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by Sequence Labeling Approaches
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ABSTRACT

Sentence segmentation is a special issue in Classical Chinese language
processing. To facilitate reading and'processing of the raw Classical Chinese data,
I proposed a statistical method to split/unstructured Classical Chinese text into
smaller pieces such as sentences and clauses. To build this segmenter, |
transformed the sentence segmenting task toa character labeling task, and
utilized two sequence labeling models, hidden Markov models (HMMs) and
conditional random fields (CRFs), to perform the labeling work. My methods are
evaluated on nine datasets from several eras (from the 5th century BCE to the
19th century). My CRF segmenter achieves an acceptable performance and can

be applied on a variety of data from different eras.
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P Y Ry o) AT RS -

PP = £R 0T -

P d EAE?
LV AL

Py R R
1T )

2 % & BB w9

Iy [ Eﬁ?ﬁﬂ?ﬁ“ o SRy MR e 0 BT [ETE g g
SHRRLAT pLEVRIAL (R AINE RS« H Dy STETANT R S5
"pE iﬁl[ﬁ'?ﬁﬂﬁ" ’ F[ [P P TR ) RIS L WA T R T A TR
(=3 H1~ 3 (morpheme ) fVFEr - ' FJAI T % | IS S AUTE T & -
SRS O L I = T HDF' Mﬂif["#ﬁ@&‘“ &ﬁipuﬂi w( ambiguities ) »

}")Hﬁfﬁf,fﬂEﬁP FERE -
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I B ik = BT ERR S ) ﬂ,»i[.?c;[|¢;\&}z%§g%?,ﬁl;c e Nl onT
i (dictionary-based approaches ) » RLFFIFE = GHA oAl - ARl 4 &5
Z I AR IR ER I I Al Ry (R e [
SR 1 i U P R T 50 R R 1
F HIp¥rE (unknown words FY [ out-of-vocabulary ) - #5415 E’??“ EEITRE:
(machine learning approaches) » [l[|5% = T fj‘}“fﬁﬂ"i['ﬁlgfi’%p%& ; ﬁl}:}fﬂ S L P
TR o ARG SR LB A A5 IER AR N-gram gy 55 T[VFEJF“ SR
] RS 7 Rp L L e IHPK%E.&J[ F,gl*;}ﬁiy%pa{g_mj ; ;ﬁ%ﬂpww
FHPACPY  o U0 Gao etal. [4] ST AURE 5T a5 PR - il 5 S Al G
fuey@ > [P | improved source-channel models [ ; Zhang et al. [5] {fi* [

"¢tV hidden Markov model - Tﬁfﬁjl H P EIES > J T B Ak

“t Xue (PR SR S R R A ( character tagging ) [l

£|I'] maximum entropy model f‘E’—:f‘»\z/IJ@”;t' [6] = LA Brmpy T (= fL -

YR VR ERL Y \,y sXue [J3E + PU7ERIZ  LL- RR~ LR~ MM »
FbE) — flhEd FF—“ PR B LL A > MRl [Py~ il ’ﬂgﬁﬁif‘@?{
AR KL RO PR (RHRY T Y RO MM A i

LRI TRLFIS S RS LR P AT L FPOF » IR
G EHEREC IEE S SN RN e

A o g w7 EI ORA B OFTE TR

7 /LL # /RR * /LR p¥/LL i#/RR = /LL -~ /MM 7 /RR #/LL 2 /RR
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% /LL Ji/RR ¥ /LR % /LL #%/RR % /LL ¥ /RR

FRL > LL PRGBS > RR A fCFORE » LR A [ oz - P
ﬁj’ﬁ?‘?ﬁ]mﬁﬁﬁlfﬂ“ S JIr ) MM %A 5 %IEI?DIF“—?F@%' ey T LTS
= EKHJ:F*‘ » Tk Xue PR BrEmlp =355 o e }fﬂf:'ﬂ (tagging - labeling )
INISEERR S SIHITNE [H@r——,t[ﬂ Ji};ﬁﬁii Y11 Xue FrH [V maximum entropy
models > ﬂﬁfjé?%iﬁf[ﬁ*ﬁﬂfe@ °

Pengetal. [7] =[5 {l]H J—*'“‘EI[,%@H Y% !alr—ﬁfﬁ o {[r=2 Xue 7 [3] FUTh¥E

[x ICERAIEEN [f[ ° 3= > Xue f{i*']*" LL ~ RR ~ MM ~ LR 4255 » |fi| Peng et
al. [{"] START = NON-START [/ 5 %5 » P52 EL START pojehd > RLEApYR F'
13 HJRL NON-START © 3319 [k B 17 i1 segmentation - ﬁrﬁi ffet Y
KEfE 4% NON-START » iy ™ R RL START o dshe 1 SR S 1 ] -
93~ »Xue ffi "] maximum entropy.model < {=sequence labeling-|fi| Peng et al. []|

IR 5 conditional random fields-[8] =54 ?FE' FOfgiE] o

F (T EJF%HJ%[IHRP e o ?Bi_ﬁl?i/ﬁj JHVRRRE - ”?Bi_ text segmentation
AV %o YRR > Xue [6] F[! Pengetal. [7] AU S4Bt U AY
F{Zl - Xue f{i*] LL ~ MM ~ RR ~ LR [MZEI1£235 > £ segmentation [V [ > fEAHEY
labeling fiV ™ [« Xue HriE FIfVHT b LG - I'EI*LJFI* J‘J?ﬁ*?ﬂ@?ﬁ (chunks) F5="
fi/ (clauses) > LL ' I'Jd>% JF—TJF,‘:H U FUET 5 RRBRL=T P o= > MM JiRL
U RVEIFOS > LRPILRLAE S 3 o= 3 4 (2= - 727 ) B T 0
e R ERArs - & RARY S - JPlPYT R AT & 97 <[] Peng etalf conditional
random fields iﬁ[’[ﬁf& 2001 # (l1 Lafferty et al. [8]#+!1 Elfﬂ-:iz\r/[J?FQF:,t"jfif'“E’ HE

e 1 OIS - T S
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2.2 ;%87 1R (Sentence Boundary Detection)

f/=" (sentences) i_?f??‘ﬁil UEIfI TR > 2 (FECEIpVER | > B
llf “77 17 (syntactic parsing ) ~ £§#3 #% (machine translation ) ~ F 1B
(document summarization ) <> F-- %I}{ﬁj’df EEPA R ﬁf}&ﬁfj F[JQ’ ) —jzﬁtfg.?
AN (Bt E[FIHI’F’?@’H = 247 |Jg’!1per10d “UO)s F’Lﬂﬂ:(questlon
mark, “?”) ~ B (exclamation mark, “!“) [Bif= o Bl o iﬁ: ﬁb‘fﬁ‘f})ﬁ?]
£, HH = HH IS5y B ‘ijﬂ#—( delimit )> ™~ 'F“?:Llf—ﬁﬁj’li/ E HF‘}— ig_lﬁl[pfj F,J%‘ o
ﬂﬁﬁ'J » O E’ﬁfm’lﬁ?fﬂf’Tﬂiﬁ’ﬁ?@ﬁﬁ o

LHPIPUREY > OBl (period, . ) FTREBAUIRH NI foo pud A o R
FIJQ'%{’% ’ I'E"EJE\JTFJ“J H|<e 3 4HH (abbreviation) > 1 “No.1” > "EJE#\/F[‘ Il
]E%H'@{TE"E( ellipsis, “...” ) - Iﬁ[f G ﬁ&@fzﬁﬂ I8 JQ(‘@HF( gr "3.1415926”) -
Bl riTl’¢HI*[J'¥‘TﬂH {RET e HH AR > ™ jiﬁﬁ @I@F[Jr;ﬂ T
F"H{;ﬁF[ S 4 GG T D 82 5538 2 1, ] (Sentence boundary detection -

<7} {Esentence boundary disambiguationﬁ? sentence boundary identification >
“4TI'Hi ) sentence segmentation ) ©

FUZVIE Pl (R E | 278 R - et TR period-space-capital letter i §I% [9]
FURL ORI SRR TR - ST JIE T SR R
AR i ORS o lF% (it 3 e HT FIJJ’JFEE‘} regular expression [.?!][ ]+[A-Z]
[OF) o QIR R Ty o 2y o (LIS AP O S R BRGTHRR > % He stopped
to see Dr. White. .. HJH‘ » Dr. f[IpY F[J%ﬁ’ftﬁ j\;i:]“{ﬁfléﬁ, o (IR i -
e VEEAEI Y W T period-space-capital letter @j‘;ﬁgk FUZygr™ > rﬁ}[ﬁj’
iﬁl’[ﬁ' PR £, f= 5= HERLIEN He stopped to see Dr. lﬁ?ﬁi RENITERCE T e
iﬁﬁﬁ’l@%ﬁ? [REe ) |fF— Bl B Fﬁﬁfﬁ{#ﬁiﬁjﬁr & period-space-capital
letter 51 FRaE: (S FE BT o (AR AVRGLI TR B ) SR T
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[t B TR -

I WO > ok rule-based AU > @57 JREFH (statistical) 19
Rl iﬁlﬁf}ﬂféﬁ AR R ?ﬁiﬁ&f'@ﬁ?ﬂp U R ISR
Fi— {73 % (classification ) F”ﬁL IR o F1ok o #R] ﬁkgﬁ‘%&?] fiof 5> it ﬁ?ﬁﬁm
SYHRE - R (B PORTRIE 3T R - R Y B YRS L h
IR R~ (ki DA BT 5% 5300 > HIHTkL A 00 fu froshise! > iy 2]
(B WRERL R Aefio = 7 e STRIERAVEN T30 SU% o i) M {0 TRl
i (regression trees ) [10]~ Hi#HAEA % (artificial neural networks ) [11], [12] »
YR (decision trees) [13] ~ maximum entropy modeling [14] 3753 iy » 3%

f"[lﬁfz (% [ rule-based 3]§Q$ﬂi*‘ ﬁﬁ ZEF T 0.8%-1.5%. 4] [9] »

IS R > T I T R (LR
QAR R IERERTIE: gy Hﬁéaﬁ%rﬂiﬂl O F e T (G U T
[ disambiguating U5 LU THALEL (i HJ%:[F\ THIBHE ~ BTRBE - T
disambiguating [OH4) 1T Ty 2 RIS - FeigelriRt 1 e
FURIEEATE Y E © BT LU RTHIFY rules - (LIFT3AY period-space-capital
letter YL » MPEBAEHE A CUPROR ] - 17 RO - Al i o
P BLF e~ SREOER - Y= S B RO > = PR R
TERHPSP  FUIRHS e CRDIRLRGT) 152 = Sy > & 2 iaipo I 50

—\DEI%T\ , E[H_‘J 1 __I‘P%Jrrjjj‘/\lé[‘]_r.k ,EJ Erjgﬁ%ﬁl‘]%?lq—gﬁ@— 7 i»f:‘?gl _[‘jrl:[lii/ J_‘ °

—r—v
—r‘r

G dF 1 pus | B ( capitalization )~ j"F 1igh (= (prefix )~ J" =" ™ (suffix )
:'ifqﬂjf%?‘ T F,qu B %IJ—LHIa ] T%Fuaeﬂﬁé%i ) [g (19 2 F' Net ﬁlr‘gpﬁ[ﬁﬁ [ftH I

jp’IJEIJ °

AL S (ORI Pl 155 A st oM > [
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L

F‘ i Iﬁ B[R ”‘Eﬁfﬁfaﬂ UFSFEYE] (performance metrics ) » ¢ ]'P? Vel ) A
FN?I ]F‘ﬁfﬁﬁ? ° HJJ 35 P IE—?EUFUﬁ ] ?Flﬁ—'ii F-measure #! NIST-SU error rate [15] -

F-measure L. recall #[! precision iﬁﬁxj[[ﬁ@ﬂﬁﬁv harmonic mean - 4~ #Ii HJ
DREA B fﬁiﬁ%f# (a2 > HF) kA FIJF%H“ > FUREY m bRl e PRpY p A8 (ﬁy
F:%l/ AHE m = 2 om < k) iy R R (R A lﬂk et fIJE’J—HI ) |
n (i U=t R i (f c<nm < k)« JIf recall =~ A
I*‘[\Ai F)? EJIE[J [JF_ﬁ'F{ III[ ’ ;%_'{Q_L#FEJ—“%[J[—H'ﬁAJ precision — % s I’Q%‘FIJTK‘ EJ E?[
IE_?EU jﬁF)—’r‘J—J—LIEIJ [JEﬁ'F{ I:I[ y —Erl—Lil:IJF{I [J[—‘—"ﬁ‘J lr_l'l'xx [:E{E} f@ﬁ[fjﬁ[ﬁ,lﬁ?} O%E_CH
100% 1/ [ti] > er}j@‘ﬁgj ) ih”ﬁ’rﬁ\léﬁ'?ﬂu@t[l > F-measure {F’—‘IU recall #[! precision
iF:; IP?FVF'B ,’?‘)?ﬂ— ?‘F'ﬁ%? » F{lﬁz‘j ]’F‘[Eﬁf& o F-measure * /i #~ 0%Z[] 100%.)
H] » 337 recall ! precision E.f[’Hl R {RAY- 35 F,J"EJE.I’I’ recall #[! precision {5
ﬁ,'JF[fJE\ﬁj iz » F-measure } ﬁﬁq o

NIST-SU error rate fLp -+ f[ﬁ'ﬁfj’ﬁiﬁfjfﬁ@ BRS S8R (T lﬂf’fﬂ%%:
37 B 9 segmentation [Vl o NIST-SU error rate Ff ikl segmentation ﬁl»@?ﬁ
ik o A E (R 0 (SRS Hﬁ[;ﬁﬁﬁiﬂjp 7 (S5 0% > & I ge ﬂg’ﬂ
100% -

F-measure - recall ~ precision iﬁ} ['[E{#F’[?fﬂ' T fIY B FIGE % classification
RS ﬁj =1 ]ttw;:‘ [F‘[}Vsr cfuBH o [ NIST-SU error rate EJ[JFUJ‘ELLJE?FﬁZTE text
segmentationﬁm[‘a’ = }H oY= ﬁIHI ’3F§“EU %“ 5 ”Eljfmﬂ RS o Sl

ARG - (O - 2 SRR - L P
Fefl oI

dﬁ
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2.3 i#P{+ikiz (Part-of-Speech Tagging)

ﬁ][ﬁﬂf:t[ ( part-of-speech tagging, POS tagging - {7 tagging ) fLf % —:ﬁ;
SR © PR MER (understanding) [ IRRTE L) >
AR (parsing) VIR F » [l my fefmpv (% HISL ol e yiadid 4
=) [WEpYETE (syntactic category ) o {7 3 » The representative put chairs on

the table i RNl I—ﬁ]lfkffﬂr,[  HE]

if PP

_-EHH
_—'31

The/AT representative/NN put/VBD chairs/NNS on/IN the/AT table/NN.

RT3 T VR A E R E R (AR IR £ 1R (nouns )~ EF( verbs )
W[ﬁ’?—ﬁ] (adjectives ) ’Eﬁﬂn—:—ﬁj (adverbs ) S3SEBILELRE o 3 FEIpYFT= "
AT 575 (article) ~ NN F3 FIB- &5 - VBD B, =° B3 ~ NNS £LHIE: €7 »
IN £% /T B&5H (preposition ) e

ol s R RIS R PR Tl =i %‘[@@?IDJE disambiguation

2[5 BEHTHRE - JRopyje=" R -
The/AT representative/J] put/NN chairs/VBZ on/IN the/AT table/NN.

it IF= > representative Fﬁuﬁ“ﬁ:cltf ] (% FL—E] » adjectives ) ~ put BLAZIET £,5 -
chairs FASIS VBZ (PY= SPEZRE IR ) o DY RARIRG L e
FE I HEY S FF{ D (E Nl i i 2 P [F’?E[*%TEUF’L 1RE > fl FI%E‘H
J F[J?f@:t[ﬁﬁjil:l[ » EJJFJH Ef‘,# 76 o

FIEA™ Fuﬁj[iﬁ_ﬂql ' {§1950 & [ F»[ - K1 rule-based Fj= - I’jgf}[;:_kj
ﬁ__‘f disambiguation l{l\jtfj EIH > ‘[/LI?‘/ E”[ J machine ]earnlng [E[Jﬁf-J =C tr, = ﬂl , li_:zﬂ
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96%-97%! | THURRIEE « PRI ERLE U p o R RIRES S =
e IEY I Y P SRR R - B2 e e

ifﬂr:ti [16]- 7+ Huang etal. [16] phaj[ftff‘ﬂi;cl’??%ﬂl UE A fﬁ ﬂiﬁl‘fﬁﬁ*o

o PP =R xuf[j} h T ﬁ‘l&?ﬁ TEJF IF1% - {f! Huang et
al. T R SRR > T RLL SRR T s R eR] > e
AN

Efaj[ftifﬂzclftﬂlfﬂpﬁ SIS (sequence labeling ) =355 » &% Xue [6] fY

-
FI 0 SRR » R T DU 1 AR < i YR i fg

Al (Xue I LL ~ RR ~ LR ~ MM PHAEHR AR ) « BT 14 15
;}g} IF[JEIF[J,}UH Pl EnSra — (B & B HJH[FU[*}FIU/DFIJF]‘ FIJH' .

) R [

2.4 Markov Model Taggers

AI'E]fiY machine learning g EJFA'[ decision trees - Bayesian networks -
support vector machines ~ neural networks = #1% [17], [18] - lﬁﬂLELYI:FIJ”BA )
ﬂﬁjl@té* ~*EZEIfY instance 2 AEPECY o SUTRRLST o 5 i instance UBEIE
A ’F’?E‘%%Ef?ﬂﬂ {7 instance o [T ¢W‘:Hl s RIS SRl B ERHIERY
A Y e R PRI A (R R SRR U B RO U PR
S RESE - VTR o T R R A N

(sequence data) [ - FIIEL 1) -] (sequence labeling ) PORLRT e et -
FJ ’ [J?FTT—'J I3 /5 TR $€8) (data mining) ~ £2VEE# (pattern
recognition ) (ﬁﬁ“ﬁgﬁﬁ,?ﬁ%& qﬁh‘ﬁfa ’F“ ’?Iﬁ/ PUeR] o 37 & s
maximum entropy models [19] + conditional random fields [8] ' By H:-%j[[4&2
F%'ﬁifﬁ;'/ gt E }Ifj’# fj&%p% large margin 55 X3y - J[! support vector machine
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#I AdaBoost {™H |7 H-3 R RIpy T (B & @?ﬁ\gﬁﬁfjﬁﬁl [20], [21] ° {EfL -
= P AR N R PRI IIRRLEE B #ﬁﬂ'ﬁ”hldden

Markov models [22] -

-

Hidden Markov models fl. generative models ° qu, EBE B Vi o BT
observation sequence [NEES L X FIE A TERY label sequence S &G0 Y
SUEpjoint BT p(X,Y) o HORLE J\}ﬂJE'JLFLﬂf\“jtﬁc » Hg 2fI = FE A BAY sequence

i

L ffll Cevaluation ) : AE<EAERIA » 7 175 ~ 4§ LfY observation sequence X

ASH RS S P(X|A) -

2. 4 (decoding) %’f TALEIA ALK [0V observation sequence X
50 X?"J’fééﬁ['.ﬂﬁ&}}iﬁﬁqﬂ@ label sequence Y = argmaxy P(X,Y|A) - %
= lgﬁ ff™] Viterbi ?Fﬁ]ﬁﬁi 2= [22], [23] -
3. %’?E?‘ (learning ) : 74 41 A EU‘[‘???BJT ) ;f' %5 observation sequence
X > {E£) training set o (Ef[ 155 rfﬁ‘if | training set fUfLE] 4 =

argmax; P(X|A) -

P R F ffﬂqw} IR 5 > {32 ™ | hidden Markov
models 5! labeling f 7 [ FFL’ PIRRSFEIH = (e 2pud ,ﬂﬂnﬁﬁﬂl ;-F Flis
e I O TU?FEFHTELF'J"*E}TA o HEJA LV > FIF E'Jﬁkﬂﬁ-_ 12 =0 £l
Byl Ao SR J'ﬂ‘rplﬁaioﬂlﬁ"lp 1 £ f§-training data [l A 1
i T IR 3 4, > ff-unsupervised U] HITELE};?%‘%Z TR
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~ T

#i % Visible Markov Model Tagger [24] -

P
-

2.5 Conditional Random Fields

251 4

Hidden Markov models {14V sequence models » JRjfij > T35 > 35
B SEHE %{Tﬁiﬁf«‘?[@ fl E'Jﬁlfﬂ—:it\z/[]ﬁir%lﬁfgj » H[lkL conditional random fields
(CRFs) - Lafferty etal. [8] ¢!} conditional random fields » = foI#}%5} hidden
Markov models #/| maximum entropy Markov models [25] ElfJﬁéﬁHh dE s
Mgk (€75 Y hidden Markov models » I'] conditional models £%EL#EY
conditional random fields < J generative models FIJ[HﬁrU » Bl FI MY maximum
entropy models ﬁ? maximum entropy Markev models > [ I[/1#57 model f[1> i
Fﬁ%ﬁ‘lﬁ/ VA4 features ° iz fﬁj?f?i«i_ conditional probabilistic based Fi~/3-%j[[f6L
F'JE Y maximum entropy Markov models > conditional random fields [l 3fE + &t £,
Eﬁﬁiﬂ J label bias problem [8], [26], [27] - [}# + @Frm R %ﬁ conditional random
fields FEfH - B RS 12’313? hidden Markov models #{| maximum entropy Markov
models » 350 £ = iﬁF’fJﬁ"ﬁ[JT?%‘ﬁﬁ'J o FIR=152Em ] riﬂ‘]lﬂ‘ﬁ

( part-of-speech tagging ) [8] » JFF |Jﬁfg,1uﬁffﬂ g (shallow parsing) [28] ~ [[1¥

S (7] F ORI R R [29] STHIRE - 2 2 SO R PRS- o

2.5.2 HEA K

T Q‘]‘ﬁﬂid* » conditional random fields j.— 7 undirected graphical
models L pIIALAT) » (1 MBI Y RTR LR IR 7] - Sy
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( chain-structured ) %TL[F[JHE{H ; i/[lq%’ﬂ 5 Efr. o

Y. Y Yin
1 1 1
X1 X Xin

[ji' 5 HLHifg Y conditional random fields [

r%? X £ observation sequence fEES L > Y LLEPERT X iV label sequence

R IR Y RS © Vs BERED Y, 0P A ERL
~ [l label » [FIONGEARGHIEVRATE - gkl 10 Srawlfl - 8 S G oo e G [6]
pfy]=" > fiERL LL~RR~MM~LR jﬁﬁ%%)%onditional random fields 5 p(Y|X)

byt ) X i Tabel sequence Y [ [FRSHT 7)) -

B G = V,B)  TINE ey » Y B9~ 1> IELG
i J’B&f oy X PRy 5 S Y, n F[ Markov property
p(Y,IX Y, w = v) =p(Y, X Y, w~v) > [ (X,Y) L conditional random fields -
2

IS 25 {7 P L H L%}{%fﬁ ( chain-structured ) fiV conditional random
fields » PNIF=> G 7' TR ERGEYY =Y 16 = (V = {1,2,3,.mLE = {(,i + 1)}) >
HH1<i<me

F:‘s}ﬁ" fi*J observation sequence X = X1, Xy, ... X, > £l 5% label (state)

sequence Y = y1, ¥y, ... ¥ * MIi"/ |23 conditional random fields it fTifi <t X

2 H = W~y R Wﬂ[yﬂ@l—ﬁfjﬁlﬁg%ﬁ
20



SRRGEIE Rk

P (Y1X) =

e (Zzakfkm_l.yt, X t)) &
k

t=1

1 Zy(X)RLT4! [HE (normalization factor ) » {7 | P (Y|X)%]
FEELY [OBSFRE T L0 ) A= (A, A, 3 = (A} RIS IR
( parameters ) r:[f\lj &Fde (feature functions ) °
FEEHEE fieOe-1, ye X, O RIHERLS 5 il (binary-valued ) filiz™ i 25 Ay
WITF I I B L e fie fY weight = [P SRR JF‘A > S R et
fH{R (ye-1 = ye) ~ Bl observation sequence X ~ I') 3 | 1 "I it fi ¢ -
il'| 7 "] conditional random fields i » LSRR BT » G 620 AR
FAFRRE - 1 REE P EEREEERROF (RS - [
A=RERL LL (FEpYEI) - Bl ga\*j’jgﬂfﬁ B ROIRL -

1, ify;.1 =RRandy, = LL

fee-1,y0 X, ) = {0, otherwise

[ RR A LL RSP Cbo- (iR RR 2 e LR > (E LR
S DE) » T3 TR S S AR R B o A
i -

i T2 R T AL T2 SRLRR > RIS S
et

fkWe-1, Ve, X, t) = {1 /ifyey = LLand y, = RRand x,_; =}t and x; = ﬁl
0, otherwise
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JFf feature function &5 R £5 PRIV > A -
m
(V. X) = ) e yo X, )
t=1

J}'Z{—J (1) cISI‘F’j,t

&mm—mmw%Z@awm) ©)

ﬁ%ﬁﬁﬁﬂﬂﬁiﬁﬁhﬁﬁﬁﬁiﬂﬁﬁév%ﬁﬂﬁﬁP@FW%ﬁ’
f§-training data f[17%V « 1|5 |ﬁ’1ﬂj EHEHZY fie TP weight A, [f1 > Z00F

[S3Fr TR FEET [ i1 M | parameters estimation {11 -

ﬁj R f I =8 4o *ﬂﬁ?\{ﬁ EfY input sequence X > EE T ' HEfY
label sequence JiEfL

y = argmax P (y|X)
y

et N P AV RN Viterbi [22], [23] » [ 1) ISVE sk BT
{1 label sequence y [8] - #! hidden Markov models FUEARHERAAHI] -
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2.5.3 S

¥ conditional random fields ||

|l

| * training BT}‘:;EL_?’:'QL)L]"E*%E}?F:'I ]’F‘[ ( parameter
estimation ) °

f@%ﬁ?@i{ﬂ n 27 training data-data i I'| (x,y') &> H f[ix'LL observation
sequence * y'fL label sequence - [[] training fIUf %> IFS Z~ 324> {1 training

data [ log-likelihood & {* > J[] maximum log-likelihood estimation :

L(A) = Zn:logP,l(yﬂxi) = zn:

i=

1 o
log - +Zlka(yl,xl)
Z(xY) -

[ L kL concave function 2 #85RI% g .= 11 '] #5 %] global maximum > [fi

G FORE L BTG 0 o 48

n
0=vi=) [Z Aka(yi,xi)] DN ACZILACED!
i=1 k y k
B A S PR R 4 B (RYT - 7 Lafferty
etal. [8] ’ELYQF",EI(’JFWT?TIJ Fl1 ?ﬁ "] maximum entropy models {5255 - [19], [30] -
| improved iterative scaling algorithms (IIS) {=conditional random fields fi*

training-H&JR improved iterative scaling algorithms Hf BRI HT > [l G~ S »

e

(% 1 24 - Shaetal. [28] 7 shallow parsing EIVPIEZIET%E HIEE AR R

f “‘i?ﬁ’ﬂ 1* (optimization algorithms ) » & fﬁ preconditioned conjugate-gradient
(CG)~limited-memory quasi-Newton (L-BFGS) - generalized iterative scaling (GIS) ~
non-preconditioned CG » ™ FlHﬂ L-BFGS J[¥a@f % 1 > [ = E?J?FEJF,J"EJ GIS fiy
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2.27%; fLE! Tﬁ{lﬁl lﬁﬂﬁﬁﬂi AR [%pﬂlzl“%f[ﬂ ] L-BFGS =52 3 [7],

[29], [31] -

2.54  Averaged Perceptron Training

+ Sha et al. [28] EIfJWEFII ’}Ifj’ Collins [32] FY averaged perceptron ji) £
conditional random fields fi/7@" » “J}[‘—fj’ averaged perceptron %J.[ f?ifg’(‘ﬁzl“ fﬁ,ﬁfﬁj
P o I IR R

F,U,’[F[E Y perceptron Jfif1i# [11 Rosenblatt [33] & H#il} » fL— 78 piHTAVA RS
AfiEs  Freund etal. [34] {#<perceptron [UfgtH# » 1! voted perceptron 71
averaged perceptron » ™55 lﬂﬁxﬁtiﬁqﬁﬁ [uFsH< o LI AT support vector
machines £ Y57 KPS A RS e || %  Collins FJ}I%‘J’ Freund etal. prusyfl{#
> | voted perceptron #| averaged perceptron 55 F! ﬁ'»ﬁ[]@%ﬁl@ﬁﬂ@ [32],
[35] -

Collins [32]"'|#* parsing 7! tagging [I" perceptron ?Fﬁﬂ ENRR B LENES
conditional random fields 3% = — £+ 7 fﬁJﬂ/ Bt 77 [H#RPY conditional random
fields *'| maximum likelihood estimation :f*=£§¢is ff [~ - |fi| Collins #>T']
perceptron [IV#F (22 E}p3E1T - Perceptron ¥ training =&kl - &l ﬁlﬁ Cile
# training data _FAUER % F (vl xt) %&’ﬂfﬁ B R AR N o e
Fk(}”/k,xl) o FR[IHF 0 T Sjt[ﬂiﬁﬁéj » BJFT 5 — T training datai > Bl N

R 2
AFt = 2L + Fo (v xY) — Fi( 9y, xt) forall k

ETH s kLl EVFA° ERELRE » 3 Viterbi JHprik R -

24



Ji = argmax Py (y|x")
y

Perceptron 7 {ijH [”JifE!\TFEI I’ﬁﬂ?  PERL g {F! Collins [32]7#]! Sha et al.
[28] pdr &A?F[L" » perceptron ,I‘J?[E’ﬁf“lﬁiﬁlfJﬁ@ 33T global maximum > iﬁ;[ﬁf‘F,JE,l
}{—J%&ﬁ training data j‘fr' il Elﬂﬁ[ﬂ[ Iff:F SHE| GRS o (ERL > S S
ﬁ‘lﬁiﬁﬂi&iﬁﬂ/ %0 YRR fﬁ' H’E PR > fL = REE st - A28 Collins fY
B OIORET 4 (RSO S I LIV PR
IsRC lr_;[[*iﬂi » Collins [{17* .V £} averaged parameters » ||z~ | * Hi[= =
974 pt perceptron £, averaged perceptron- it Sha et al. [28] fi* ’FFZ{Z’H I»averaged
perceptron {E & 7" 5i[y ]'[E'[fl'ﬁ » shallow parsing [i¥ F-measure L'%%@} 93% - ff!
F ISR [f'F’—‘,;V o B ER RS R 94.09% > YAl ik e Il fIE"
AR [l [f S JF‘MFJ’JE =328 E | L-BEGS {8~ {55 conditional random fields

pu%ﬂﬁ (94.38% ) -

Collins [32] [V averaged perceptron if{ » #{I conditional random fields
FIAHIRIFVRS L] BEIRT T RURETE - (HE0 ]’EFE[?T%’ bh o AR fll~
fEZ[[ET conditional random fields 1957 o [N[*> averaged perceptron 7t [ |

I R S E P AR [36] ¢

26 iEEHIET EK

T B AT (RLIRY SR kLT I o R o RO PR [
i ifr VYL TR Ei?ﬁ ”u—ﬁ?i s '“Jﬁ«j‘ﬂm; o fUROIRE -

I PRSP - S IR SR RE SRR
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ot FHREE] 3 KR OB o P R o B (RE) (37 4
FIHITHERIEY 470 2 » o3 PR - BEHIRR R - o pl- 1 (f,
% RGBT ed e ® o AR AR o A R REER, R TR
RIAE] )~ T RGPV, i RGN o~ TRV BT R PR A
[RISHREVP Sk - 7 GRS i LR RS Oy PRI R
]« PR BER Cli gy IR 1) RLBT VIV ET ol IR 3R BIGLER JHRE plpY
BT PRI o s - R [PRS ORY rule-based ERE -

TIEag 7 SPARAIRE R R0 Sk R E s HER T
data [[W&2VE | EiSA Jqﬂjr%r(features) FIH ﬂ*ﬁé—ﬂttrammg ] *“Jﬂj“]lﬁﬂ*ﬁfﬁ
B Yl B #IY sequence [®labeling= 77l | » Y[ N fi= 1§~ data [l f#ZV( extraction )
- %F‘jr%r ;{fj’? (SIS TS ;ﬁ‘g%ﬁﬁfﬁﬁj: o ?iYI:?FIEZ[‘éHI » training data fl— B~ B
%ii@%ﬁjﬁwﬂ o WA S BIIEELHE FE  (EAp ] o i o
G S-S FR 2 F 2 SRR B ) Bt A G S

E‘%ﬁ? o S B R EUD R G AR (R OB e
TP S TR U = ST < AR (1] SR T TR R
F'Jiﬁ@‘ﬁ?ﬁf“ﬁéﬁé%ﬁiéﬂ—%ﬁ@?ﬁ'\iﬁh - TLRIE R E | 2 AT f R R e
HEEFE o A T T e IR e o T TR g
(BRI TR - B riﬁ Gl RO A o SRR TR
SR DR o PR HES AL Ry SR RN AT g T g
Hpppe - @& APRRe - S0 B P -  ARRRe A EE PRV U T Sk
Bae - B2 ((Tadd 5 UER T BT e P ER e (5
- S TP DR IR LRl F o el NE R

0] > S P O B JOTER AR R RV & - T eI

%] training data - | 1ff| » § (WSS 5 RIS RV AR R F?ﬁ%‘*
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A3 o - g R B IS I HVRGTE  HPIE S

SHERHERYR] > TR IF%L?% AR A BESR SRR e
@?E\JE}?A’ (TS TR T I%WE%JBEF&@TE%‘}‘@E@W’:‘[ o ZHCTHITEF IS
W0 EURITEN 55 5] 5 2 IR eeRld « BESRE CSPBit) » (V) ~ (=B
) <<ﬂr.—>>~ W RITEAIAR ORI VR (R PR (A
for = 2 R WPV o L UFERT AR e -

J_l

O

Illll[ -l

3 http://moodle.lips.tw/~yinyun
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AP I ARE =

1. ﬁzmﬁf F F“ﬂ’rpﬂ?ﬁﬂ]a JIEH] (metrics )
2. JuBF ”F' - g+ datasets

3. I'] machine learning % 5 @ﬂ’?[@?ﬁ%ﬁjﬁlﬁj

xR R R DA 6 P EUERURUATHL T DA A
DR TP R R PR RS BORLE] BRI A o
D SRL AP pOEY ~ B - Dataset i A& AL E  PE IE > 7 training )
AR (testing) » i) training RLggfuAs H] (el IV E SRS gﬁ? B
- A B S B (parameters ) » i - UL
3 [ o [T testing [T B AR FRSCU R AR R T - 7 Iﬁ|¥’THJT§FJ
Fpl e F’ test data ATl ET{I L B PR RTRT B T RRVY Hf > PP R

PYRAESGT AT Erfpuss U BIEETIEVISES o (1) test data ﬁlg,%ﬁk Sl
Fy o SRR R RS0 i) 2 SRR il S
[ e HIFEL&%EU (metrics ) » & FIEFUREHS N - fElgns B

[ FBRASE 2HY e S PURESART DR TR o I R R (RS
HERIRSR I BERR ISR IVR I o SRR SR

hij

N

3

rl

[
[5%

A—‘

E‘}ZQ-L o

- H

_E[ﬂi
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training

testing sentence division

modei

testing outcome

I |
~l Ly
~ >
~

perfarmance measurement

ﬁ‘?ﬂ' o VT R S AR [

RIS um—[“i@iﬁ’?ﬂ fil-'-ﬁ?é‘J,E’lFJ datasets 7 fffpfi o (LI 1
LD i e AR A Jf@fﬁ‘fﬂ‘ “f]*'"g'%;:¥~-,_""‘¢wu CESRT | S A B e £
oo g""Wrﬂjﬁ*‘Jﬂ*&‘%E??ﬁ‘frrﬂ%i”“lﬂ SESRE T metrics )

a .'

._- 5

datasets i (£ 5P A VJE[ )Fﬂ- ﬁ
AL ORRR R R DT (R » 1 i
(ORI - AR PR B R R [ e

3.1  #=§ %P (metrics)

R LLE T IREE F EE! (natural language processing ) FYHIEE » B ZE]
B3y 2 71( machine learning )~ 5=V #5385 ( pattern recognition )~ 7 #5# ( speech
recognition ) ~ X[ # (data mining) ~ ¥FYFV (information retrieval ) 7
B 5« TR | o 5 G PN OB = $5hH P - R
=
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k3 8138 (classification ) fiVE P =TE| - j,q FLASTHE! = LRSS (accuracy

measure ) » “IHFRLL PE*J%W’%&T’ [ ) AR W - T R R
PRI S P TV R - R - - Y

et FEORIEIEF TS n— 1 5 DS P PO g n— 1 G
Hio Fpm ELCERY (0 <m <n— 1) IR AvREE iRl m/n -
E'J*ﬁyﬁé@ﬂﬁl"p‘;‘%% » BERPTHT Y R (VR T B OO o AlTE R T
(270 BSOT T AARRFIRT £ > AR 35392 37l ok pl= BRlpviR
%’TE‘IJEJ 7091 {4 o T I > B T - B A V] T BESR
S g BT UEITE [ case ~ ML TR B 028 ETEE] 80%
FOREIES LR E R RARYE o~ [T 2 TR (S VTR TR
T ET SRS o SR SEFE R T BT R E R e o A
ey (L SR ) KR IR S I - Al T R O R
TP - I L - R AR LD e SR B Ry RO SR

YAV T T S AN RETE R IFINL - class

imbalance problem [17] » 7 /I BHOTIRE = AL T MR LT - IR
TR » LIRS T R TERE - ) R 2R
e () SRR = et by 2 B EE R (e 5
B T L TR PRI - [ AR B - ) 7 class imbalance
PO ™ > P RIS A V9t @ 3 B recall (¥ [% sensitivity -
L) Hispecificity CRIEVE ) Sgi = fl]l - 155 ﬁ*ﬁlfjéfﬂ% » Recall fL7177
FPRU SRR S LT ARV PR ¢ specificity Al recall T ] > HiRLAT

EIFORLE R * B O - ) R R R
PV ff + ] recall IERLGHEAIUM Y o ) TFERAHIORY S  specificity FIRLT

* RGP LR (] S AR - )
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BRI o Y2 E LA BTHYES SR o recall Al specificity fLFFISEAY o ISR S
AN recall A1 specificity FRATFHTY > P =500 F AL possgeEls > 0
[T FURSTEL & BL RN ) FRETRAVEYET -

T [ SEARAY recall-specificity [IURE {7 o ﬁjfl & ROC curve (receiver
operating characteristic curve ) §#iZ)) [17], [24] - ROC curve £l = 3ERUE > FdHisE]
Hikl recall » F88FRL fallout (=1 - specificity ) o SPF5 (T 3R - B TVAUFSECR
3o [T T2V recall 71 specificity RCEIfAR A4 (LT AGREIT] FAYRL > &0,
O)Bilt; » A F AR - SF 20— [l RfaEass > & i P I 2] (100%, 100%) - {f1H 2]~ 5
FlAsL o 35 Al oh 2 1A (AUC » area under the curve ) & » (N5 557 HH
YU recall-specificity # g4 o Z/Dﬁ%‘l' 7 PUEE ] 0 A B Ly ([T HER 0 K E
g R A2 P > A 19 ROC Curve gt 7 » PHREA B o I 4 -

R > AT recall-specificity Fﬁ‘%[ i ;&F,‘,q B o

\..

i
\

recall
(e
ur

.,

}]
,

o Mhsss

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

i-specificity
= T mErEEEEEy

B 7 ROC Curve #fy]
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tn

fo tp fn

il 8 o3 AN A B

A R recall 2 specificity (SELEfolpUREBIER] o AT MRS
7 - 8 . R TR R U P LR Corue
positive, tp )~ E1[i&1% ( true negative, tn )~ (FslE 1% (false positive, fp )~ & 1% (false
negative, fn) « £|I'|BEAGERED ] » TEd0RL S R o BT A Lo~
RLATRE (tp) s IR 47 s ) Il 2 B0 200 ~ o RLE RS ()2
B o (R 2 B G RLEBIERE Cfn )% HOEE R o (IR T
TRV S RLIERIE (fp) o 7 [REh ~Setipsfgl ) REd 7 Ay - el
TLARRR T R RV T Y o ag TSR e R

%‘ﬁ‘l 1 = 7 53R 73 adi N

73 KRS A EAr AR
positive Negative
positive tp fp
negative fn tn

KRl FJF [Sg P97 55 A > EiBriE accuracy ~ recall ~ specificity 35 = (i

RO

”H
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tp + tn

accuracy =
y tp+tn+fp+fn

tp
recall =
tp+ fn
ificit tn
specificity =
fo+tn

+ shallow parsing ~ named-entity extraction ~ f[1?¥ By recall B

/—?{[\H,]’E[ H fﬁlﬂiﬁlﬁfj’ﬁ?{d— (745 precision — &L > ARSI -

= tp
precision,=
tp.+ fp

Precision %7 » PLARER A ERE J’FJEIU ol B I—"'j\é‘/ﬁflfﬂp?—;ﬁ}@ﬁ o JFl] recall

= specificity > recall #{1 precision 7 ¢ FF']EWI%% [ El’?"}iﬁ]’[ﬁ'i%“ EJ[J%’Eﬁﬁf’ i Eﬁﬂ"ﬁ?ﬁ ;

J[1 recall 71 precision ffifl - EJ[J?& FRRISHE T - “J[“E'—ﬁ oA

Eﬂj Fﬁl}{—] 5[l > 2V harmonic mean > F[fiﬁ%?'f— &1 fif
F-measure (ﬁ?PLI F-score ~ F1) :

P EYRT AT

2XrXp
r+p

F-measure =

ELp[1> r &% recall » p £ precision ©

if J7EE (ERIp Fli > #7271 " ] F-measure - recall - precision 1,:;: (it
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}‘F',EL;J , “Jlﬁrlg’ji%rﬁj NIST-SU error rate ° I'EI%TP FHEHE K FIJ%ﬁ’ EHE m
RLHERR =R (L A m W f0 > Sm< k) [y fzS iR R R

B VYL w o 1] NIST-SU error rate 3545 -

NIST — SU error rate =

3=

%?ﬂﬁlfjﬁg}’rw D » NIST-SU error rate [l[[#¥{% » Frl'] NIST-SU & [&&F )+ »
B EL 0% ° FJ' ‘ﬁﬁ'ﬁﬂfj’ﬁ’?ﬁjfﬁi F[J%ﬁ ﬁﬂ?ﬂ'*értﬂ,?ﬁ\ '*;?%F[JE\JJ‘ W =m> Fff NIST-SU error
rate £% 100% o [[1%, 25k J%FF Hiw=>m LFEE\ST NIST-SU error rate fi'fj

&3 100% -

FHOFEZ5 5 A }[ﬁ]"ﬂ)rHJEJF]L | i~ Bl sequence labeling E{UF}HE@ RN
TR |7 labeling F‘& tagging HEVYER] ST ini’plﬁzi‘:pli o A" E[fY tagging
f HJEE ’ ?-?J‘[‘ik%'r_%‘ ; ﬂﬁj@ " labeling dccuracy lﬁ[[ﬁ'?ﬁff? o £14f » labeling accuracy
#’r[lﬁ{ JE- A F[fj accuracy measure £ I @%l’f I'e *j'jrj-'%)%ﬁjﬁfj ]EFJ 5 accuracy measure
FEETAORLA = ] > Dby 2 g ,ﬂg:;ﬁ,yj ﬂg&&p B 5 labeling accuracy ||
ﬂﬁﬁ%‘%ﬁ}ﬁfﬂ” sequence labeling iV =5 F! sequence I J;H?EHI » sequence
RS - W O F T labeling fUB§Sk - [11FT sequence labeling £l A 425
%%F[JFHJ@F[U-“’J * 43k > Bl ]#E | labeling accuracy o f§-labeling fit e s iR 22

BB U H

%”%F’—‘ILF% 4 éﬁﬁiF i o ZYHAH T accuracy - recall ~ specificity ~ precision -
F-measure - NIST-SU error rate ~ labeling accuracy = “?E‘ITEI?F[@ & H’j’F' ;ﬁ
I (IR fﬁ%%ﬁpﬁﬂwﬁu RO - RPN TR
WAl o T PTRCR (ISR 1SR e RS RS A
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ST [JFF[{ QJﬁ:pp Ut ]Ffﬁj %o

3.2 Datasets

321 #PER

[/ Classical Chinese ) (=455 1% + 5173 15 1711 (Old Chinese » Archaic
Chinese )  [| [g[@;zg, (Middle Chinese ) ~ 5/ {*1#5 ( Proto-Mandarin) = ]
Flzﬁinf,’ SO R TP < R IR I L A S i
“ﬁffjg’ » %I Eﬂj»’g:ajg@ iyl lﬁﬁﬂ—i{;t v Rl ’F’ljﬂ‘éér—h F_Ff[ﬂﬂuf[ﬂjwi ,
(G TP R G -

T I GRED - GE9T) - O 38 CRPFE= ) g s ok
(SRS e T —anf[ﬂ TR G ) R AV ORI
J‘J‘éﬁ#ﬁjﬂﬁfﬁﬁwfﬂ (2i=") i 5] << L) 'J*]Lﬁﬂ = o (R R
(R R - CAFFS 1) REAG AT ) GERI) o7 (2
)~ CARIG) FJer (Rk) R o (5 ) HIT SR o i
KR [38]« ELRII) (% ) SERER - BB - () 5308 TR E T
P 5= PEFAFRY g~ P8 T RS Or o TR T PR
BETT o DA ORI R IR o SR T AT R B A F[U‘EE%&‘%'EJE °
i OEBEITE BB > (A A R 2 AR T ()

_”l

PIAAR2 - [ RERSEYR R g B PR T RS R S
fidi > fﬁJEﬁyjﬂﬂ%ﬁ I PSR TR R T » P Bl By Py
datasets ° <<F>ch‘>> FLpI s 5T il bl [RLRI L F R S PN A RS

RERL SN fﬁl%\iﬁﬂi— Bt B [39] > RLEETY A1 fiy - AT o [
;ﬁm’g TR ﬂjﬁ(ﬁ%‘t HE- ﬁ =Ry DA ﬁ?f H L EJEHE
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F[J—,ﬁnﬁ’iﬂi dataset > .{@ Ul%?lfﬂil
P FRTELY 9 25 P IS A AR R R
I - #ﬁa r“ﬁuiifﬁ [40] = SFH=2 31E ~ F00T  FV SRS (A
TR o (1 NEDOS R R - ) R PR R R
FAY L > [ dataset » I URRE[Y R I DIFIRGEY  TAMEEOL A AL

P OB B BRI I« U 1S

Uit R
1 15 P o o TP ER T et Ao (=1

322 FTHRWEHRE
FERE LAY 4 0[BT Ix-ﬁs%}w a9 ?BF:&F R R TR [r[fﬁfu R

R REVRID) 11 SEROERERE - 1 FLE 2= R
“F’ﬁJ?‘ﬁﬁf}ifﬁf RG] L AR R AR o Y B

PR -5 L T HEIRS
B IR Y o 1 BGREY SRR ST LA ;\[ﬁfﬁl—ﬁu
° ([ Pl ATV R U T HTML AR S S > HIF=

SR D PRHEGEE O POV A TR puls TS RGHETETRE

’W

- FrE SR AR
IR I (T e )

L 5 T
T RCY TR ORI E S

FlIpS
F3 0w AZ ¥ 1B B Be . i Bed

SUFRRTR RSE PUFA o 7 (IR Cmt ) WIpVR - F v allists

I (’iﬁfﬁ/ ) BuBTHEY o HIER RO SRR B T 1117 W - E'I#F&Tési

5 http://140.109.138.249/ihp/hanji.htm
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LRI sk P S0 JEAR BT AR U I 25 TR PR
=RV dataset €Y {11 - dataset #IfiVE— 2T entry » SiERL/RLAl FAY- H o
<<EUF%I>> P3EL et >GRO~ (R~ G~ IR 2= 1 FLOFS BT
<?<>Efﬂﬁﬂfﬁ’J‘J%ffﬁﬁfﬂﬁ“’#%[J?ﬂlé%fiﬁlfﬁ’ﬁf‘ﬂp T P YAEAS o B
Zyit o dataset i SR () i F*iu o Rl gt > E Py R puY A o
PRL= b i o
EWT,HI £l qﬂjﬂzp YHE gF,Jm Big-5 4K - i} “{i& I3 {f1 ™ | Unicode ?’F}
s CUTF-8 A2 e bR - ({758 7 /b2 5977 % Unicode f23=. 1 o (it
BT RREYRIT ) [l I B 2 o SRS - i
bplat “'E‘T}s&ﬁ Do JRUT LT SRR P [Jﬁ’ﬂg’?‘f**ﬂiﬁ%@ M NEMINE
wt (noise) R » [ CPFEHIEDPLIA 01 JFE IR
U HI%F‘J“B}‘E’?EUE'HFIFA THIGEE AT PRI AT
EPFOP A S R R N ﬁjﬁiﬁiﬁ‘fg” g JJF}H%@?‘ R
o AREAEIHIVERL R T AR A SR [ N LR 4
BOIF=s 290~ A OB 15 TNARE o e 0 B s PR (PR Ao
VITRIFA 0 (S o BERTTS SO E > T YN ey s i )18E 50 (1
BB R L DRERS TR IS B2 22 8 T URyRR ) =k
(SES A

TSN A S S A e TR O % R 3
IASHE USROS 7 317 12,721 (F - FT GrGE 100 £47- H8E BTEI <
H (IR E IR 5 RGO R S R D
11,072 {FREESERIOB I IR FRORs= - IR HEERYRY R - ks

6 = RIaH T 57*]?-!;[/ (%ﬁﬁ?ﬁﬂ@" Y= TF1) (http://www.chinapage.com ) I'| ¥ 3E&FL ¥
(http://zh.wikisource.org ) Ar*&iud 4 -
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AR R >~ B ESTHIRY o i BRIV 1000 [HESTE  HF

111,739 7> %\%‘[FH"?‘ H JZ‘TF o 53— o [BHE ]*z‘ﬁé fi*J dataset °

F4% 2 Dataset [IURFFR]

f[

Dataset F e R B (W R (P TR | ol | SRR R T R R
(spi) i s 500| 15,982| 1,368| 4,015 31.964 3.981
(F=7) H§ 4 1] 260| 35,392| 1,916 7,351 136.123 4.815
CGH:=) = 0| 1,128| 65,165 2,936| 12,574 57.770 5.183
(BFF=M) |H7F=¥sl| 3381/195983| 3,238| 47,281 57.966 4.145
<<FJ"F2‘~3“ [ ) |9 1,804| 44,352 1,638| 11,151 24.585 3.977
(FFFFR ) | M5 = | 1,801 40,711| 1,585| 10,946 22.605 3.719
CRLE ) [URES 4,778(503,890| 4,788 99,792 105.460 5.049

ARG H 1,000{111,739| 3,147| 15,521 111.739 7.199
HEEHR G |RF =] 1,250] 97,476] 3,489) 20,573 77.981 4.738

PR RV dataset 3 E&i‘ﬁé‘%ﬁ 200 IR A AR SRR o Z/D%dfﬁ 2
Fre o RPRAEA TR 9 Fodataset - i 8K dataset =IAE L[| /i ,%“TJ, i
FHEEHE i_(“{f<<TIJDF[>> (90 UL CRFF > 1) <<F>U ) D e
a AR RV 250 fREEE - L

SRS rﬁ:ﬁiﬂ"g\f | » fiL dataset = ¥ » ﬁ%%%%ﬁﬁ%ﬂ%%ﬂﬁ?ﬂf pud
A oo TR A e e M L "R WERLY A
iﬁ}%’rﬁi;'/ P By T g A A Y (B PR EPR e o Bl =
HEE » T R R T o B IO A o ISP [ g i
= PP R 5 g e g EWJPI’(EU )RR % G 50 £y
R pL <<§ﬂ'} [H) > 3T 20 FJ“ o — 4% > training data & > PR AV HE

B2 Fp Jﬁiﬂ,ﬁ, RS [Jj{SCH
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3.3 wiEHFwoE3

3.3.1 BRI 3E

Xue [6] 1| 45 [~ [-tik + 2RIl 0 SRR - Tt I%D*Tp irq )
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FOFId QT B 9 T P RRATRPUET N T e
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PR PR BRI - H0 °TLL  RR - MM~ LRDY
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PR R )

4 /LL 3 /MM v /RR {*/LR j#/LL # /MM #°/MM - /RR % /LR Jj#

JLL #/MM # /MM = /RR

£ RRFS LR R P4 5] [ fUpoat > iORLpe ) e 1o -
(B B LL S R MM - T MM 0 S8 RR - RLE |8
~ [ MM » (E AR FUREEE LL 69 LR  FUSSEEETT W], i s

Markov fﬁ_’ DI 9 Fras o

o
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y: N
£ 5
F X
T o s
2idii

LR RR | @
y 4 ¥
N 4 h | 4
S S
i
4 B
( Finish )
. e
~———

[ 9l Brifs AR Markov 10 1) 4 /LL 2 /MM /MM & /RR Fff] -

B SR 1 [ SRR B -
FIVE (RO BN B PR RIRTITE » 4 [RLRL SR i » 5| > RIS
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SRRSO AT W61 OO 81 RSO - 7 e
;;ﬁi%{ﬁ*gi}gﬁjggfj sequence labeling f51 E s fyf o

332 #rsinAREH

(S EORE LA (] Sl HHH] ﬁ‘?xﬂﬁf“ﬂ ﬁﬁkrﬁ » FY3SHR | Markov model
taggers #[! conditional random fields lﬂnﬁl sequence labeling [V ¥k » [EERZY Y
Bt o

SERE Y > HikLRM] supervised machine learning [Uffd. » f= B34
;Fgg el fl1 o RURRERAT SR RS B R 1) AR ;}E’J S5 HIATERR] o Y
= G potsl ] TUECE T AT KRR R iR (training stage ) A1
[ EE (online stage )

R RS > Rl R REELOET SRR YR ) R BV (feature

extraction ) éfg(rér (ﬁ,} IERAEE
Eﬁv i AL ’FLiIHEJ dataset - JEV@ 1T % MrHJﬁF'JFﬂD:Fk phE R Jfrﬂf o
%ﬁﬁﬁﬁﬁ FUF dataset HIFUTFIE! > fiRL=E R B 00 4 BT o i A PR
"] sequence labeling fY7 3 e B8 fy - BT R g VAR BTV (A A R
HF S f FT9E) > EHELEL]— ] A label Uyt o fRIF=1 9t - dataset Flipy
= VYR HURLT ) UTF-8 Aol 1y A7y« £ v InEsssts » Al o oY)

5 FUR D - Y R T P R e R R - R
FEURLEN = I Sl > g4 PIRdsy — el -

F BRIV A2 B (gl R RLATE U7 (training) > kLA P
ek T {8 1R RREY T JIFTIFR P Y sequence labeling 1815 F | %g Markov
model taggers {! conditional random fields & 3ty fi #/BRE | AV f] - K
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A R

PO U SIETES - FRSURERAYT (LSRG [T HEST SRR A i
(decodlng)lﬁﬁx il e ARV (BRSSP e dataset -
O IS ] D S BT Tl S E AT
ijﬂ SRRV R I SRR~ AT R R A I S BT TR
IR R o X/ 2R I L A € AR a2 4 U | = 2 VT R v BB 4
fUTBLE|FY observation sequence -
Fﬁﬁ' Eﬂﬁ% s FiERLF(]H | 'z&rfpﬁﬂ » %} observation sequence f5 11 IT i SIS}
Itz 1abel sequence - < iERLEA{H M | ,@ETFIJ ﬁmlg!— (DREEE N el
fREs (A= A iSRS Rt A )
fH %[ 1abel sequence [V i< L= 1 7 farclio (9 B (0 2 6 3 F 21 output -
RLEESH BRI} - 930 I A abel sequence Uy - K * 10
O B R Sl HNAT RS B E e LR 5 RR [0
BERL FU D PO e T R LRI S 45 R
A g s -

—E[

3.3.3  Markov Model Tagger

Hidden Markov models | ft i % EI@?EU » RUCEIIEHT > B =TS FURREY
E S [ﬁJE\ﬂj = f}"ﬁn\éﬁﬁfl@?&?ﬁ o Fl] » T ¢Wﬁ?ﬂ » Z44%1 Markov model
taggers EI’,’["Ebaseline T = %F[Jﬁiﬁ}uﬁ SELEEY F,JE?T“J%[I%{KJ} NiEs"
f&"conditional random fields F{i H &

[HEL dataset HI=AEE 3 Elffdl@ 'fiY training data » Markov model tagger T
SSFIERE FOEF R 0 [ I¥-training data ([ GEFE o BRR T E] model Frfifpipy
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| OH BT A = (A, B, 1) -
Ejéiﬁ%ﬁfjﬁﬂ {7y » ™ {5 RY Viterbi il?qﬂ 1* o Viterbi L. dynamic programming
TR - iNE J%‘EFEIUE\JJ‘ IR = I:TFL\I observation sequence ¥ label

sequence ° {! If—'ﬁﬁ HZ[iY sequence » LLI'|'% g’rﬁiﬁ%%”’?‘/ﬁuﬁﬁ iR AT s i
R KR SV (U £ e

3.3.4 Conditional Random Fields

fift i conditional random fields ?}@jﬁ | ﬁl’g[ BRI > (HRIE 3y
B 2 DR 1 AR AR - Tk AR
R BRI G g (A -

?‘dﬁﬁ 4 %@?f conditional random fields fg[[E'JFlfﬁf{] B

{Ed st

Yiow i - [F1abel =T 1o label
Xi» Vi EI F'JF' e

Xi—2,¥i R

Xi-1,Yi e [

Xi+1, Yi RN e

Xi+2, Vi RIGES

Yicz X1 i S IRy
Al b A
X Xis1, Vi ISR~
Firt X142, Vi F IRy

Conditional random fields ${# _J'glgﬁf’ FEEOR RS o R FQ' {‘%%T
PRIVRH G RS B B U B R PR

training data f[ I l;m SRl s Ay [ e R il #i 7V rule-based ! statistical
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VR AP @"’W\f%ﬁﬁﬁﬁ " R

il )5 2 '] empiricist {913 » 14 f-training data [l SV o (TSR B SRS /1

IR SCARVE T, EI’?J\J?S%?{‘ 10 FEFR B2 (feature templates ) » 7 training
data Hl}"}%ﬁﬁlﬁ]ﬁlfj patterns > F | f¢] FVEZROV g 2 ik ERREE Y 0 (BT %F,Jﬁ;
BIRVT Epr R o SYRfi e (Y 10 FE EAsUS > R ?UFE‘, 4 o

[Hi7% [ conditional random fields > I'] maximum log-likelihood estimation

i W FIF 9 kL quasi-Newton (BFGS)E: o fFIRL » & Akl 1>
d%"] Collins [32] #1fiY averaged perceptron ["E%E!’(? fﬁ, o FEIREA [ IR gl
I » averaged perceptron jfiAd i ?’i}k%ﬁgj  FURISE (2% [’[a{[plﬁ CHEREFS E T
%E J KEJ(“ SO e E- Jiﬂi&ﬁé > averaged perceptron T {=J[1%! {9 maximum
log-likelihood estimation 1% » [l > @ %] global maximum - | J[= averaged
perceptron [IV¥5H =5 ;]Eﬁ AEATE e J*[F‘ﬁﬂi limited-memory
quasi-Newton (L-BFGS) [28]; [41] « AEBTZ AR5 - averaged perceptron [V
ﬁi&ﬁ_p '] <[y - Averaged perceptron fu/FCEIAIfEyE » =l 9 F 7 GJF ,

APV SRR > I 10 -

Ef%ﬁgﬁ[ i{5} > conditional random fields /| Markov model tagger %~ 5% = —
> ALH ] Viterbi YR - £5 (118 1V label sequence § = argmax Py(ylx) » £
y

IF=label sequence #IEy S iV £ 2[f" [8], [22], [23] -
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Inputs:

The training data (x%,y*)fori=1,2,..n.

A parameter T being the number of iterations.

The feature functions f = {f}, f2, -.- fin}
Initialization:

Set initial parameters a = {ay,a,,...a;} to 0
Procedure:

for t=1..T do

for i=1..n do
z= argml?xPa(v|xi)
if z+ y' then
for k=1..m do
ap = ap + F(v', x%) — F(z,xY)

ti __
Yi = Qg

fork=1..mdo

ti
Yk

A = D= =
k Zt—l WTi=1.n nT

Return:

The parameters 4

[f' 10 Averaged Perceptron %?»ﬁﬁiﬁ?iﬁ
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41 F =K

AR S (R0 PR fM » HRRL L
DFIEJ datasets > (&£} training data [iv5Y ¥ fﬁm}%@]‘ training data £_7 SEEE
B P -

T ¢Wﬁfli » FRE Y j’i’ﬁﬂ?ﬁ%r—%lﬁfﬁ » hidden Markov models ==
conditional random fields » 7 k& f[1 > 255 :ﬂﬁ*ﬁfﬁﬁ?%{‘ggf’ NV

B £ ,ﬁ“ﬁfm ]l dataset [=7"ARA &R F4i hidden Markov models % conditional
random fields [ Jiﬂfﬂuw%ﬁ' }%@]‘;ﬂﬁx {{[d model EH |7 ‘Ff iﬂ;ﬁﬂ@’rﬂlﬁ REFIp J’:[f(j M o

#F o I iR FII’;@<<FFUE.H>> (&)~ G~ ) (Z )~ <<EU Y
Z71 78 dataset > (£} training data fUESRE e BeEgfY R L - 5% |- 7 dataset
[ training data - 7ji7" hidden Markoy model I’ | ¥ conditional random fields [4fs
R 711 1SR models S 5 P RAERISet [y « 7%+ LIRS -
it dataset {4} training data fi JTTHu ] TR

ot i T R = WD IS ARl R I F?,y ! flEJdatasets [=£% training data-
RORL]  RL S P AT [ IS g e 1)
Nt f*aﬁ,]"‘ﬁ training data ° f'F g’ff#ﬁiﬂ&ﬁ* = WDHEJ datasets - f§-F
?,jﬁgf?f_‘[j‘ﬁrl' ‘L\DF, FERT 2000 F DF,TI/ E| PHEIFJ[E Y[ o YN training data ! test
data et T [ 2 VB4 - A= e Ao RT g - 1 R Rl
FOHI AR > 07— wnfﬂFﬁl g7 RN ESR G R Egjr Fefs
dataset [FF"5jj - EJfJ?JEﬁ REY PR Elfj:“ﬁ;@ﬁﬁﬁ Rpvd % o F"jﬁf’ﬁiﬁiﬁg'ﬁiﬁﬁ
A BN VERR] e
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¢7F"JIZ'E”?P’T"E e ﬁi& Linux/Debian fﬁifﬁﬁ HIER - #5k CPU £} Pentium
3.4GHz » = :GII%‘[FB 1G = e Y datasetf[ﬂ ] Unicode (UTF-8 ’Hﬁ?) F‘*“ I
MySQL 5.0.22 ¥¥[ fhi 3k 7T - BRI 2V ~ Unicode FfIVECE ~ HERH{
ECHET R > 2 ) PHP &3 4[5 SRy - PHP G SEE BB fse o
fe R L) 3 ETE B 1Y conditional random fields » #51| C++5 il S
|| hidden Markov models £/ » G EEE 7> [0 PHP ?l' e A

%g@f[guan;:ﬁaﬂlff%r—%,’g;g, V=T 10 SV R -

[

-

421 Rk

o A R }{‘éj’ (A3-1H[ 5% hidden Markov models == conditional random fields
E'W\Fl@ﬁﬁ%ﬁjﬁﬁyﬂu o i MR FRESE F’Z[FIJ dataset > clJf, <<]s]muﬂ>> (=" )~
T CRFEE ) (AP EIRATEE) - (R R
”f'i‘ﬂf (= e JHIEN RS (| 10-fold cross-validation » - A HJFE- Zf1 dataset
E\JJ‘ . i}{ﬁ’ﬁ/ dataset [fop1557 £ 10 {7} data » — “V2V— {57 {*=4] test data » [ E &5
Je{5) (=% training data » I'J P2 A NHIEE - = ;l?ﬁ!iﬁl’ ﬁLﬁE » fli#¥ 10 [} data ?]3
TR -

Conditional random fields #{! average perceptron 3?&;{ ERES ML TR A NER
e ﬁ'ﬁ’\ﬁ‘— - fql_’#f‘ﬁ & 1F 45 ( feature count cut-offs ) » £ ~ £L perceptron i?ﬁ’
B R S £ 5

[ SR PR O (- dataset 5l Pkl BREREER f=AH T %
BrEIEEA o %‘ ﬁjéﬁ?@ﬁﬁ" » conditional random fields fi J}FSE'H SR R

F‘ [ 2 ] B A s arrggjc L] o ERIF= YL 'ian;WJ/F'J VR 27 G T B
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[ B B DA ORI o R Bk S 1)) > YT Zipfslaw o)
TR B TE',? (AT o RN ‘”ﬁﬁf%r’ RIS BT
T PR T R B LD B R R

PP o8 RO R B R L R T 1 R B BT » 35 conditional
random fields v¥sHRY# A - ?ﬂ%ﬁljﬁﬂﬁ N Ff{h’ﬁﬁ?”?ﬁﬁﬁff [32] - gﬁﬁ'ﬂ’%ﬁﬂj =
FreeEY ﬂﬁjﬂ]%?{u_— ([ F'[1&A ( feature count cut-offs ) ”*—F(ﬁ &7 dataset
R A e ARt e o o R U PR e e i e B
(A A B oy EJIJ@EIF‘;E%? °

ok @R FIS dataset U R S RIS > /RN (ELIF%l) £ 50 g{FﬁJ )
B G D UE - 2 SRR B i ) A e
Al s BR o QPN R THT - TERR BT SP Ry dataset » FIDRIIRTS
CH B SRS dataset ol e VYRR S0 2 o B SR R T
PRAL H“[H—E J’ﬁ LTI HE o3 [ﬂ‘l{‘i{f‘j f‘%ﬂ;{‘ﬁ?@r, “ﬁ,ﬁﬂﬁﬂ E| f/'J)’#j f‘gﬂir‘yfﬁﬂ}gi/pﬁ )
527 1711 100,000 fife! R AR R N 100,000 ffHH B4F |0 = ot
1> 27 99,900 €127 100,020 i B HEHA L 5 5 FIlF:5 100,020

TR B2 0 BT o [0 BRI BATEAREL > - 100,000 -

Averaged perceptron [ [! ﬁ, B E“xj‘aﬂﬁ%ﬂ' 10 flIp93Ey T » iﬁf[ﬁa@%\’f’ FTEJ
AR SRR RS D i o ABLBIFVISEE - < [ YF AV ] - A548K Collins [32]771
Sha etal. [28]fVHf& » T#A » 2 - Jgf’j IR RVISEE ’Dﬁumﬁ:%@
over-training » &5~ #5551 o {5 AU > Shaetal. 7 BERF1G > [ R l[—{[HIF i
R R T E S puESRE S ) Collins Y dfEE[I[#- T averaged perceptron
PO o b ARl 10 [l &5 R TR A R [?E o P9 AR S
AVAERR - SRR AV o T 3 510 T Ffrg”?%“'*ﬂ‘ﬂ@@ !
T~ FE TS 6 ﬁljé"fﬁ'ﬁ ARE S T T? R TR IR oy TR
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$ R R R

4.2.2

Hidden Markov models fiv g #5}ic DD%JFF‘ 5-7 J%F‘ 6 3 IJHE?,
pUARIES o Conditional random fields %

&?@Fﬁ 8- [ﬁ[ 11 fgﬁm [’[E{%?%FJ?FQFJEJ recall-specificity ROC Curve F¥4i& o

T=5-

BT R

drp s %‘dFF‘ 7>

?‘*Tﬁ 5 Hidden Markov Models %%F,Jﬁ';ﬁ:

;l}f“fﬂ‘:ﬁ

S

IR

Dataset Accuracy | Precision Recall | Specificity | F-Measure NIST-SU | Labeling

Error Rate [ Accuracy

(i ) 87.21%| 7825%| 71.99%| 93.01%| 73.84%| 49.84%| 76.92%
(F=7) 88.63%| 76.57%| 67.08%| 94.49%| 70.86%| 54.35%| 78.79%
GH=") 88.69%| 73.47%| | 69.64%| 93.72%| 70.48%| 57.25%| 78.76%
SEL 91.63%| 84.42%| 84.52%| 94.57%| 83.55%| 33.70%| 84.66%
(BFF2F ) | 9407%| 89.16%]| 1,89.72%|-95.78%| 88.52%| 24.22%| 88.89%
(HFFARE) | 93.23%| 88.15%| . 87.91%| 9537%| 86.92%| 27.10%| 87.20%
<<F>U =) 84.93%| 64.64%| '59.48%|° 91.68%| 60.87%| 75.60%| 72.28%
CIRES 92.70%| 77.94%| 7227%| 96.70%| 73.19%| 50.68%| 86.65%
P EER G 87.03%| 73.41%| 67.55%| 93.00%| 69.30%| 59.05%| 76.22%
Ty 89.79%| 78.45%| 74.46%| 94.26%| 75.28%| 47.98%| 81.15%

%ﬁ‘ 6 Hidden Markov Models {55 1%
Accuracy | Precision Recall | Specificity | F-Measure NIST-SU | Labeling
Dataset Error Rate [ Accuracy
S.D. S.D. S.D. S.D. S.D. SD. D

(i ) 8.99%| 18.11%| 19.88% 6.23%| 17.19%| 32.55%| 15.05%
(") 5.29%| 14.73%| 15.60% 3.63%| 13.88%| 25.87%| 9.63%
GH=") 7.51%| 19.86%| 21.71% 5.36%| 19.29%| 37.74%| 13.87%
SREL 8.39%| 17.12%| 17.95% 6.66%| 16.07%| 34.64%| 14.99%
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(FirF 2 ) 7.45%| 16.28%| 15.82% 7.13%| 14.75%| 33.05%| 13.84%
(PR ) 7.69%| 16.58%| 17.27%|  7.23%| 15.39%| 33.82%| 14.34%
<<F>U D 6.88%| 1851%| 18.95% 4.66%| 17.05%| 3541%| 12.15%
B2 6.71%| 21.32%| 25.62%|  3.91%| 22.04%| 41.92%| 11.34%
HH R 8.22%| 20.14%| 20.96% 5.72%| 18.98%| 37.63%| 14.41%
Ty 7.46%| 18.07%| 19.31%| 5.61%| 17.18%| 34.74%| 13.29%

?Ufﬁ 7 Conditional Random Fields %%Fﬂ}k'ﬂﬁi
NIST -SU | Labeling

Dataset Accuracy | Precision Recall | Specificity | F-Measure
Error Rate [ Accuracy
(Fspi) 89.02%| 80.16%| 78.29%| 93.23%| 78.52%| 42.63%| 80.71%
(") 89.01%| 72.71%| 78.32%| 91.95%| 75.08%| 52.90%| 80.48%
=) 90.62%| 76.73%| 77.30%| 94.13%| 76.37%| 48.20%| 82.88%
SEL 93.83%| 86.87%| 91.02%|., 95.16%| 88.25%| 25.60%| 88.83%
(BFF M) | 96.78%| 93.92%|  94.29%]| . 97:83%| 93.60%| 13.53%| 93.96%
(HFFARE) | 95.82%| 92.73%| | 92:65%| . 197.23%| 92.12%| 16.19%| 92.25%
<<F>U D 88.58%| 70.85%| 75.82%| 92.02%| 72.69%| A8.02%| 79.41%
B2 94.57%| 88.92%| . 73.63%|  98:68%| 78.54%| 35.24%| 90.20%
R A 87.49%| 70.82%]|. 78.00%| 90.56%| 73.44%| 58.93%| 77.78%
T 91.75%| 81.52%| 82.15%| 94.53%| 80.96%| 39.03%| 85.17%

iffﬁ‘ 8 Conditional Random Fields M‘I“F[J}L&H by I h—

NIST -SU | Labeling

Accuracy | Precision Recall | Specificity | F-Measure
Dataset Error Rate | Accuracy

S.D. S.D. S.D. S.D. S.D. SD. D

(Fspi) 9.15%| 17.89%| 18.36% 6.41%| 16.86%| 33.85%| 15.22%
(F77) 6.19%| 15.40%| 13.60%| 4.76%| 13.84%| 30.71%| 10.82%
=) 6.99%| 18.58%| 18.30% 4.98%| 17.24%| 36.17%| 12.49%
SEL 7.21%| 16.01%| 13.01% 6.38%| 13.48%| 31.23%| 12.78%
(FirF 2 ) 547%| 12.41%| 11.56% 4.79%| 11.06%| 25.01%| 10.23%
(FFFARE) 6.40%| 13.02%| 12.99% 5.43%| 11.99%| 2547%| 11.69%
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CBLUIFE) 6.67%| 16.57%| 15.68% 4.84%| 15.05%| 36.61%| 11.60%
HE 6.12%| 15.29%| 26.49%|  2.23%| 21.50%| 34.13%| 10.14%
A EENE A 8.74%| 20.67%| 17.83% 7.01%| 18.16%| 43.20%| 15.03%
T i 6.99%| 16.20%| 16.42%|  5.20%| 15.46%| 32.93%| 12.22%

5% —ROClE]

0.9
0.8
0.7
0.6

0.5

recall

0.4
—fi— CRFs

0.3

0.2

0.1

0] 1 02 03 04 05 06 07 08 09 1

1-specificity

== HMMSs

[[#! 11 Hidden Markov Models == Conditional Random Fields ¥ ROC Curve F*4i

#l2e R L 5 %p%?ﬁﬁ 7 fUEEREFR > conditional random fields [V US|/
HE 87" hidden Markov models-[i# 1" specificity T F 432 {%70.5 (W F 177 BV 9 >
conditional random fields ¢ |F9U4 A H - hidden Markov models #+ » i %
recall » Hit" 6.65 [ F 157 B > 2 HECAE HPFEE

o A%JR conditional random fields
{9 specificity 9 SR » (F153 7 o 18 boh M A S W dataset » 1=
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9t 212 ¢ 2 hidden Markov models % o f 5o [Ef (FFF ) - (B
PR ~ 4% R - (i dataset » RIZ[EE Y 97%-99%

?J{I%Tﬁ 6 ﬁ[?&ﬁ‘[ 8 [ f@ﬁfﬂ%ﬁﬂﬁfjfﬁfﬁ%ﬁ:  JEVE %’B’Fﬁ‘?ﬁ%ﬁ SR
= Tuipﬂ[ﬁ /FJ#F’@'( » conditional random fields fUgR &> ﬁBJ‘ Jf%(]]]ﬁ%@i%[’iﬂ‘
hidden Markov models ° iﬁ[[ﬁ{ At % » conditional random fields [V A5 »
Fhidden Markov modelsiéﬁlfﬁ%ﬁg’f&'lﬁﬁj“ H AP input YR AR - 3

T ERVRECT - 3 [T I O 1 )
R R B pRRER R, BRI -

q&ﬂ 11 f[1fv ROC curve » ' e (= = (4 Ry 8L B4 » Conditional

random fields [*J recall ?F[F—'Jwﬁ it hidden Markov models » 77" 7+

recall-specificity ROC curve & > [ PEEHPY (£S5 -
Bl g PRpvEr AN o Gl Sldale) PUBEpH =T

A B A AR R2h i L A R
g K - wA BT kA @B EEL

J

—%Z-%}QA

hﬁ

MR R 83

f’xlﬁ} hidden Markov models % ﬂh—ﬂj V5 s s R,

PR AR LARRL A PR B F T A S5 L g

A BF . kA FHE - FLR2 250 BERRHAN R

“~

J

@Tﬁ—:ﬁz.:ﬁ\}g#

] conditional random fields EJ[J}{fJ’iﬁFQ%T% :
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CREE RS
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_Euﬁ

v RS PR s e B s o 2 A

(F measure = 80.00%, NSIT — SU = 35.71% ) {E&ffi 0 &R T [l - (k=)
E@m—ﬁ%@%r@iuy-ﬂ;ﬁﬁ@%-J’iwhrﬁjfﬂrﬂJiyﬁwﬂﬁﬁ%%
P o DR AR RRVEER S TR PR LL SRR (NI 6
IR 2 T - Hidden Markov models 1 conditional random fields
FORLBSRIE + SPC T o TR T SEER L f g e o LD
G  (LRE] D LAV & EERIE 7 LT SER] o S RLE RS A
PV TR L BEALRI DT o F R b IRIFILIAS, (R~ ) [OR,

Fkv - A AHGRF - B LSRR ArEL T (TRF kT A b B
FFF btk B A AFREZER - e - B - E -
iz - fu;‘i'*Ff . fJ‘/.‘}?'fqz ,;-r—fg ;:;53!5 . cu—g . v}L—*F’f . v“‘—*ﬁ ;i'*ﬁ . 3?'?5 .
R - mF AT A R R AR R e B RIS o - B R AR 5G

A PS> R [ ] > hidden Markov models JR{ag lFE

+ﬁ;n A ABRF B AR A -EAEIE QY T BT B2
FI btk A AT R SR e B 0B 28 - B
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/] conditional random fields [![&{*: :

FRAY A SHRF R LA - EFEAIRIR PG RET A D B

FE T Ltk B iE A AR RA e B - P B v
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I'J(F7 22 % [i1)#] dataset [ - hidden Markov models ¥ conditional random
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7t "> hidden Markov models [y g1 - P

X 3BT F ﬁiﬁ%—-fﬁ&i—?%f?-%—?i—k%# -;E_!;ﬁé;m-gki—l

P

[1] conditional random fields [I[[F |55~ 5% = I*thﬁﬁ?&fﬂ :
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