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Figure 1: The Transformer - model architecture.
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https://github.com/Bil.iangLtd/WordSimilarity/tree/master/data
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WAL T K BN FRZKE, W)X BT ESCRFEAR D BB AL HZEERE
B FrLAMRE Tl K 2215 B &R L A AR L 1 B R IR, ST —3EA DUEKFEER
“B TR R KRB R RIS BRI G5 SCIRR MY AR D W RiaEE 7075k, i Uk
7ol BRI KRR, BTREBRRMIRTES RL B FRiEE FHERARBRIERES
FTER BB, RS HE MET 30 (MIESERRS &R ) W aE, Sk 14 7064 A
MIER Fi G, RIS 77 3435015
2.1 BILEBEMHS X Fik
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B ‘BB ER—T “RBR” TR TR PR CRHRRT. BR” ER—AT, “4
B BRE . AR, FART WAER—1T, XEFEARY, HMBEMEX.
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(bYW : HowNet

Mib3kE | OpenHowNet!

P
P y—— ' H OWN Et l/-

BT W ERE = 0 iJ_

F oo NO.=000000026417 # Concept ID
Q 0o W_C=A'g # Chinese word
BRFF RO EEMRANNIEE, BT R{FENRBROSE G—C=Verb # POS tag of the Chinese word
—— XL RF1ER S_C=PlusFeeling|EE|&®& # Sentiment orientation
E_C=~4BMRITH, ~(FHSENEN, ~HZECHRM  # Example
W_E=do not hesitate to # English word
G_E=verb # POS tag of the English word
KSR S_E=PlusFeeling|IEHEIE® # Sentiment orientation
E_E= # Example sentences of the English
3 @ “(f 30 DEF={willing |B&} # Sememe-based definition
RMK=
237,974 35,2027 & 2,540 XK 52 B 8] 304

ES

https://openhownet.thunlp.org 10
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F1Y : WordNet

WordNet#9Synset

WordNet@— 1% iEECE, &ia. ahia. F28iE. 8habh a8 AR X groupfIFZ i E—i#S, FRAsynsets,
i E— M2 (concept). TEIE— ¥R synsetstf]+:

mileage

fuel consumption rate
gasoline mileage

gas mileage

B W N =

Xl — 1 synset, RINVAERVHEBRIME, E—1synsetBMiEaUEMRRAB—MER, LHEEX1E
(synonym), Synsetti@id#l/ 318 XlinkiEZRE—E, FSE T"WordnetdHE— T EB1EXHINLE,
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WordNet Search - 3.1

https://wordnet.

Word to search for: [dog | Search WordNet |

Display Options: [(Select option to change) v || Change |
Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations
Display options for sense: (gloss) "an example sentence”

Noun

« S:(n) dog, domestic dog, Canis familiaris (a member of the genus Canis (probably descended from the common wolf) that has
been domesticated by man since prehistoric times; occurs in many breeds) "the dog barked all night"
direct hyponym I full hyponym
part meronym
member holonym

o 0o 0o o

« S:(n) canine, canid (any of various fissiped mammals with nonretractile claws and typically long muzzles)
« S:(n) carnivore (a terrestrial or aquatic flesh-eating mammal) “terrestrial carnivores have four or five clawed
digits on each limb"
¢ S:(n) placental, placental mammal, eutherian, eutherian mammal (mammals having a placenta; all
mammals except monotremes and marsupials)

« S:(n) mammal, mammalian (any warm-blooded vertebrate having the skin more or less covered with

hair; young are born alive except for the small subclass of monotremes and nourished with milk)

« S:(n) vertebrate, craniate (animals having a bony or cartilaginous skeleton with a segmented
spinal column and a large brain enclosed in a skull or cranium)

« S:(n) chordate (any animal of the phylum Chordata having a notochord or spinal column)

characterized by voluntary movement)
« S:(n) organism, being (a living thing that has (or can develop) the ability to act
or function independently)
« S (n) living thing, animate thing (a living (or once living) entity)
« S:(n) whole, unit (an assemblage of parts that is regarded as a

single entity) "how big is that part compared to the whole?"; "the
team is a unit"

entity that can cast a shadow) "it was full of rackets, balls and
other objects"
« S:(n) physical entity (an entity that has physical
existence)
« S:(n) entity (that which is perceived or known or
inferred to have its own distinct existence (living or
nonliving))

atl? hombre

computeri )
° tomo&‘%ﬁy ® Caterpillart
0 ® bozo e Arabian
® CAT o computerized | e
axia at
tomo8r&y . Offouny  ® Ut \pican
® X-raying ¢ cComputed cat , tea
axi i :
computed . ® cat-o, -tailg
e adult tomograpl®y tomograph¥I ’%\?, ® whip
: {nale ® man ® so
® X-radiation . o true
o felid ® feline cat @ khat ® woman
: ! o L adult
® chetal® liger 0 cat o tracked @ stimulant ® female
. ®of° e big IEpIc ® excitant
; beasts g , ° ‘
G - leopardpanthoerlgon st ® felid ¢ stimulant 90 g goseip
Acinonyx e t ; o feline dr
® {ibatus pardus ® {igohy "9 o newsmonger
® chegtah ¢ Panthéra + etiger ‘ ® rumourmonger
leo A e SNOW @ gossiper
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cat " unciag ounce
® jaguar e Felis :
® panther ~ catuse Sg“nies I
¢ saber-toothed @ cat
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BRBAYER

Mib3kE | OpenHowNet!

L8NSR xE ZFRE RILAE R MSE KA
Lan AL AL @ ML A AE N HF IR ALE AL 968 B
mil, B XERN—EINE

Wi, NER TEBME W1
F‘ 0o =1L N BBV RIES
Q 50 REAL

BRFF RO ER SR EENRAMER, BR R{FEEBROGE H%*L ;/*l_; IJ]Z*L
XREN RBFPER =0 =

1L, 1 AAEH=

O YHERRTE Bi FH M0
R i R K PR R
R Tam # Ham
=2 & aod J0 = =En =2 RBe L IR RO R

237,974 HEX 35,2022 2,540 X8 FI32Ad B 305
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DHIVEE (Distributional Hypothesis)

JdWords that occur 1n the
same contexts tend to
have similar
meanings!i]

JA word 1s
characterized by the

company it keeps!2l

[1] Harris, Z. (1954). Distributional structure.

we =

[2] Firth, J.R. (1957). A synopsis of linguistic theory 15
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1 22453 [8) 0 128473
d tea :[100, 100] o omw wm s 51288

tea 1.38192 1.82215 -1.25060 S u 5 9.19055 |
d coffee: [100, 101] coffee | -©-67227 -0.28646 0.47104 ... -0.01183
? -1.51263 -0.31815 -1.21959 g -1.67615
cantonese DR .o oo .o oo
0.30669 1.5996 0.21065 e i -1.85404
mahjong ‘ L
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chocolate tea v:tl”: aoke P paper t
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® Pg(4.0, 2.0)

® P;(7.0, 1.5)

P ® P6(05.0, 1.0)
Ps(-1.0, 0.5)
o :

25 -20 -1.5 -1.0 -05 05 1.0 1.5 20 25 30 35 40 45 50 55 60 65 70 7.5 8.0
-0.5:

: Cosine Manhattan Euclidian
® -1.0 P3(1.5, 20) P3(1.5, 20) P3(1.5, 20)
P4(-1.5, -1.0) " o .

_\ .8 Py20,15) .p® P2(2.0,15)

Ye P,20, 15
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Embedding: BF50=

JdWords that occur 1n the
same contexts tend to
have similar
meanings!i]

JA word 1s
characterized by the
company it keeps!2l
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0 Word2Vec




EAILR—T1wIS?

wxlE — FKE/N
KHIE — FKERD
RAHEE — KREN
xHE — XKET

22



“ .
68 YT RRT
i o University of Chinese Academy of Sciences

UL RRLELINEBISRNERIC K

A O=2KE: [ A/ R SEER B K M FE R AR -
1 °
R
A 74
0 g4 SBEIMAE ]
| NZ5?, 000 | =R
InmE 20 5 34 | 98 | 239 | 3 39 4 2 | 297 U%
(RNEEETE) G565 NTE  —H
_ 20 5 34 | 98 [ 239 | 3 39 4 2 | 297
"W R _
T200% " R 5 35 | 99 | 250 | 39 5 3 3 | 302
L ' BELIMT | =
N HFn
188 "¢ o 1




% BB IR TR

b % R =k R -

HoRA: 15K

1 FF495.6w,

(EFNFE25(7, Int

RI0GAT

297

39

302

R

mHR: R




o g University of Chinese Academy of Sciences

BENNLM

= l context

£8...— 0.075
i-th output = Z(J\ l #)

(3) HiEEMaRIEERIAN &P 8ErYiA

(P3| £5...—23F)=0.000065
J (ml | ge_/n\ )=0~000011 softmax S (% | gﬁ---_/ s$)=0-000001
(o000 .- L X .. (X X |
/ / AN
most| computation here \\

(2) #BEMMBIUS : MESEL (7 ? ’éj) \

1 o1 P*’... )
:Tzlogf(wlﬁwtfl,,Wt7n+1;e)+R(e), 9(—6—{—5 Og ( t ae

= =]

1aF=

\

tanh

i S

Iz, \

iajﬁﬁﬁ#%‘fﬁ@% [0.8480, -0.4750, -0. 1357 0.4134] \[ 0.4832, -1.4191, 0.6283, 0. 0977]

: : Cw C(w Cw 0.0887, -0.0405, -0.1081, -0.2165
(distributed feature vectors) ( t.: - = (.t =) Cl i :) — 4 :
Table  |~.. ~.. Matrix C R
%005_@ shared parameters
mn across words
] ] ]
index for w;_,1 index for w;_, index for w;_;
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MIBIERIREM@SKFRN A : Word2Vec (13')

A NNLMAWord2Vectyi|

ZRYESN e

Table 6: Comparison of models trained using the DistBelief distributed framework. Note that
training of|NNLM with 1000-dimensional vectors would take too long to complete.|

Model Vector Training Accuracy [%] Training time
Dimensionality words [days x CPU cores]
Semantic | Syntactic | Total
NNLM 100 6B 34.2 64.5 | 50.8 [14x 180 |
CBOW 1000 6B 57.3 68.9 63.7 2 x 140
Skip-gram 1000 6B 66.1 65.1 65.6 2.5 x 125

28
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Distributed representations of words and phrases and their compositionality
T Mikolov, | Sutskever, K Chen, GS Corrado, J Dean
Advances in neural information processing systems, 2013 - proceedings.neurips.cc

Abstract

The recently introduced continuous Skip-gram model is an efficient method for learning
high-quality distributed vector representations that capture a large number of precise
syntactic and semantic word relationships. In this paper we present several improvements
that make the Skip-gram model more expressive and enable it to learn higher quality
vectors more rapidly. We show that by subsampling frequent words we obtain significant

eneediin and aleo learn hiaher analitv renrecentatione as< meas<iired bv oiir tacke We alen

NIPS Test of Time Award

YR WM MR [a0s43] mxxE Fim a6 MEA o
BR AP
| — ’

-

-

e 2N

YA TRRT

University of Chinese Academy of Sciences

SCERMW A : Word2Vec (13"

° Tomas Mikolov
N 2023%F12H14H - Q

Yesterday we received a Test of Time Award at NeurlPS for the word2vec paper from
ten years ago. I'm really happy about it! | think it's the first "best paper" type of

award | ever received. In fact, the original word2vec paper was rejected at the first
ICLR conference in 2013 (despite the acceptance rate of around 70%), so it made

me think how difficult it is for reviewers to predict future impact gfgfesearch papers.

word?2vec during
bw | felt the research
certain researchers
did not

o share

I've heard a lot of comments - both positive and negative
those years, and did not really comment online abouig
community is constantly flooded by propagandg

B S IBTEIICLR20133E

negatively surprised when they ended up publishing my idea under now tamous
name "sequence to sequence" where not only | was not mentioned as a co-author,
but in fact my former friends forgot to mention me also in the long
Acknowledgement section, where they thanked personally pretty much every single
person in Google Brain except me. This was the time when money started flowing
massively into Al and every idea was worth gold. It was sad to see the deep learning
community quickly turn into some sort of Game of Thrones.IMoney and power I

| certainly corrupts people... |

RIS ARSI AIL

29
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Word2VecBY R MEEY

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT

"2 g5 ANAnE 2

RIERBRA

w(t-1) w(t-1)

SUM

FA_ETR350 " W’* FASR1ian
Ul 4

YNNG ol
/ w(t+1)

w(t+1)
tHEARETE R AR

w(t+2) w(t+2)
o= Z log p(w|Context(w)), L = Z log p(Context(w)|w),
wel weC
CBOW Skip-gram
Continuous Bag-of-Words Model Continuous Skip-gram Model 30
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WESRE: NNLM

i-th output = Pv = i| context)
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iygEzE: CBOW
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NNLM: HmHESRENV
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Hierarchical Softmax: log,(V)
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Hierarchical Softmax: log,(V)

P EAsigmoid—3EE, HGSH

0.21

0.33

0.94

0.46

0.17

p(n,left) = o (v,f%T : h)

1 2 p(n,right) =1—o0¢ (V;LT . h) =0 (—V;LT . h)
SN EEREEE, ERNIFERE 36



Hierarchical Softmax: log,(V)

iASAHuffmantH] s

ng
26

R BAsigmoid — 93288, FiGFS=E

0.21

p(n,left) =0 (V;LT : h) p(n,right) =1—0 (V;LT : h) =0 (—V;LT : h)

0.33

0.94

HFHRRE, HfZRAEZIRETMEZiR

0.46

p (ENR|F, BL,18)
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Hierarchical Softmax: log,(V)

WSAHUfmanB 45 S sigmoid— 432658, =illss
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B—ipSoftmax{fi{t,7>%: Negative Sampling

FKERN: SBARSEREKRIY, BRiE/LMUER

0.21 0.01 0.21 0.21 0.09

0.33 0.02 0.33 0.33 ?7?

» 0.76

G SAEE L
"EEIRT (LITE) |, MY

0.94 Soft‘ 0.01 094 [—»| 0.94
0.46 | TAX | 0 64 '

0.46 0.46

0.17 0.03 07| [oa7| I AT W F (AT (o4
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GloVe (Global Vectors for Word Representation)

[PDF] Glove: Global vectors for word representation
J Pennington, R Socher... - Proceedings of the 2014 ..., 2014 - aclanthology.org

... GloVe, ... GloVe model outperforms all other methods on all evaluation metrics, except for
the CoNLL test set, on which the HPCA method does slightly better. We conclude that the GloVe ...

Y IR7E 9Y S| WEIRRER: 49772 HEEXE  FRE 25 PHRAE 99

54 GloVe Word2Vec (CBOW/Skip-gram)

IR ER/RHEMET + BELTX REESLTX (BOA)

VIIZ% B A5 S HIIRRAIIIE KRR FESS (EFX->A0iE [ Filvig-> £ TX)
((RETNERYES 7 (ZRFUHMREIEF AR E) —ir ({RKE S ERE O A)

TEXELEREN ® (W ‘BE-BA+XA=FR") B (KHS ERIE R EX)

WZRERE hE (FLRBHLINER) R (EELESEIER)

RELA Re (HIMAEFEAIEEIX VxV MR) BIE (THBEFHEERLIT)
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d Word2VecAH S 1HNBER LN, B)&ZER1GEERPINEBE.

- GloVeRBERBEREVE: B MMENE
aQ “ K1 7 R K| FR) HIMBER LR
Q “ (B 1K) ~ tb” B | F5R) 7 HIBXAEZ 0K | ZK)
QSN Y (ST AERIES RS i
O “ (B9 1K) 7 fOC @Y I FR) T ,\im%ttisd%
Probability and Ratio | &k = solid k = gas k = water k = fashion
P(klice) 1.9x107* 6.6x10° 3.0x103 1.7x107
P(k|steam) 22%x 1070 78x%x107% 22x103 18x107°
P(klice)/P(k|steam) 8.9 8.5 x 1072 1.36 0.96
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4 GloVelgHEB1E)

BBYJGA: %MED tE(E

a “GkIx 7 R KIZFER) 7 HINBER LR
4 “ @& 1K 7 B (BiIF | &%) 7 0 HWEXKED
NT |_| /7 —_— —_— Xl]
RN FINEER Pij—P(Wj‘Wi)—y
i
Probability and Ratio | &k = : lid k = gas k = water k = fashion
P(klice) 1.9 x/10-4 6.6 x 105 3.0x103 1.7x 107
P(k|steam) 22%x 1070 78x%x107% 22x103 18x107°
P(klice)/P(k|steam) 8.9 8.5 x 1072 1.36 0.96
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4 GloVelgHEB1E)

BBYJGA: %MED tE(E

aQ “ @Kl 7 R KISR0 HIEXERE
Q “ (81K ~ tbe B |5 7 HIBXKAEZ
— m o P ik
15&?/ \EJLJ*EALZ%BIS, tIZ{E N
ij
Probability and Ratio | & = solid k = gas k = water k = fashion
P(klice) 1.9%x 107/ 6.6 x 10> 3.0x1073 1.7x107
P(k|steam) 22x%x 107 78x%x107% 22x103 18x107°
P(klice)/P(k|steam) 8.9 8.5 x 1072 1.36 0.96
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F(Wi,Wj,Wk) = P—k
jk
h Py,
F(Wi — Wj,Wk) = P_k
J
he Py,

F (v = ) we) = 5

jk
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.
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o
pX=Y — — » F(-) =e®

F(W Wy — W]Wk)= = :?

Xik
W;T log(Plk) - log (X ) log(Xlk) o lOQ(X)

l
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wlw, = log(X;) — log(X,)

A 1% R
wiw; = log(Xy) — log(X})
9 EE

WlTWk = log(X;) — b; —by

1 1

WgWi = log(X,;) — b, —b,




B REREX

wiw; = log(X,,) — by, —b,

l

4
2
argmin z (waj +b; +b; - lOQ(Xij))

ij=1
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V

2
argmin z (waj + bi + bj — log(Xij)) /}
o /|
4 2
argmin Z f(X;) (waj + bi + bj — log(Xij))

ij=1

[,j=1
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v
argmin Z fX;) (waj bi
ii=1
X @«
f(X.) = ( /xmax) U X < Xmas F(Xs5)
J 1 , otherwise

f(0)=0
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GloVe
@ SKip-Gram
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Negative Samples (Skip-Gram)
(b) GloVe vs Skip-Gram
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http://nlp.stanford.edu/projects/glove/

GloVe: Global Vectors for Word Representation

Jeffrey Pennington, Richard Socher, Christopher D. Manning

Introduction

GloVe is an unsupervised learning algorithm for obtaining vector representations for words. Training is performed on aggregated global word-word
co-occurrence statistics from a corpus, and the resulting representations showcase interesting linear substructures of the word vector space.

Getting started (Code download)

e Download the latest latest code (licensed under the Apache License, Version 2.0).

Look for "Clone or download"

Unpack the files: unzip master.zip

Compile the source: cd GloVe-master && make

Run the demo script: ./demo.sh

Consult the included README or Training README for further usage details, or ask a question

For more information on the data or training hyperparameters used for the 2024 vectors, please see the report

Download pre-trained word vectors

e Pre-trained word vectors. This data is made available under the Public Domain Dedication and License v1.0 whose full text can be found at:
http://www.opendatacommons.org/licenses/pdd|/1.0/.
o **NEW!I** 2024 Dolma (220B tokens, 1.2M vocab, uncased, 300d vectors, 1.6 GB download): glove.2024.dolma.300d.zip

o *NEWII** 2024 Wikipedia + Gigaword 5 (11.9B tokens, 1.2M vocab, uncased, 300d vectors, 1.6 GB download): 53
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2483198 PkaY 2

4 RXERD (MBEERAZNFHEPH))
O FEIMENEC. KRB, THlB1ES, BI0: i@t (Token)
d A&, B, ARNNARSE, Hlgl: Sl

U RERAEPNPIEEEN
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d Token (@)
d FEXRRREID, 184 N Token
d TokenRZEARR N LG, EBER—TIES AP IR’
A BRI NEER—F, 2/ LBRTERMIBIAE 5 —LEESRY“ R

Token: IBXRBIUE M, MNBSLZENUE S WiEessHRBIE IR

3A23H, ARELRRSEILIn2026FEF = L, EXRVERBEXIZA EZCRT,
AlFUEZ IR IBEToken N E AP X B RE5T”, HEEZEHPETHAEE RN
140512, B2024F#1GK#E10001F ., X—EERLS T TokenZF R FTHi—HXE”
BEm, RS EREAT I ERRFANIEA. WEAXTER, BXxERSHIEDY
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&

= 1alK BBV Tokenization

3.subword#ii JE Tokenization

subword#i € Tokenizationy T FlEIKIEFFHFRE 2B, BRXADERNT FRIEMFF ZBRFIE (subwords) ER
token, & JHIsubword Tokenization/5 & & 3EByte Pair Encoding (BPE). WordPieceZk, XL/ L BIE ST XAEIES
HFBINE, BopER—Moiaia8, gEBARNIIARERIE (00V) b, ERNFREF—EMNEXTEM,

1. helloworld g4

RIRZEBPERRIZ%GE, ERNFIEEEBESNUTRE:

1. h, e, 1, o, w, r, d, hel, low, wor, orld gl
FiAHIE Tokenized &R :
1. ['hel', 'low', 'orld'] Sl

XE, “helloworld”# )3 A="1F1ig“hel”, “low”, “orld”, XL WHEPHMINSMFRHAST, XMID AR
BERLIEARANELL (0 “helloworld” A IEiFERERE) , XEE T —ENEXER (FRASERERRRIARE) . 62



1. Byte Pair Encoding (BPL)

TXImS, EXER:
Cl MERR: MNFAHE, ISASHIMRRSHIN, EliER

Vir1 = Ve Umax_freq(sw;, sw;;q)

4 9 AOFPmFia%lo, BRAREK—SFY)T
A HFGPT-2%50)|| Z&8L, 2N _E_) "D EBEEZ—




1. Byte Pair Encoding (BPL)

15

gk MFAF

Vir1 =V, Umax_freq(sw;, sw;;q)
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18, IEASHIMERSEIN, FENIEER
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1. Byte Pair Encoding (BPL)

MR MFRHE, IEASHMERSEN, NIFR

Vir1 =V, Umax_freq(sw;, sw;;q)

ﬁ]: {‘:1?3 ) i&) }jg‘) %5]‘) #) Fj&i) T%) E’g)
« b E ¥ . 10X R
 vEH # F IF: 12X +A 22200k

« # F K & % 8%
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1. Byte Pair Encoding (BPL)

MR MFRHE, IEASHMERSEN, NIFR

Vir1 =V, Umax_freq(sw;, sw;;q)

EH {7, B, %, 2, H8, 5, %, &, 5,
+ FH X E: 10Kk wg, )
c vH A5 Ik 12X
« AE R b % 8K AR EE20R
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1. Byte Pair Encoding (BPL)

MR MFRHE, IEASHMERSEN, NIFR

Vir1 =V, Umax_freq(sw;, sw;;q)

EH P, B, %, 2, #, F, %, &, 5,
* PH e H: 10k g g )
* FH MFR: 12X
* FFIR @ ¥ 8K
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1. Byte Pair Encoding (BPL)

MR MFRHE, IEASHMERSEN, NIFR

Vir1 =V, Umax_freq(sw;, sw;;q)

EH (b, B, ¥, 2, #, 3, 17, 8, 5%,
« FE E: 10X b, A AF IR I, R
* TE #FR: 12X
« HFR @& 8K
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1. Byte Pair Encoding (BPL)

428 B9FPmEElNFiaEtla, BRERK—SF )5
VP, B, M, LA 2L R, |, %, AL, B, B3R, E, mig
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1. Byte Pair Encoding (BPL)
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2. WordPiece

1 Big: SBPEZ/, ERIETFBPEZNMEIEIFESHEY
tokenYy, MWordPiecefZtoken BV G {5 2FKFHTEH
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3. ULM (Unigram language model)
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3. ULM (Unigram language model)

4 .

1 OESEEER: IB—TRAMNER, LLWMESR+&Mngram, 43]
LUEE BPES ARSI ;

0 SINWHRNIR,

EMEESHH8 T S REER LBV

A HERIFRE T subword XY lossBI2 0, {EAZsubworddloss;

1 RFERloss KINHITHEE, (RERIX%EIFE; IR, RFIAAERER,

L& OO0V;

1 E2HR224, BERIRA/NEDENSEE
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SentencePiecenia T EH®

o N

d BSFEDHNFRFRIAES
4 ZFBPE, ULMS9&X, thsz#fchar, wordy3i3)
4 2155 Llunicode S\ RIBZFRT, RAABEVRIASGELN

unicode=RF

D ZmEEEVaNEM: BN BIEAERNTICKNE, B—1IT

s "7 (U+2581) BXZTH, LNEE DJE%%EEB

4 Fast and lightweight
https://github.com/google/sentencepiece
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J Embedding
d Word2Vec: CBOW, Skip-Gram

4 Glove: 1ce, cream ...
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1 Mikolov, Tomas, et al. "Distributed representations of words and
phrases and their compositionality." nips2013

1 Mikolov, Tomas, et al. "Efficient estimation of word representations
1n vector space." arXiv preprint arXiv:1301.3781 (2013).

d  Pennington, Jeffrey, Richard Socher, and Christopher D. Manning.
"Glove: Global vectors for word representation." EMNLP 2014.
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