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State-of-the-art Chinese Word Segmentation with Bi-LSTMs
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Figure 1: Bi-LSTM models: (a) non-stacking, (b)
stacking. Blue circles are input (char and char bigram)
embeddings. Red squares are LSTM cells. BIES is a

RO 4-way softmax.
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Towards Fast and Accurate Neural Chinese Word Segmentation with

Multi-Criteria Learning
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P
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CRF B
Inference r
Layer =
Domain
Projection + $Shared Projection a
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—= ]S
RERS e :
Extraction
Layer
g €1 € By €2 €1 €y
Embedding
88 B s B H
Input Data X1 KXo X3 . Xn-2 Xn-1 Xp

HIX Figure 1: The architecture of the proposed model, stacked with a feature extraction layer, a domain
projection layer and a CRF tag inference layer.
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A Concise Model for Multi-Criteria Chinese Word Segmentation with Transformer Encoder

HERBZ N2 AERRRNNR, LR SiRET D

EiERh:
H = REss A TFHEBXT oEin EBURANEIRYFE (criteria-aware CTB

1.

contextual features)

labels) ,

EMSRA, AS, PKU, CTBESZNEUEEF,
P, R, F, OOV?Eh%B IAZISOTA

EESS

Table 1: Tllustration of the different segmentation criteria.

. HE=AEOSR N AT S TREMARRFRE (criteria-specific ¥

Corpora | Lin | Dan | won | the championship
MIT Wi BH%E
PKU [ #& ] wmiE | B HE
MSRA W RE[R TH
Y Y
(_pecpier ) (_pecrter ) B
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X X J’L l’

(a) Single ecriterion
CWS

(b) MTL-based Multi-criteria CWS (c) Transformer-based

Multi-criteria CWS

Figure 1: Architectures of single-criterion and multi-criteria Chinese word segmentation. The red compo-

nents are shared.
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Improving Chinese Word Segmentation with Wordhood Memory Networks
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Lexicon Wordhood Memories
i S 1.0 Figure 1: The architecture of WMSEG. “N™ denotes a lexicon constructed by wordhood measures. N-grams
ﬁ = B (keys) appearing in the input sentence “3f %~/ K 24 & /K (some residents’ living standard) and the wordhood
| B 0.8 information (values) of those n-grams are extracted from the lexicon. Then, together with the output from the text
3 = S 0.6 encoder, n-grams (keys) and their wordhood information (values) are fed into the memory module, whose output
W, = = B 04 passes through a decoder to get final predictions of segmentation labels for every character in the input sentence.
B ) H : '
# B 0.2
A = M =
R L — : 0.0
R EE R I N N A A B 1 ES
(a) (b) (c)

Figure 3: Heatmaps of weights learned for (a) keys and (b) values in the memory, and (c) the tags from the decoder,

with respect to each character in an input sentence. Higher weights are visualized with darker colors
Improving Chinese Word Segmentation with Wordhood Mewory Networks
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Pre-training with Meta Learning for Chinese Word Segmentation (Ke et al., NAACL 2021)
A Concise Model for Multi-Criteria Chinese Word Segmentation with Transformer Encoder (Qiu et al., Findings 2020)
Improving Chinese Word Segmentation with Wordhood Memory Networks (Tian et al., ACL 2020)
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International Computer Conference on Wavelet Active Media Technology and Information Processing (ICCWAMTIP).

IEEE, 2019.
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Why Joint Models?

Method Word Seg | POS Total
F-measure [Accuracy | Testing

(%) (%) Time

One-at-a-Time 95.1 84.1 1 min
Word-Based 20 secs

One-at-a-Time 95.1 01.7 1 min
Char-Based 50 secs
All-At-Once 95.2 91.9 20 mins

Char-Based

[1]Chinese Part-of-Speech Tagging:
One-at-a-Time or All-at-Once?

Word-Based or Character-Based?
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mcorporateg reform simplify @lnstltutton% to speed up @development

b: the begin of the word _$q]q:%§§kﬁgdz/ﬁgz1}%

e m: the middle of the word
=185 .
O] :

1. TEE??ZiIEﬂjC

e s: a single-character word 2 N

e ¢: the end of the word
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f1
Core
f2 \ Linear Model
(Perceptron)
/ g1=7 ;; X f
— IR

1

Word LM: gy = Py (W)
POS LM: g3 = Pym(T)
Labelling: g4 = P(T|W)
Generating: g5 = P(W|T)
Length: g6 = |W|

g1

g2

g3

g4

g5

g6

LIt s2 x k¥
S~ BEWING INSTITUTE OF TECHNOLOGY
=1 aup AN v=p
FRIBRSTRE
AS [ CityU | PKU | MSR
SIGHAN best | 0.952 | 0.943 | 0.950 | 0.964
Zhang & Clark | 0.946 | 0.951 | 0.945 | 0.972
J i3 our model 0.954 | 0.958 | 0.940 | 0.975
Outside-layer
Linear Model S
5= Zj ’lUJ‘ X gj Perceptron Learning Curve
0984 | I I I I I I I 1 I =]
0.982 - B gy
® 0.98 |- O J. 3
S 0978 | x/ﬁ_p — .l
@ 0976 |- / -
8 0974 ) ¥ §
F o972 * “
0.97 =]
0.968 - Non-lex + avg ' o
0.966 - |- 1 | 1 !‘ex|+ a\':g 1 - ! =
o 1 2 3 4 5 6 7 8 9 10

[2] A cascaded linear model for joint chinese word
segmentation and part-of-speech tagging

number of iterations
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\ A g = i . . -
Q;E Fl . Boprossm
1%__ H% — *E A% B SRE
Raw sentences Test Seg  Seg&Tag
(Jiang et al., 2008a) 07.85  93.41
(Jiang et al., 2008b) 97774  93.37
L.ocal character (Kruengkrai et al., 2009) 97.87 93.67
sevfféfil’raéid fehar;ae‘l’l‘gr'bsa;ed l classifier (Zhang and Clark, 2010) 97.78  93.67
© W s = SegTagy, Our system 9817  94.02

Segmented
sentences

Segmented
sentences

Segmented
sentences

| Merging l

l

Sub-word

sequences

Sub-word tag-
ger SubTag

[3] A Stacked Sub-Word Model for Joint Chinese
Word Segmentation and Part-of-Speech Tagging

Table 7: F-score performance on the test data.
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BiRNN(GRU)+CRF[4]

(summer) (too) (hot)

H AN N A

) Ity XF

B BEIJING INSTITUTE OF TECHNOLOGY.

backward
RNN r ,
CRF
Layer
Output ERNT KAD A VA

(summer) (too) (hot)
=

n-gram

character

Representation

V3

W —

A =l s
Conv. Max fally:
layers pooling connected

layer

Fu)ll =75
Embedding

TP

Embedding




Beam output

E
(0]
Greedy output o
<
E
©
Hidden layer 2 =)
b
E
Hidden layer 1 g
£
™
Embedding layer E
(0]
(¢ ) ?
b)

o

Word embeddings

4

20) (0000

Character embeddings

4

|
Character Strings

[LSTM f———{LSTM [~ LSTM [+———| LSTM [+———{LSTM [¢—

[Lstm}——|LsTM}—]LsTM|—H{LsTM}— | LSTM}—>

BARET ABTH

BTYHH  THEESE SRR

|LsT™M e LsT™ Je———{LSTM [« LSTM [« LSTM |«—

[LsTM|—{LsTM|—|LsTM}—]LsTM|—>{LSTM}|—>

AR *ET

BTH

THER A%t

[LsTM e—{LsTM Je——{LSTM|[+—{LSTM [¢——{LSTM ]«

[Lstu}——[tsTm}b——]LsTM}—{LsSTM}— LSTM}——>

A A8

5T THT Y

[Cstm}e st} —{isTM]« — st} [T}

|LsTM|———{LSTM|——|LSTM|—+{LSTM}——>|LSTM}——>

bi-LSTM bi-LSTM bi-LSTM bi-LSTM

®

Sy

Stack (word-based)

R

£=} i
S b

0 0

#

Buffer (character-based)

=&

THETAGHE.

S,

2 0

Bi-LSTM

Word
Embeddings

A (Technology)

b,

o

Bi-LSTM

Embeddings of
Character Strings

WAGT (Technology have made)
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Transition-based Models[6]

; State
Step Action stack(- - -w_2|t—2 w_1|t—1) | queue(coci---)
0 - ¢ | a0 yun ---
1 SEP (NR) H.(a0)|NR | i&(yun) £ (hui) ---
2 APP HiZ(ao yun)[NR | <(hui) IF(zheng) - --
3 APP HZ % (ao yun hui)|NR | 1E(zheng) z\(shi) ---
4 || SEP (AD) B2 45 (ao yun hui)NR IE(zheng)|AD | z(shi) Ff(kai) #(mu)
s APP Bz 4 (ao yun hui)NR IE3(zheng shi)|AD | FF(kai) %E(mu)
6 SEP (VV) Bz %> (ao yun hui)NR IEZ((zheng shi)|AD Jf(kai)|VV | #:(mu)
7 APP BiZ4%> (a0 yun hui)|NR IE3(zheng shi)|AD FF#(kai mu)|VV | ¢

Table 1

o SEP(t): RKBAFINSE— P F a2 ma POS

tmc t BFE (F) 14,

o APP: BRAFIRISE— 1 FAIBAMR, KBEMINZEIR
(F) %
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Tran5|t|on based Models[6]

Decoder o | Output !
> X | Non-Linear

LSTM

1
Non-Linear ¢

Word :
Representation 1
1

...............................

BI-LSTM

Non-Linear !

R 5 b 2la E|E = 7|7 |z Fobesding |
E static —{= B Zhe 2le FlE SaN b ¢ | FF ¥\ #| BlCharacter E
: o 2| 2% EE e i ki —|=| Embedding
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Transition-based Models[6]

T S ey Al g R e A T | B s et et Tl e N T ) IR P I S W R e i A
' — = - . I= = = = '
. Encoder o HI L R ;2 (E t3 1 hy E4 [ h; Hs g HG —l hq ‘1’_17 BI-LSTM ;
E ?1 ?1 ?2 ?2 ?3 Yg ?4 Y4 ?5 Ys ?5 Yﬁ ?7 ﬁ'r Non-Linear E
: _ = Character :
1 . X FaN s 1
: non-static SUp 12 B S IE[E 2|7 vinvin b Embedding !
: static :
: — | LAE: | v By e 1EIE 7| =0 FFFF F|%| BlCharacter !
: A= 5|8 2% i 7|2t it i ~|-| Bmbedding

- o e e mm e s Ee o e R Em e e R e E Em e s R e R e e e e e e R R R e e Ee e R R s R R e R R e s R mm e R R e s R o S R e e R m e R R e e e e e S e e e E e R G e R e e e R G Em R e E e R G Em R e e e e e mm

unigram

Embeddings
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Transition-based Models[6]

e e o il ikt i . et i . e e e e e i i :
. Encoder ﬁ] EI I T{2 ;2 = T{S t3 — ?1}4 Eal f Tl}5 Hs i T!)s HG —1 ﬁ? ‘H'r BI-LSTM ;
E ?1 ?1 ?2 ?2 ?3 &3 ?4 Y4 ?5 Ys ?5 Yﬁ ?7 ﬁ'? Non-Linear E
' nonsuai o 58 i 2le E|iE [ |7 Fila e, |
L e [ | e 2|z E|E e 3|37 #[# BiCharacter !
: RR E[iE & fighi (2 inric slm _|=| Embedding

Pre-train
_ I b b i
X, = tanh(W [ES, @ E¢ ,El° @ EX _]+b,) Look-up static
I b b
% = tanh(W_[E¢, ® ES,El,  @®EY, ]+b.) tables

Learnable
non-static
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Transition-based Models[6]

. Decoder o 1] Output ;
E >|_}’:: Non-Linear |
; h'_, S h'_4 LSTM
: Non-Linear :
: Word E
4 Representation :

forward(self, x, train=False):

iﬁ”ﬁfﬁ%\ :param X: .
.I‘E-IEI}]§‘§/_J_T fparam train:

:return:

Z_{-i}

encoder = self.encoder(x)
decoder_out, state = self.decoder(x, encoder, train=train)|

iﬁ] H"\J?fgr%_ﬁu return decoder_out, state
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Two-way
Attention

\— 4 tJ 4 J tJ - JtJ L JLJ) 23 A
TR S S SR S SN S SN s
Dense | BTl 5 F

a, a, a; a; a, as Qg a; wwag wag -~ _ G S T G

r' ______________________________ b

e T T T Do Do Pefrfeth SR, 881 KANT dobj, ot oo |

Auto-Analyzed
Knowledge

TWASP: Bert-Based[7] 2020S0OTA
XTI B EREAY RN a) AR hRiEId two-way attention mechanismsd
FHEHI TR, TSN FAID1RFIEMERRE, E
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Multi-channel Attentions N-grams |
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al

[ FHM#. (Iunderstand.) ]

CTBS CTB6 CTB7 CTBY9 UD1 UD2
Seg Tag Seg Tag Seg Tag Seg Tag Seg Tag Seg Tag
Jiang et al. (2008) 97.85 9341 - - - - - - - - - -
Kruengkrai et al. (2009) 97.87 93.67 - - - - - - - - - -
Sun (2011) 98.17 94.02 - - - - - - - - - -
Wang et al. (2011) 98.11 94.18 95.79 91.12 95.65 90.46 - - - - - -
Shen et al. (2014) 98.03 9380 - - - - - - - - - -
Kurita et al. (2017) 9841 9484 - - 96.23 9125 - - - - - -
Shao et al. (2017) 98.02 94.38 - - 96.67 92.34 95.16 89.75 95.09 89.42
Zhang et al. (2018) 98.50 94.95 96.36 92.51 96.25 91.87 - - - - - -
Tian et al. (2020a) (BERT) 98.77 96.77 97.39 94.99 97.32 94.28 97.75 94.87 98.32 95.60 98.33 95.46
Tian et al. (2020a) (ZEN) 98.81 96.92 97.47 95.02 97.31 94.32 97.77 94.88 98.33 95.69 98.18 95.49

SPANSEGTAG (BERT) 98.67

96.77 97.53 95.04

97.30

94.50* 97.86 95.22% 98.06 95.59 98.12 95.54

SPANSEGTG[9]:

Bert+ two stage Span Labeling
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Datasets

Datasets

1. SIGHAN Bakeoff 2005 MSRA,560KB http://sighan.cs.uchicago.edu/bakeoff2005/
SIGHAN Bakeoff 2005 PKU, 510KB http://sighan.cs.uchicago.edu/bakeoff2005/
SIGHAN Bakeoff 2005 CityU, 510KB http://sighan.cs.uchicago.edu/bakeoff2005/

SIGHAN Bakeoff 2005 AS, 510KB http://sighan.cs.uchicago.edu/bakeoff2005/

AE B3R 2014, 65MB https://pan.baidu.com/s/1hq3KKX

MSRA (¥7E1E%}) https://pan.baidu.com/s/1twci0QVBeWXUg06dK47tiA?_at_=1645796271787
CTB8 https://link.zhihu.com/?target=https%3A//pan.baidu.com/s/1IDCjDOXxBOHD2NmMP9w1jm8MA
weibo https://link.zhihu.com/?target=https%3A//pan.baidu.com/s/TIQHoK2ahpZnNmX6X7Y9iCgQ

https://github.com/InsaneLife/ChineseNLPCorpus/tree/master/NER tb F;L &
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D Datasets | Char Word Sent | OOV %
a ta S ets Train 805K 494K 18K -
CTBS5 Dev 12K 7K 350 8.1
Test 14K 8K 348 3.5
Y e :
- 7 (| Train | 1,056K 641K 23K -
CTB: J_Eﬂ{zl: SZ CTB6  Dev 100K 60K 2K | 54
UD : 2R Test | 134K 82K 3K | 56

Train | 1,160K 718K 31K -
CTB7  Dev 387K 237K 10K 33
Test 399K 245K 10K 3.2

Train | 2,643K 1,696K 106K

((2221) Dev | 210K 136K 10K | 2.9
ECHEIAY) pest 379K 242K 16K 3.1
Train | 156K 99K 4K ]
UD  Dev 20K 13K 500 | 121
Test 19K 12K 500 | 124
BC 275K 184K 12K | 2.8
BN 483K 287K 10K | 5.1
Cs 28K 160K 17K | 5.5
CTB9 DF 644K 421K 20K | 3.7

(genres) MZ 403K 258K 8K | 75
NW | 427K 251K 10K | 5.1

SC 430K 304K 44K 4.0
WB 342K 210K 10K 5.3 E
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Datasets

=
236839138, 4050469
1109947i5, 1826448
5449696ia], 8368050=F

1455629ia], 2403355

The Second International Chinese Word Segmentation Bakeoff

Corpora from the following organizations were used:

CKIP. Academia Sinica, Taiwan

City University of Hong Kong, Hong Kong SAR
Beijing Universty, China

Microsoft Research, China

ElEHR

20055

20055

20055

20055
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HanlLP: Han Language Processing
HEREINERIZEMBERESHNIETRY

HanLP: Han Language Processing

SRAT M

https://github.com/hankcs/HanLP
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Punctuation as Implicit Annotations for Chinese Word Segmentation

msr_test (560KB)

Abjj Algorithm Precision = Recall
® 58J/]5=

LTP-3.2.0 0.867 0.896
ICTCLAS(2015KR) 0.869 0914
WA — jieba 0.814  0.809

0 HIFRZEF
—TI= THULAC 0.877 0.899

pku_test (510KB)

\ - . A
‘ ]%Jﬂll\% Algorithm Precision = Recall

LTP-3.2.0 0.960 0.947

ICTCLAS(2015hkR) 0.939 0.944

jieba 0.850 0784

THULAC 0.944 0.908

https://github.com/thunlp/THULAC
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Fast Online Training with Frequency-Adaptive Learning Rates for Chinese
Word Segmentation and New Word Detection

Xu Sun', Houfeng Wang*, Wenjie Li'
"Department of Computing, The Hong Kong Polytechnic University
*Key Laboratory of Computational Linguistics (Peking University), Ministry of Education, China
{csxsun, cswjli}@comp.polyu.edu.hk wanghf@pku.edu.cn

|

IIZRRE

CRF+ADF

https://github.com/lancopku/pkuseg-python
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o SiHHIz Medicine T AR
Location 117K
@ EEHIDIAEmRE Name 105K
Idiom S0K
0 IR BiIgH=RE Organization 31K
Training Words 100K
@ ZFEREMINE. total 850K

https://github.com/lancopku/pkuseg-python
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MSRA Precision Recall F-score
® ZiiE 1A jieba 8701 8988 8842
THULAC 95.60 95.91 95.71
‘ E%—E/}]ﬁiﬁl;ﬁﬁﬁgﬁ pkuseg 96.94 96.81 96.88
WEIBO Precision Recall F-score
‘ ﬁj:% : FI L UH?ETE?U jieba 87.79 87.54 87.66
THULAC 93.40 92.40 92.87
pkuseg 93.78 94.65 94.21

@ FHAMEIRE.

https://github.com/lancopku/pkuseg-python
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words recognition
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TeBPstEL RS
— .l’/l:l !J §>15_| | %EE Class-based
1$$M:TI segmentation | _L_. 5 ppa e
Words|sequence
POS | | i
Tagging 1" HMM

POS sequence
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E=t i = ElEHR =217}

MSR 2368391ia, 4050469=F 20055 L E T s
PKU 1109947ia, 1826448 20055 AERRSE
AS 54496951a], 8368050=F 20055 aiEroifstht

CityU 1455629ial, 2403355 2005 FEMHAF

The Second International Chinese Word Segmentation Bakeoff
Corpora from the following organizations were used:

e CKIP Academia Sinica, Taiwan

» City University of Hong Kong, Hong Kong SAR
* Beijing Universty, China

* Microsoft Research, China
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.l fxniE
EHFi5 8 demo

def mm tokenize!self, text :
tokens = # EX I TEIRFEFRTFI ISR
index = 8 #
text length = len text
windows size = min self.window size, text length

while text length > index: # EHSRIESET
for size in range windows size + index, index, -1 : # {RIEEOF-NEIT, ERHIIFSEERHIT T —1 i,
piece = text index: size # MILEI=ES
if piece in self.dic:  # MREESWEFFEERETEINRELERID, FHTlindecnFR LB FEAERUE

index = size - 1

break
index += 1
tokens.append  piece # AR FIE BRIk

return tokens
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.- fxsiE e
EHFi58 demo

® lihan on
python .\BiDirectionMatching.py
text:
Bt 55 4 o7 35 4 an RO S R
max_Llen:
4
TASATESEER:
TR AlEosEsER
XN [\ & A UL B 48 B A 45

@ lihan on
python .\BiDirectionMatching.py
text:
XK1 & b 4 B ok 52
max_len:
4
Emg KRS ESE: ["Xi@', '3, 'Bla', "£8i', 'k
FHmegAlEsESR: "W, "B, 'F', 'L, 'mik
WHEALESINER: ['X@', ‘%', 'R, "4ar,
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; 8.83942387@59367564, 'E'.

# special wvariables

» function wvariables

"B
"B
"M
A e

@.83942387859367564
a.e

&.e

d.81723528868 7084527

len{): 4

Wl
E
1
1l
i
Ik
W
n
L1
ni
it |
[

8.8,

.H.

: 8.8,

ISI:

€t 7.2 2 £ %

B/ BEWJING INSTITUTE OF TECHNOLOGY.

8.817235288687684527 ¢




£t 752 £ ¥

- BENING INSTITIJTE OF TECHNOLD Y

{'8": {'B": 9.8, '"E': 9.8364130268541732, 'M': B.15358597394582675, 'S': 8.8}, "E': {"B.
» special variables

» function wvariables
> 'B": {'E': 2.8, 'E': 8.3364138268541732, 'M': ©8.16358697394582675, 'S5 ..

» '"E': {'B': @.48704973574535484, 'E': 0.9, 'M': 8.2, 'S5': 8.518596497610.

2 'M': {'B': @.8, 'E': ©.@, 'M': 8.450877981049266434, 'S': B.539222989547..

2 'S": {'B': B.52508B87282625808, 'E': 8.8, 'M': 8.8, 'S": 0.4222896505446...
len(): 4
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.- wxsid  ——

{'B': {"F¥': 0.0008699758352121225, '#': 2.009928662524987881, 'H': 2.082991934383933_

> special variables

> function variables

2 B {'H': ©.0008699758352121225, ¥ R 0.900928662524987881 , '‘#': 0.00
e 8 {'FEJ': 9.0013851036391454197, '7 ': ©.P0e47880927863516617, '2£': 0.

'M': {"N.': ©.001991767837248208, 'J\': ©.0014759142966659382, ' ': 0.00
'S': {"HY': 9.0939310598766543, '¥i': ©.0031308290482764452, 'F": 0.0067

T T ¥
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from segment.hmm import *

segger = HMMSegger

segger.load data "./data/trainl.utf8"”
# print{hmm.data.readline())
segger.train

print segger.cut (" 2881 ERGRNE .- AZST S BEHAARALEELE A 212 RIEhARFE. )

= O W W R

Microsoft Windows [[fi7 1€.8.22000.527]
(c) Microsoft Corporation. {RegPrEFF] .

D:\python code\demo>python -u "d:\python code\demo\HMM\train.py™ ;
[‘2e01°, "', "FHE", $°, FEI, T, CREE, e ', CAZRS, iIE, CHEE, CH), AR, R,
22U, A, e, Ry, CE, CAEET, e ]

D: \python codedemo»C:/Users/lihan/anaconda3/5cripts/activate




.l rxsn I §9 iz x ¥
HIF 51t (N-Gram)

4 n=1, —P—7JotE® (unigram model)EDA :

P(wi, wa, -+, wm) = | | Pw)

=1

W n=2, —P"JoiERE (bigram model)BlS :

P(wi, w, + ,wp) = [ | Pwilwicy)
i=1

4 n=3, — =& (trigram model)ElH

P(wi, wy, + , wp) = [ | POwiwiawi_y)
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def word segment ngram self, input str:

segments = self.word break input str
best segment =

best score = math.inf

for seg in segments:
score = @

for word in seg:

it word in self.corpus.token dict.keys

score += self.corpus.token dict| word
else;

s self.corpus.token_dict.keys()

score += round( -math.logi{le-10), 1
it score < best score:

best _score = score
best segment = seg
if len| best_segment ==
return input str
return best segment
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HEZMELZWMSeg (Bert/Zen + CRF)
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R MLEWMSeg (Bert/Zen + CRF)

83/089/2822 10:85:22 - INFO - pytorch pretrained zen.modeling - loading weigh
a;ﬁagﬁzazz EQ:QE.EE&- INFO - pytorch pretrained zen.modeling - loading confi

63/09/2022 18:05:22 - INFO - pytorch pretrained zen.modeling -  Model config
"attention_probs_dropout_prob™: 8.1,
"directionality™: "bidi",

"hidden act": "gelu”,

"hidden dropout prob™: &.1,
"hidden size": 768,
"initializer_range": 8.82,
"intermediate size": 3872,
"layer_norm_eps": 1le-12,
"max_position embeddings™: 512,
"num_attention_heads": 12,
"num_hidden layers": 12,
"num_hidden word layers"™: 8,
"pooler fc size™: 7&B,

"pooler num attention heads™: 12,
"pooler_num_fc_layers": 3,
"pooler size per head"”: 128,
"pooler_type": "first_token_transform”,
"type vocab size™: 2,
“"vocab_size": 21128,

"word size™: 1842889

©3/09/2022 18:85:42 - INFO - __main__ - # of trainable parameters: 354168648
63/80/2022 18:05:42 - INFD - _main__ -  ****¥* Rupning training #*****

A2/RA0F/AT? 18-A5-A2 _ THEN - main & Mitm awvamnlac — JIATARO
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19980181-981-801-881/m JA[El/v FiF/v HFZE/n /v Fi/e M —w —RANE/R FE/L dhE
10080101-61-081-e02/m HHEMRAB/mt SHid/n . /w EE/n EFE/Mm /e FER/ore
19080161-01-e81-003/m (/w —hHh+t®E/+ +-HA/it =+—H/t ) fu

19980101-01-001-004/m 1Z2H/t 3 1H/t , /w HEMR/t BEfic/n  /w BR/n EE/n I/ 3
19980101-61-061-805/m [Slfl/n fil/k . /w FA%/n fil/k . /w Ft/im ik o /w St ik 5w
19980101-01-001-006/m FE/p 1 F Y EB8E/t Fla/v ZIRAF , /w FH/r TH/m S5/a Mo BiHdp [
19980181-81-801-807/m 1 99 7T/t , /w E/v WE/Mms ZE/vn HE/Mm b/ ERH FE/2 fu
199801@1-01-801-e08/m TE/p BX/r —/m F/q B/MAF , /w BEMmMs PFu WE/n FHR/vn 0/ I
19980161-81-881-889/m TE/p X/r —/m E/q B/A , /w BE/ms §F/u FbEE/m T{E/vn BB/ T DYF N .
1998@181-81-e01-e1e/m 1 P9 EFE/t , /v BFE/Mms AFK/n F/d FERESL M Heliv FHia Bl/u PFle*‘I’}AE_

199801081-81-881-811/m /v iEE/M /v =F/a H—/vn 5, fw B/v BFYNs 2F/m BE/ns ) /> s
19980101-01-001-012/m =&/ns T/v HE/ns Wt/n FTHESEVLI B/u —/m ES/n . /w FTRE/vOH A,:G TE1998£—1|:|*>|'
10080101-81-001-013/m IfmM/v 2¥/n . /v Hig/d Et/a f/u HF/n £5F/m BR/vn ., /v B3
19980101-081-001-e14/m [H[E/ns ERF/nint F/d /v B/ FT/ @BuBE/A /v f0FEM SN

19980161-81-881-015/m TE/p X/r EEIRIEER/1 A/u =0F/a BE/Mm L, /w e v FEr HE/C
109261601-81-881-016/m &hi&/v | /u  (/w EiiEH /et dkE/ms 1 Z2H/t 31H/t #Bin ) fu

10930101-@1-002-001/m TE/p THA/] ¥E#/n ¥ESl/vn T/F RERl/vd BIESY —/w B/t EREE/n

19980101-01-002-002/m Fi{il/r RME/d Lh/p F/vn B/u Effisan B/ Eiv SE/ , fw BAp f
1998@181-81-e82-e03/m FAIAl/d HE/N Bl/u —/m F/q , w ASEEA . /v EEHEA - /w TES
19980181-01-802-884/m 1 99 8E/t , /w /v SHE/ad Bl/v ZFE/v H/n B A& EBENV
10980161-81-002-805/m <-oF/t Em win Bfu —|— /m [B/q =Hes/j 8H/v 20/m FEr/q , 7

=4+ AN+-Lm+A - ] Lot S 1 = B e ==

A mm e A A s e e ol A ' -
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BEFHit (HMM)

from lable import * (Dase) =+ | python main.py
24 /n AsE/vn E£d/n B89/u £iE/n

(base) - |

1 = Lable()

1.train()

text = "HAEHRERTIZR"
ans = l.do lable(text)
print(ans)
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Figure 2: The overall architecture of our character-based model for the joint CWS and POS tagging with
an example input and output. On the left is the backbone model following the sequence labeling paradigm;

on the right is the multi-channel attention module with n-grams categorized by their length. Different
attention channels for n-grams associated with “ K™ (big) are highlighted with distinct colors.
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tHEZNILZMCASP

H B G S RIF

(Bert/Zen + CRF)

tHE— oo—EE4fEFAR T

(CoocoF+_HB=+4—H) (KEHR1K)
LX), FeEA], BRI, BB&RAD:
2001 FFFAERIERIN. AT SRIHAIRGRHIZIE A\ 21 tHZCHIFR

iz, FEA

SHA T IR

S =20 ks B PR HAYFERE,
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HZRILEMCASP (Bert/Zen + CRF)

HE rRB BE Vv ;%1% JJ HY_DEC #r_PFA tHZZ NN — FW “oo—
E NNB ¥EE NN 818 NN

E NNB +=_CD H NNB =+— CD H NNB ) )
B vv BHA NN 1 cD 3K NNB ) )
7t NN {1 SFN , _EC %4 NN {1 SFN , _EC REJRE_NN {i1_SFN ,
_EC HHZz NN il SFN : _
2001_CD & NNB FAE NN #hEE AN BDIE RB BIIE WV AE
NN #2 NN BTEE VW B9 DEC ERBR NN BE RB B MD EE)\ VV
21_CD tHZZ_NNB HY_DEC Fr_PFA ARFE_NN . _. ARE_NNP AE_NN
HEN W T_AS I'"_I IN IR4C_NN {£_SFN 3EiZ NN §=_CD Z& NNB
KRS NN BIRR_NN 3B VW B9 DEC 3 PFA fERE NN ,




method Recall | Precision | F R_oov | R_v time
MM 0.854 | 0.832 0.843 | 0.847 | 0.942 | 0.37
RMM 0.854 | 0.832 0.843 | 0.847 | 0.937 | 0.36
BiMM 0.855 | 0.834 0.845 | 0.849 | 0.942 | 0.76
N-Gram 0.772 | 0.884 0.824 | 0.764 | 0.872 | 92.24
HMM 0.782 | 0.753 0.767 | 0.772 | 0.919 | 214.2
BERT+CRF | 0.932 | 0.969 0.950 | 0.930 | 0.959 | 17.72
Table 1: pku
method Recall | Precision | F R_oov | Riv time
MM 0.928 | 0.907 0.918 | 0.924 | 0.979 | 0.47
RMM 0.928 | 0.907 0.918 | 0.925 | 0.97 0.38
BiMM 0.93 0.91 0.92 0.927 | 0.979 | 0.7
N-Gram 0.932 | 0.921 0.926 | 0.928 | 0.975 | 163.13
HMM 0.78 0.71 0.743 | 0.766 | 0.954 | 250.02
ZEN+CRF | 0.965 | 0.983 0.974 | 0.964 | 0.979 | 31.24

Table 2: msr

Pre N T |
Ity Xy

=9 BEIING INSTITUTE OF TECHNOLOGY




name | Recall | Precision | F time
jieba 0.768 | 0.833 0.799 | 0.636
nlpir 0.937 | 0.935 0.936 | 0.759
thulac | 0.923 | 0.922 0.923 | 4.719
ltp 0.841 | 0.924 0.880 | 5.526
Table 3: pku

name | Recall | Precision | F time
jieba 0.810 | 0.819 0.814 | 0.755
nlpir 0.912 || 0.866 0.888 | 0.850
thulac | 0.879 | 0.834 0.856 | 5.102
ltp 0.842 | 0.854 0.848 | 6.015

Table 4: msr
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from cProfile import

from urllib.parse import urljoin
import requests

import bsd

impert re

lables = 'ZEg',"ME’

pages_list = [['http://tw.people.com.cn/",
"http://hm.people.com.cn/ ',
"http://military.people.com.cn/",
"http://world.people.com.cn/", ],
["http://ent.people.com.cn/’,

‘http://society.people.com.cn/", \
"http://finance.people.com.cn/", ] % E%l E I*Dxm
for lable, pages in zipilables, pages list: - YARRY

f = open("./data/renmin_data/"+lable+".txt", 'w', encoding="utf-8' A\ 4 \ —
for page in pages: ii‘i.i/l\*_ L’i — /I\ Eg
-

r = requests.get page

r.encoding = r.apparent_encoding :Z A — E
bs = bsd4.BeautifulSoupir.text, "html.parser” ﬁﬁﬁ E H 1:1_ F'-I
news = bs.findAlll class_="hdNews" - Ij= I / \E)\

for 1 in news:
f.write i.find("a").text
f.write/i.find{"a").get("href")
f.writai”\nﬁ]
next page = bs.find/ 'a’, string="T—m1"
if next_page:
next page url = next page.get "href”
next_page url = next_page url if next_page_url.startswith
"http" else urljoin page, next_page url
r = requests.get next page url
r.encoding = r.apparent_encoding
bs = bs4.BeautifulSoup r.text, "html.parser”
news = bs.findAll class_="hdNews"
for 1 in news:
f.writeii.find("a").text
f.write(i.find("a").get( "href")
f.write{ "\n"

f.close
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SEFREIEE: ERAFeSERmalEil KR i=E/n1/2022/0308/c14657-32369278.html
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