 Mog(a(Inw,j + 1) = ch(ew, )N Vpg,y v1)
5oF LR ALK B B LU SR ) 5 5 % BE TR T % A3 10 55 CBOW. H )% 17 Loss 24
AR, ME—A[F 2o (neul - synl)EEEJZTa(vn(wj) V) o X

WXRIFAXIES TR BOARHBENIERE R, R EE w 2, &
WAHS =, AR NFIZ)E loss A s

Loss=—Log Likelihood=—log (a([[n(w,j +1) = ch(n(w,j))]] . v,’l(w'j)Tv,))
D WH[nw,j+ 1) = ch(nw, )] true, BIUREGLE SN A T45 8, B4

Loss=—log (O-(UTII(W,])TUI))

IIREE N
0dLoss , T
Gradient,, 7’1(w1) avn(wj) = - ( - U(Un(w,j) 171)) "V
_ dLoss , T '
Gradient,, = v, = - ( - U(”n(w,j) VI)) "Unw,

2) W [n(w,j + 1) = ch(n(w, )| false, BI4RGEE S A4 T-45 5, A

Loss=—log (a(—v,'q(wjj)Tvz)) = —log (1 - U(Ur’z(w,j)Tvl))

LFRTE N :
dLoss T
Gradient. vhoooSTv ) v
1 v( W) avn(wﬂ U( nw,j) I) I
dLoss

. ’ T !
Gradlent,,l = 6—17, = U(Vn(w,j) VI) "Unw,j)

3) B D M2 13

dLoss T
Gradient,, = — (1 — code[j] — o(vpq, '
radient, = gor— (1= codelj] = o (v, v1)) - 21
) dLoss . , T ,
Gradlentw = B =— (1 — code[j] — U(Vn(w,j) VI)) "Unw,j)
1

BEALARSC ARSI R B s, FERE g WU B (10 2 3 éj\(l — code[j] —

U(U,'l(w,j)Tv,))E learning rate alpha [1JFeF.



// HIERARCHICAL SOFTMAX
if (hs) for (d = ; d < vocab[word] .codelen; d++) {
£f=10;
12 = vocab[word] .point[d] * layerl_size;
// Propagate hidden -> output
for (e = U; c < layerl size; c++) £ += synO[c + 11] * synl[c + 12];
if (f <= -MAX EXP) continue;
else if (f >= MAX EXP) continue;
else £ = expTablel ( ) ((f + MAX EXP) * (EXP TABLE SIZE / MAX EXP / ))1;
// 'g' is the gradient multiplied by the learning rate
g = (. - vocab[word] .code[d] - f) * alpha;
// Propagate errors output -> hidden
for (e = U; c < layerl size; c++) neulelc]l += g * synl[c + 12];
// Learn weights hidden -> output
for (c = U; ¢ < layerl size; c++) synlc + 12] += g * synO[c + 11];

Negative Sampling F15& 24 N JZAE AL L3 7 5 CBOW X AR, X BLANH
Bk AHIACS R

// NEGATIVE SAMPLING
if (negative > () for (d = (; d < negative + ; d++) |
if (d= ) {
target = word;
label =
else {
next random = next random * ( )
target = table[(next random >> ) % table size];
if (target == ) target = next random % (vocab size - ') +
if (target == word) continue;
label =
}
12 = target * layerl size;
£f=10;
for (c = U; c < layerl size; c++) £ += synO[c + 11] * synlneglc + 12];
if (f > MAX EXP) g = (label - ') * alpha;
else if (f < -MAX EXP) g = (label - ) * alpha;
else g = (label - expTablel[( ) ({(f + MAX EXP) * (EXP TABLE SIZE / MAX EXP / "))]) * alpha;
for (c = U; c < layerl size; c++) neulelc] += g * synlneglc + 12];
for (e = U; ¢ < layerl size; c++) synlneglc + 12] += g * synO[c + 11];

// Learn weights input -> hidden
for (¢ = U; e < layerl size; c++) synO[c + 11] += neulelec];

5.3 N4 ZEFF Hierarchical Softmax B¢ Negative Sampling

B THIHE 3 2 skipy—gram H AR A

v

6" 7] wr

XH S A2 902K logistic regression, Bl softmax #57%, X[ label /&
One-hot representation, A3 4 HT a0 N 47 &0 1, Atk 0.

W TV p(wolws) 20 BEEDGE B A 1] 7138 B FRan] SRR, S A4S 45
B FEARFEI

Ty TT 8 T AT wo~ wy A T] PR () S 1717 AN BRI H A 3] 6E B (1) ) £
WL AE 1A, XM SIS UL S AR 12

Hierarchical Softmax W&/ T35 2 [ I —Fh ik, Al IRk dL s 2 15 B
T RIS . BRI A WA R, IBA “R77 G #ad



JRAE—. 1M Hierarchical Softmax Mg IX £em] $2 B BEAT X 43 (1) o X T- =X
Bk, WEAEH U R I 25025 Blngs e w, SEilBIRUAINT w, &
AEA, BAWEAEEYS, HAREARKR, HABEAR “F17.
HAR word2vec R ICHL, AR AT NG K S i R (1) —1E R 2. (2T
gridRirh, B SIK T IX L R b ) &5 S — NS E N I E, XA M EAR TE
XN A F 45 mle BRI IERRE AN T X RS anma, B
Hierarchical Softmax J5 VAR GUR ] U A ZZEN I, (HJRIX PP AL AN & W25 7
Stk g bR 2K R i) AR () SR AR AR B 2 7.

Negative Sampling & H =Rl £ 038, X HETMHME
one-versus-one [F 7 AT L, BIRFE—LeG, AR S 50 fd A58 ] DL X
IEBIARIGE] . e— AR, B Negative Sampling A i fifi, A ANARIE 4B
T A WA — IR, RO LN, k20, B sag A4, EA
B, — M T B HRARI AN N R 2 53 AT R AT LA T o

75~ Tricks

SRR word2vee IMEF Mikolov SN SEH 3 X, A HstH 4, FF
AGEAESRIL B RRE, XA LA EHEAS Deep Learning WF 514U ) — BT X
T, FTUAANEER 2] RBM 2 BRI EE A e e ™ 4% B UE B I trick. BR
T Huffman %ifid, Negative Sampling 55 VA %A A& BB IR 4R, 7E word2vec
[Fy s BAR A Mikolov tH F T AN/ trick, I 1445 4 2 4 1) AR AT o ok — 52 TR A,
AT T PR IX L trick, SO BB R I [F) 2= 0] Dkt

6.1 IEFIEH

HH T word2vec K& K H logistic A3, BT AU ZRIT 46 2 1 o 5 U i e 45 4L
i, RAERNTT XGRS, BT Rz, HERBENR
R T PERE.

A K] EXP_TABLE_SIZE JyH5%% 1000, YSRIXAMEBOK, Kk, (A
WAE T A . MAX_EXP H 5 6. FEIA N AACHES SN -

expTablel[i] = exp((i -500)/ 500 * 6) Bl er-6 ~ en6

expTable[i] = 1/(1+e”6) ~ 1/(1+e”-6) Bl 0.01~1 HIEET

24 TR AL bR -6 21 6 254324 1000 1y, B4 b (1001 ) idskAH
IIH) logistic pREUE 5 LA 2T B IX A bug, 2 1001 ME i CF
F5A EXP_TABLE_SIZE) FFARMAME, XM ANAF EH—AFaHLE .

expTable = (real *)malloc((EXP TABLE SIZE + ') * sizeof(real));

for (i = U; i < EXP TABLE SIZE; i++) {
expTable[i] = exp((i / (real)EXP TABLE SIZE * ° - 1) * MAX EXP); // Precompute th
expTable[i] = expTable[i] / (expTable[i] + ); // Precompute f (3

}

FCA W AR a0 R s o BT =ATARE £ A B Y N [-MAX_EXP,
MAX_EXP], IXF¥(f + MAX_EXP)/MAX_EXP/2 [FJJE il 41[0,1], B FIHI[¥ expTable [X]
TAREBUEVER 4 [0, EXP_TABLE_SIZE]. — H.HU{E &y EXP_TABLE_SIZE, Wik bl
BTt i) bug.




for (e = ; e < layerl size; c++) £ += synO[c + 11] * synlneglec + 12];
if (£ > MAX EXP) g = (label - ') * alpha;

else if (f < -MAX EXP) g = (label - ') * alpha;

else g = (label - expTablel( ) ({(f + MAX EXP) * (EXP TABLE SIZE / MAX EXP / ))]1) * alpha;

6.2 & word 43 7i REA AL

word2vec ' [I'] Negative Sampling 75 22 fATL A= il — 2L 47 451, i ik BE L4 2] — 4>
A HT word 2% pair A2 87451 o 82 BE ALK T (1) A Al 2 2 2% Al 1) 3] A3
5 A T BRI R ) g A AT R o XA ) S B At 2 ML) Categorical
Distribution Sampling [ @ . <}~ Categorical Distribution [¥J3E A% 5113 S HAh A ] LA
S YL HRHH TR :

http://en.wikipedia.org/wiki/Categorical distribution,

http://en.wikipedia.org/wiki/Categorical distribution#Sampling

Categorical Distribution Sampling [FJJEAEE: CAI—SMZEERE (L
index, EF term ) SR AIMERS, A RARHEARATTHIME 270 A P BEAT 1l
FEo Z8BKUE: CRIFAT a, b, o IBUBERIN 1/2, 1/3, 1/6, Wil — AL
RERGBENLANATE a, b, o {EASAA T A2 HiF i 1) HH B 26

HeFL TR R B PI R R TV, T word2vee W HSEER ] T — M AL BE
AR O, AR R

JitE—

I W 2 — S 2 B b, 2B B s A T I T SO IR AN, A I
MRS LB SRR 5 BEA LS LA .

FoLER

1 PSRRI B R VA A 73 A e ORF3- 3] R BRI ;

2. E VS AEINA, RS T AR A

3. GIASEHI SR W, EEWia] R A

4. 75 COF CREADATRRED, RIMEREAS sl B AEAE SO FEiir i P72 5L
] R U AR 2 AT

A I

1. FEAHEC—AS 0 2 1 2 ] 1) BELEL

2. AL COF A/ FEaE BN S K AE, %R A R = B gkn]
LLTE O(log (k) I1] P4 52 1

3. IR[n] CDF X M f 55 il o

AR I A B2 5 O(log(k)), 22 I AR O(K) » k A 5 K i £«

k=

JPE AT R, ABEAAE n A4S, WA IS ANl s, T
XX 0 ABEATHEIR, 208 n O, BENLPEELS, n 5 Rk USRS b
B .

r=1;
s=0;
for (i=1;i<=k; i++) {



http://en.wikipedia.org/wiki/Categorical_distribution
http://en.wikipedia.org/wiki/Categorical_distribution#Sampling

v= R T4 A1 binomial(n, plil / HEAT MAFAEIIREEL. 1/ %
#& n*plil/r

I A N 1 A

for (j=1;j<=v; j++)

z[s++] = ;

n=n-v; [/ NUGHEREAE n DA

r=r—plil; //FRIRFATIBERA
}
BEHLE B (shuffle) z "PZEAREA
R 7
AR n A, BEHLIAE IS RIS R AR O(1), XS24 O(n).

HHE=
7712 = Rl word2vec SEHL %
D BT E—, RBMR L coF IEAHIIE— KB b, U fFa, b, ¢
M0 1/2, 1/3, 1/6 ], 2B t, Jedmsih 0, il 1,
) 531 #4300 00 1/2,(1/2+1/3),(1/2+1/3+1/6)
| a | b | c |
2) PHERBLRID A m B, 0 0 et g, BB TIIAEZE 0, m S0 A g £
R BT 1, 5 B2 Beff— ks, B2 saniE 0-m ThATE 35T
X AT T
S D A O | o

word2vec AR W, FFEEE R R NS SR SE L,
1M & 5 1 S power ¥R J7 FIE EL

InitUnigramTable () {
-

train_yords_pow = 0;
real dl, power = H
table = ( *)malloc(table_;ize * sizeof( )Y):
for (a= 7; a < vocab_size; at++) train_yords_pow += pow(vocabl[a] .cn, power);
i=0;
dl = pow(vocab[i].cn, power) / (real)train words pow;
for (a = U; a < table size; a++) {

table[a]l = i;
if (a / (real)table size > dl) {
i++;
dl += pow(vocab[i].cn, power) / (real)train words pow;
}
if (i >= vocab size) i = vocab size - |;
}

}

ITIRAGER HIASTE, AT RLEBRUCHIRE,  BEALSFE T A 1A R 2% 0(1), =%
[ 2% O(m), m B iR 0] R B, Bellonh 2 moks i, {H 2% ) SR 2% 8 thli .

HAh T

Feiz il UAAT AR 22 HABRAE s, BB R 22 A YTRBE— F o R IR
PRSP AR S U R, U IR =, RO B i
o H TR 2 T 0-m.




ey A G

XA BRI R, A 3 SRR R R T ) B Ak R ) TR T kv o AHSRAR S 2o
T

// Returns hash value of a word
GetWordHash ( *word) {
a, hash =
for (a = ; a «< strlen{word); a++) hash = hash * + wordl[al:;
hash = hash % vocab_hash_size;
return hash;
}

// Returns position of a word in the vocabulary; if the word is not found, returns -1

SearchVocab ( *word) {
hash = GetWordHash (word) ;
while () {
if (voca.b_hash[hash] = -=1) return -1;
if (!'strcmp (word, voca.b[voca.b_hash[hash]] .word)) return voca.b_hash[hash];
hash = (hash + ) % voca.b_hash_size:
}
return -1;

}

6.4 PFEMLEL

Ve E COE T RENLEUE o, D7t sn, st aF Rl — ME KK
A0 11 AR 5 OB A — 1k

real ran = (sqrt(vocab[word].cn / (sample * train words)) + ) * (sa.mple * train words) / vocab[word] .cn;
next_random = next random * ( ) +

if (ra.n < {(next : ra.nd.om & ) / {(real) ) continue;

6.5 [EIZEFRF

XA trick HSEARMSE, KB THIRG L XA HEA — S/ bug.
word2vec FEE U ZR 0 A 1 [BIZE R AR 4 il T </s>IXFEI A4, 1 H A 13 2
I E 654 T index 0.

AddWordToVoeab ( ( *) ):

FEHER I IO 5] CEAT T OR, AA % m] HEAE SRe i i

// sort the vocabulary and keep </s> at the first position

gsort(&vocab[ '], vocab size - |, sizeof( vocab word) , VocabCompare) ;

EEAE MR RN, R N AR a BRI AN T min_count(RI &, BRIA
A 5), WM — AT 4F . AR BIGEHRATAT I D, DT min_count, XHL& G
ﬁ%%a*ﬁﬂﬁﬁ?%%nm;wm%ﬂ,% RIZFERIZIN bug Joti KAt



for (E = 0; a < size; a++) |
// Words occuring less than min count times will be discarded from the vocab
if (vocabla].cn < min count) {
vocab size--;
free (vocab[vocab size] .word);
else {

// Hash will be re-computed, as after the sorting it is not actual
hash=GetWordHash (vocab[a] .word) ;

while (vocab hash[hash] != -1) hash = (hash + ') % vocab hash size;
vocab hash[hash] = a;

train words += vocabl[a].cn;

6.6 TR W KA+

1% B R A 2 8 Sub-Sampling, ASJNTEIXAER I & B HERf . Mikolov 7E 18 3L
[2)F5 HIX PP RAF Re i 1k 2 2 10 5 HEREIE T, FFREME R TR (1 3R 7~ kY
BE o IXAN MG SRR AN B 7, X mikolov i, %€ S& MRl
FHWEAS, By LAIK Rl b 5 #4822 ] DAGS & N AT A R o 8 SR AN wy B

EFMIMERN
_ sample
PO =1 [freqto

samplese — M LB 1540, demo-word.sh H /& 10-3, freq(w;) 24 wi
R, EARE)SEIAAS U T

real ran = (sqrt(vocablword].cn / (sample * train words)) + ') * (sample * train words) / vocablword].cn;

next random = next random * ( ) +
if (ran < (next random & ) / {real) } continue;

MBEARACRE T LU, wi 0 5 AR -

W) = 1 sample N sample
w:) = —
P freqwy) " freq(wy)

B, LI

Jeffrey Dean 7Ei£ 3L (Large Scale Distributed Deep Networks) [9]"F /41 T 5+
W SGD YN RKFBLIRBEM 25 11 51 o BT S Sz SO ARSI 1 230 AChieAs
[¥] word2vec.

DT IFEARTE 5, RN SR din 43 ity A AN A worker, worker H H G ZAE
55 mini-batch B Av RN T BEIEEIED F1AVe Chirth il SEAIBRAL), A%
| server, server WEIKE KL 5 LRI SB BT A A SC IR ) 4. server SUZIRAFE— 1)
wATIZ 4, worker ZEUn] HESEFRIHIT, worker RERE— B Al & 3| server $i7H)
BRI S 4. server i BERE— BN TR DR A7 S 20310 30

P B 2 B EH A cowork $RBEAIMLE], server fiF] odis.rpc2, SEHLT
FEE R (push) LS EL Cpul) 55 rpe T o 9 T B 1k server 112808 &, server
HAVr/b & worker [FIR A& B4R B NS4, RS 5 5L, worker 7ERER
A s B R U FH AR AL S H — NSRBI rpe 57 (acquire) . ] SEERIT)



acquire J7VESEPHZEN), 128 worker [F) AL PR KL &~100k words/s » HE— AL
TR B, X LS AT DUAS FAERHZER, BrLASEIL T tryAcquire J572%, worker Ul
RER| T, 4 push 8L pull, 05 FRPI4REEAEE 7 A EEE, SR
BE, FRERIR. XMk e e TR, 1A% T ~1000k words/s.

KT FAE AR GE AR, G D B ALE server Ui log " 4T EN A IS5 &,
B IR TE server i FT BN rpe J7 VAR IV, W9 4% F4 , TR0 Ak £ i) 4,
SR REIR S B0 B B K ticket IR IRE X H P IRVF 245 B 75 5 worker 32 I 7]
server Ki%, i server Lottt .

NN B4
45— T word2vec &ﬁzﬂﬁ}—. ARIANEE N EEALL LA
1. R T 9IRS
2. Huffman %ﬁ%ﬁéﬂiﬁﬁﬁ ERI, ATEG PR
3. Negative Sampling;
4. BENLBHRESHE:
5. R, ANFE R IR
6. HfESEIL 48 trick, AR BUS S EIHL, SR RS

word2vec Al A IR Z, P WRELENE HERAD LG ):
1. -size: [\JE4E%EL
2. —window: [N 3CH AR/
3. —sample: =SR] VKA B 18
4. —hs: JETKHZIX softmax
5. —negative: fHI%H
6. —min-count: i T AR TA] [
7. —alpha: JTUH1Y learning rate
8. —cbow: fiiH] cBOW Hi%
Mikolov & T Z Ll i
1. BIRIAK: Skip-gram HEPg—L6, (FUEXHMRAIR AR B4 X1 CBOW
DT i B e — L
2. WNRSE: 2R softmax XA R R B4 X M. I¥) negative sampling X
PR A R BT, In) o R AR N R B
3. AN RAE s R REL PR AR A o] LA RTINS SR B AR R, sample U
£ 1e-3 3 1e-5 Z (MR R fpe k.
4. | EYERE . YRR R, RN R XA
5. T I1K/h: Skip-gram —ff¢ 10 /&4, CBOW —f 5 it
FEARN 7T, word2vec B8 T £F NLP, 7 591 FOATURY i ot /& m] LR 4
R, JCH word2vece H i F IR R S I R AE 191 245

%5

RASRL, I google H LA IRAUE, [ EEGE [ 5210 1 A o
google ftfih: http://word2vec.googlecode.com/svn/trunk/



400 1T C++11 Y. https://github.com/jdeng/word2vec

Python it 4%: http://radimrehurek.com/gensim/models/word2vec.html
java it A :  https://github.com/ansjsun/word2vec_java

47 java A :  https://github.com/siegfang/word2vec

CUDA JitAs:  https://github.com/whatupbiatch/cuda-word2vec
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