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FORRISOR StRETE9 B 1I0HREER | ERATEXE I HE LI BFHREHRS , ERXRHT
iPhone 6s5iPhone 6s Plus , $TiSEEE&SHEE , FEINA T 3D Touch EARRIftISHIA,

iPhone 6s56s Plus

IESNRTTRE , SEREARES EIESUEH TiPhone 6sf16s Plus , ¥iSEERESHEIE , M LLLEIRY
R, SRS,

SAN FRANCISCO — September 9, 2015 — Apple® today announced iPhone® 6s and iPhone
6s Plus, the most advanced iPhones ever, adding a powerful new dimension to iPhone’s
revolutionary Multi-Touch™ interface. The new iPhones introduce 3D Touch, which senses
force to enable intuitive new ways to access features and interact with content. iPhone 6s
and iPhone 65 Plus feature Retina® HD displays made from the strongest glass on any
smartphone and 7000 series aluminum, the same alloy used in the aerospace industry, in
gorgeous metallic finishes that now include rose gold.

1 (MEMFE) BT TERMERIER S

Figure 1 (Color online) Bilingual lexicon induction from non-parallel corpora

AL, LGSR R GE RFUBTAT T8 R B GRS 2 RORIE A R, IR AT R 261
T, BRGNS EIE RS RAAKTAT. Frid, OFFEN G 32 A AT TR 0 1 g, 6
B, FTARATIERERBGRNC S0 B R, & 1 RS R L T, PIRE S SR IR A
HOARRE, (HI SR A A 8 ARV 3 R AR AT G2 4, 4 bR R € ) o 2 ARl ke, R
FEAETERHEETAT IR T, BUAE S5 DA B

BEA SR AR SR 5 S 0E S, £ M EEXGETE. MG T N TaMEAEH,
i BX T VF 2 BE S B AE 5 R BES WARA R, B s iE 56 B R U, PLEsiiE B BiE s
TES B S5 S BHRELZ IR, AT R XS BEIRAR D, XUE A H R BN 2 K —
eI, T HAEEAEAE SRR PR/ 1) R, A A S R ) O R YR R e AT . AR RS oL
N, MHARFATERE . I 78 BOEXGE A (GEARXUE 1 Sk ), 3l %2 0T i Ja SRS 15 5 5 ARG
BRI L BB

2 MxIfE

U ) SR A — AT SO R A IS 5 B ARE S A ERAEST, £ 20 D RBIAT W FOITRE.
WEFC BB KR ERT Ly oy 3 2
o S0, KRNI S TP RN R RO Y A
o WD, WA T B0 A R A RN R, 152 I XUE [ R
o W=D, AEXUE R B2 E] R AT B R, SRIOOE ] St
PRS0, R J7 o B TE R B ST S A PMI AR I 8RR 51 ek, fERE
HERTL A ST BB TG, B TR 22 X 2 AR 2 15 B R 2R (AR IR [y &) 191 493 12 R S A
] o) s A R U ) SRR R (R VBT I TR L. AT &, 8] ) AR X AME S5 T LR R
fit 7 5
ST T7 ALK bR B — 2 v I ) B R 480 T Ao 8 P 5 Y ] e e (7131 3R 7 A
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music 5 lle—@ music

o
A

53 @ dance g Il @ dance
(a) (b)
2 (M%hRF[E) Hubness @)

Figure 2 (Color online) The hubness problem. (a) The nearest neighbor suffers from the hubness problem and produces
wrong translation; (b) the earth mover’s distance is able to produce correct translation for this example

Mikolov %5 [ £ Google 7 ) LA AREE: A1 word2vec [ 75 BLIBERE E I 2545 23R &, 56
JR 25, B JE S bR 8 AR b PR RS (] AL

SR ARG N DRGSR, BRI ZRh e W 45 R R AT B AT F) 00 3] 7 A T
IR RE 0 1 1A P RN TE 5 (10 3A] (A s ), 38 /5 2208 OB MBS, R BHE 5 i AT g
T BGOSR A G TR 10~22) ) mliRl ) S R (BR A ) 123~261 0 3y 5B
Gouws 55 19 £ Google 58 B TAE ARG AMATTAE T A0 G0 %t 55 BOFAT TR, FF-FAT 00 5
PRy T B e, DAEAR 9B R PR I8 5 1] 1) B2 TR (B

AR SORE JE EEORYE S 1] 1) H AN P AT TR A X00TE R SR U vk, BRARIET O Ak T 1] [ R
DT A E 7 0UTE V] S A 2 (BT I, ELRAE M R IR (R 25 S IR T D AR FE A 13 A D B, 095
hubness [i@f, —37 2 ¥ A, BOEHEE S Z el 25 3 7 AR X e [ /L, JREEx kA 41
POXXLE PR T S BRI S, 95 3.1 ANTATXS hubness [W@H, 55 3.2 ANTIERR 18 2 F 1, 5
3.3~3.5 NERXGE B E Sz, IR &R BN R.

3 MRAR
3.1 HT earth mover’s distance BYIASCEIFEE K

XAy AR XS XU ] S G 1) 5 =0 WP AR AE R i hubness )@ fEIX — B ATC ARG T
LA R OU T ] ) = 1), LA 75 2 P R BBOBUT ] . X — 2D R SR SRl AR & 4R 5 ). k1 —
ARG 5 1A ) &, £ B ARG S 1 m) 22 6] R A RS 2 a0l i e R RS R AR, Bl AR A AR
BB 2(a) Fras B B R s ) 00 ] ) B A R s TN E OO 2 AR A B
PRiE E 9] ) &, 43 A AT BORE R, BT AEE S 1) &R M <RI AT AR,
IR A BN PR AN “music”, BEAS “ZRFE” BIFEEE IR, T “music” KN “hub”, iX 5L /& hubness [H]
A 101U A 1) R U 1] [ B 25 AT V2 AETE, (H R T B AR A A Fog — R S A, TRk
AN 3 G 152 BIIX A [ 8 PR 2

e A REARASF AN & 2(b) B i IERREIBENE? Dy 1 8k Sl AR 4R A0 Sy d 1, JRAT5 AT 42 i
TRCVLIE, FeAE A AR AT DUAE f T T A B i on DA B R b 0 B Rl o 2, D7 B o 50, BT
RAMREE L HE AR FRRIGTIE B4R, B0 A S AR, ] 2 sl o, BrA7 A A 4. AR
WE T, A7 B8 /N I B AR AR A SR #% 2 L ME SR LI, AR A2 el #% 2 o HE 1 BE 25 AR A 1) e i
BrE . WTRVE R, B 2(b) T RIEER IR T XRS5 77 R, X AT SR IELF AT DAL
WCERER G R WA, T “music” BHEFRE L O RE &R YU, B¥AS LT
WoBERY YU, MM “dance” LHER ST “FRER YU, WENWE, BABINAH &MU
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TATAT LA S A SR A5 2., AT o R il & 2 4R ) R i 1%, B%F hubness 7] &,
IR He AR 1) 4 R A AL UL B B AR AE R % E AT LA earth mover’s distance (EMD) SRSZHL, &Y
47 1R RYR T IR g by, ek g R 2 e SR ) S

Vi Vi
min Z Z WijC’ij

i=1 j=1

s.t. Wij 2 0,

Vs
ZWijgtia ie{l,...,Vt},

Jj=1

Vi
ZWU:S]’ Je{lavvs}a
=1

Forpr, v ARIEIE FATER AN, vi REFAMREF IR KD, O RS « MEHESE § M
AIFRBE Y, ¢ AR @ D EHERIIARRA, s REREE j DUURIIER, Wiy WAL il B ke s e &, AR
80 DRI § AYUR R AR, Bk, bR BRSO MU R S A, SRS RUS,
FEFH) Wiy EBIAREE j ANE SRS 5 ¢ D HARE 51 2 AR R R

SRR I, EMD #EAT 1RV B T DA H Bedfr 48 BB 4 (R RO 127,

3.2 ET earth mover’s distance IEN{LEI—1RZiFFEE

— I Z PRI —NEE S RE BARE S T EE Z R R, — W2 RIRERRES Z
(B2 ) 2 AFAE R 28] SEPR b, RS 5 A 2 8], EER T REAFAEE E R 20 2 FIX R R,

JRE— T Z BRI GAR T WL, < FI U0 1] M AL 3 T Al AR BN AN T 2 R T ) A
=R — R, E A ERIAVC R R B, Q2R 75 2k [5] 2 AR Rk, WAEH K 4R a4k,
ERE R E K 29 ets e i HRBDER. T, —id 2 BRI R K515 2RI AL 2.

FEAEF EMD Ab3 hubness [m] @i}, ALK I T LRI H AL B —7 2 BRI 6 ) AT BNEE S
W, B RE E S E IR EE NS E, TS K OESZIRE K ANEEEEE. XAERATUUNE 3 F
E . XA, R 9REET AR “automobile” F “car” PIANTESCEIE, 1M “car” MRV
HROCTE] RZET R CZEJMT. G, G SRR S R ISR “car” T ROKIIACE, Qi A
J7 YR s E RN 7R, W EMD 3K A 2 J5 RIS B i Sk B i TR R i 1R 45 2R

A FRATE A EMD B, BOE C& 3Rk 7 80E ] [r) & 23 (8], 17K EMD £ XU 1] SR g i 2 =
SRR BT AR A 4K, A T BERS S {7 b K 3% EMD AbFE—ia Z IR RE 1, BATHEHK EMD 5|\
KB 1A ) ' I Rt FE . RS B AR o, EMD /B AH A — I CLUE N XS 5014, 159
S5A3 B () 0GE ] ) B RS BE A M A — R 2 R IR B R I SR ER AR B T EE 1290,

3.3 ETRTEMIELERE

—RORYE, D9 T IR ] A B, /RO XU W EHE S AE RS S R ER,
RO S A5 5 AR 73l St A A RV AT A AR P AT TR 00 1 gt (BAEAE (TR 75
TG RUE BHE, A A RIS AN, X S EAME AR AT R R 22 T 1, PRUONAE B REE
Z W3, AT A OOGE B AR A IR, 0t A2 X0 B 5 B = Al L
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_E automobile & . P cat
LSl > mat
B N\ fish
&= car s milk
3 (MR E) Earth mover’s distance 23— 4 HETRTEMHIGELAER
AZIFEYR Figure 4 Bilingual matching model based on latent vari-

Figure 3 (Color online) Multiple alternative translation ables

based on earth mover’s distance

Xf i, FATT A B AT RE RN R TR B RO, B U, 4 e — SRS PR AT B, JRATA
SR FEIN AT 73 F A4 R0 1] [ B W) REA BE 4t ST Ee ok, AR A B IR PR B SR A I
gy ] # O A R ) 2 (A S AR R, XA RE — AT LS| — L U P SE A
DX, AT DURE X L7 A B B A 6 R Ak, A2 AT DA SE B S I 2R A R 1] ) S TR, AT
AILAG]H BE 2 ORI, kAR 25, FEIE 4 b, SEERARGRAI G 45 E RO M TR R N, AR
E AT B R FH AR R . JRAT TR R AR v R AE R PR 0 s B AR &, @R — MR AR E
R 322 ST R AT DR A Expectation-Maximization (EM) ZUHTEACIINZR, XA FEWG X N & ik
B AR, AT X AME YRR Y2 T-RaA8 B DR VL AC B, SE36 R I, A 10 ZH 0 B 1 1) X st
RE J D4 P i 5 1100 1] [ 21 ) K R b ok (801

3.4 ETWMFINTEETERLE

WA WBHME S s Z A R — RN, JRATT95 R 15 AT e 58 4 AN AR A XU I A5 5, AR
AR PAT B R B O 17 B, IX AN 58 Ak 2 00E BEJR R S50 5 4T F 1S AR S 1T Re,
i HRE R T ARIE SRR IO T e S Tmas i, WIEEK, R AMWMES KRIEEE, 8%
5 B IV ORI AN W RERY. SRTT, IXSEPR b2 w47 ). B 5k, MKl 5, Bt s i va e
TN B3] 7] 2 2 I ST AR % E S & TR RE BRI/, AN rT LA 2, IS S B
V] ) 7 () R I AL ) RS, I R A7 7 2 P RS R 06 T DA e B2 i 9 A s ). i A A ()
I A7 3] Ok 27 SR AN ZR R, TTIRAE, 3414 B2 58 A XUE WEBHME 5, Bl & Z &t —Fh
TIIERAE S IXA WG, T IXAN T AN B T b 7B R 0 X A ZON B . AT R Bk E T
Az R g £ B ] ) R P O LA S @A R — N R HTIERR.

Kl 6(a) IR TP TR FEAGE K. & 6 b, JrHARERIERE 5 1A &, 5 AR H AR TS 5 1A
BB B HARX IR PR A Rk, BAERGES G RIS D, ERER G TTE IR AR IR
B A AR WU, & 0 H bR RIS 5 1A A WU B H RS S 28R, 5 H bR S R X 7
SREE D AT A B AR A GBS, IR EE M B ARE F i m &, 0 H bR A
TR AERG. AT W, AEREE G RIEERIES D 1 B As 2 BARN PR, PRI BT B AR ] LARR N
ming maxp V (D, G) ML, HAERE V (D, G) ~

V(D,G) = Eyp, [log D ()] + Eonp, [log (1 — D (G (2)))], (2)

568



FEB FEREE B A8 E 5

A A
caballo (horse) horse
[ ]
cerdo (pig) .
] pig
[
gato (cat) cat
| ([
> >
Spanish English

5 BPIZFEMRIENRIEREETE
Figure 5 Monolingual word embedding spaces of Spanish and English
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Figure 6 (Color online) Adversarial training. (a) Unidirectional transformation model; (b) bidirectional transformation
model; (c) adversarial autoencoder model

Horp, o NIRE S A A, p, AURIE S A AR AR A, y 5 p, MR BFRES.
ik, WA H S8 D HIHk Oy
Lp =—log D (y) —log (1 — D (Gx)). (3)
N TR, XS W R R P O X HRE S S HARE S R
A G IIBUR R AN
Lg = —log D (Gz). (4)
S IR log (1 — D (Gz)) AFAR, BOvEHXTE S %k
WRINGRLh, AR G 2 B M2 ME BRI RENS B U MU R PN 5 2 1), A48 D 70 280
BFR MBI, SR, 538 B AL B B 28 S0, ] 6(a) FTas B E AR I R Rkt AR R . X1t
FATBAT T RPN AR, Wl 6(b) M () B,
TEE 6(b) , BAIAMA A KA G B R RE = 1A [0 B B H ARIE = 25, A e
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B GT R HARTE S A A R ERE A A, WA A R S — AN T A
i A R K RTSRALL, TT02E Bl B4 K BR 0N

Lg = —log Dy (Gz) —log D2 (Gy) . (5)

FEE 6(c) , IIE F A AR HE A G BRI H G S A E)E, R E GT Rl
F A A], e AR ) BB AR IR 1A )RR T RE AR AL, ARAURERE AT B RS2 AR L R T R AR
BT, A At 4 R s O

Lg = —log D (Gx) — Acos (x, GTGJ:) , (6)

Seott xS BRSPS

Jesb, RAVEHE TG, I IZRETRET. S, S5 oh S T A e
UV 55555 T R O 2 0 40, 40 5 0 3 T 47 VR 0 R S
ATf 92,

3.5 ET earth mover’s distance F/NMYBITISE W IE ) B8

T, T G M S P i 5 %) ) [ 2 = ) A S K R 1 ) R, R AT Tl o B — A B R 9T
TR CAR . ROk, SR IR f P AT B, IXANMUEFRATT AT A — AN A FE B Rt
PraE >, BT B F 00 ] [ B A (AR AL TR A AT R

TGS P A 7 10 2% 1) ] [r) B 75 ), AR SCIR) H B FEANSE AT 3] L) SR AR T, SR — N2t i st
AR TP AN [ o 0 1] [ B BE ST M) 5. 3] i b 80 5 R R o0 S R S I BS S, v TR
A5 PP 0 1) M B A 5, AT 128 REAE PRV R SO IR I SR A 3 e ME U 1) 27 20 Ak, FRATTIARE
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JEE RO AR, SEBR b, BTN 2 7 E AT DORE X MESRE N B 1, B 21k
R4k T Jensen-Shannon divergence BU. (H 2 6T {RVE B (4R 55 K, ] BEAE FHoAt 58 4 11) 20 A B
Bk T EMD 20 A Z [ ER B () —FhEE &, JF HAESE 3.1 F1 3.2 NI DAFF, ext il
PRS- AEEIE S, Frbi 84 EMD AE AR 00 e R 48 T Ze v w1 2% >J, RIF4R— ANk
S G, T F 20 B fE B R 2 A S B ARE S B 25040 2 A B EMD s/, w7 BT
. A & AT AR Ben R R G

min EMD (pc(a), py) - (7)

Horb poy) ARG G WSS IIEVE 5 1A [A) & 501, p, AR HARE S 16 1] & 00

A, W EMD BIARAL )RR R R AR A BRAR, ik, BT TR TR, MO RRIH T
WGAN B3I & m IR EMD 1) GAN 488 28 —Fh 7 R EEK EMD AR Bk (7), kT
BB, BRI, W 145 A RE e Aa e i A R /M EMD, R 214 B (1 B 84,

4 BE

nN=
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Figure 7 (Color online) Learning by earth mover’s distance minimization
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Abstract In cross-lingual natural language processing, the lack of parallel data is a serious problem. However,
this is common in scenarios with scarce language resources. In this case, better utilizing translational equivalence
encoded in non-parallel corpora becomes more important. Owing to the non-parallelism of the corpora, acquiring
translational equivalence faces the challenging problem of small data or unsupervised learning, and the result
usually takes the form of a bilingual lexicon. Not only is this an important research problem in the field of
artificial intelligence, but it also has significant application value in scenarios with scarce language resources.
This paper introduces a series of studies that address problems in prior research, exploring how to obtain better
bilingual lexica with non-parallel corpora from various perspectives.

Keywords Dbilingual lexicon induction, non-parallel corpora, bilingual word embeddings, cross-lingual natural
language processing, artificial intelligence
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