CRFAR I e HAE T U o 1 .
e

CSLT, RIIT, Tsinghua University



<] R 3 A2

LML A BENL

— A AT B
FATHENLIZ 9215 S AEASRY R ]



YRS i
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G I P i

O il H Y (we) = exp{—E(wo)}
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2N A1 BE ML 375 (CRF)
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O Hbs: kK AE# p(F1E) BRI S50 = { e,

O & KA (maximum likelihood):
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O Newton's Method: HessianF i BT 5 H AR BB 340 > &K
{peN=N-<y

O guasi-Newton's method(BFGS): i i H 4 phi % — i S &0 1
Hessian#ifE > F5 0 5 B, FEN A7

O Limi’r%d—memory BFGS(L-BFGS): 4 I H:Hukh il —prfE & >
1 T

O ST ERItl, Wedh 24 my e U it
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LENERATREN LI I R 3

O #E:H (inference):
O 1% it p(1T) > 66 Z(2)

O % ¥ = argmgxp(ﬁ, )

O L2541 p(Ye, yr — 1|F):
O §in 5 R 502 (forward-backward algorithm)
at(y) = Zy' Oét—l(y/) eXP(Zszl Akfk:(y/a Y Tt—1))
Bi(y) =3, Bray) exp(3 ey Mefi (Y Yy Tog1))
P(Ys, yr — 1|T) o cp—1(ye—1) eXP{Zfﬂ Mo Jr (Yt Ye—1, Tt) } Be (Ye)



LENERATREN LI I R 3

O /MEREZ(Z):
O Z(%) = Ty exp{ 3y Mefi W ve_1, 7))
= BETICNEEE AR
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He 4 CRF

O AL WA A = (5,Q, ¢, F, E, p)
O WFAA, La =L, Vr€a3r €11, hiin] =[]
O Ao A Intersection, L 4o 4 [7] = L 4[] () L a[7]
Wpop [T] = w g (7] +walr], l[r] = l[m] = [[m2]
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O Exponential Family
O n DU RS THE T R AL
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He A1 A CRF
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CRF vs. HMM

O HMM:
O o PR
O ARRASIUKIIE AT RS> R D(Ye | Ye—1)
O i NEAEAL S Y AR A5 A 55> W p( e ye)
O p(@9) = [, p(velye—1)p(xe|ye)
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CRF vs. HMM

O CRFMLTHMM:

O p(ye|ye—1 Vs i (Ye, Ye—1, Tt ) > CREFAS 1T LRSS AT A
(Label Bias Problem)

O p(e|ye)vs. fr(Ye, Ye—1, Te) > CREMMITT L R — kA1 5

O (T —i %, CRFA] LA BT 75 E 0 Ty

O CRFA]PAZES P & FIUAREHIE, IF B 8)%% X% Mscaling factor
O CRFA[IAHALME, HMMZE S B N JRi il s

O CRFZTHMM:
O HMMIIlZEEPR, B8 NAE (ofFihEIH— A1)
O CRFIURFHEMIEREZ Hifife T

O KZREH2
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O F U p(2, )
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Naive Bayes HMM \% . Dynamic Bayes Network
O
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B —AX I CRF

O {72 TR p(018) = = [] exp(}_ Acwforl@e. )
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B —AX I CRF

O 5K 40> BBk
ocC= {Cp}le
0O C), 23R = PR

O S %Ki >HER
O Belief Propagation (i ml J& A &7E#E) ) 5 Viterbi& 1 NP-hard
O FEYLYHME P Sod ) : MCMC
O TR Loopy Belief Propagation (AR ER)

O 54K i)
O H'e &y TRP, BLP etc.
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B —AX I CRF

Z(7)

O Z(fag): H qfc(fc,lﬁc,gc,ep),Z(f)ZZZ(f,g)

) CPEC \Ifcecp ?7
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B —AX I CRF

O [
O [(0)d:m™, AN JREs sk
O LHuEAEE (L-BFGS, GIS), Generalized EM&. V% etc.

O B2 & AP0 AL ARTEA AL, XS ] A RAN L
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CRFspY. FH /44

O 4 HCRF

O 5K 45#CRF: TCRF, Skip-Chain CRF, 2D CREF,
Semi-Markov CRF, *SQL:E X &5 #JCRF

O (&4 & CRF: HCRF, GHCRF, LDCRF, FCRF

O H¢: *Kernel CRF
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Linear-Chain CRF in ASR-(1)

O Linear-Chain CRF + Phonology Attribute + Phone (Eng.)

O Monophone label
TABLE II
PHONOLOGICAL ATTRIBUTES EXTRACTED

Class Output Attributes

SONORITY vowel, obstruent, sonorant, syllabic, silence
VOICE voiced, unvoiced, n/a

MANNER fric., stop, closure, flap, nasal, approx., nasalflap, n/a
PLACE lab., dent., alveolar, pal., vel., glot., lat., rhotic, n/a
HEIGHT high, mid, low, lowhigh, midhigh, n/a
FRONT front, back, central, backfront, n/a
ROUND round, nonround, roundnonround, nonroundround, n/a

TENSE tense, lax, n/a




Linear-Chain CRF in ASR-(1)

O Rk ek B (R, $642)

1, if y; = /b/and voiced(x;) = true
0, otherwise

f/b/,voi(ga f? t) — {

oL 1, ifty;—1 = /n/,y; = /ah/and nasal =t
f/n/a/ah/nas(vaat) :{ vt / / vt / / (xt) Hie

0, otherwise

voiced(x), if yz = /b/

0, otherwise

f/b/,voi(ga f? t) — {
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Linear-Chain CRF in ASR-(1)

O Featuref®ill4s: MLP

O HeErdy

O CRFJIZ%E T tlftreference 5hypothesis
O CRFEAH AT M re-alignment

O Frame-Leve

W, FEHAR O Bk

Model Feature Number of | Number of Core Enhanced
Type Inputs Parameters | Accuracy | Accuracy
Tandem Phone (16mix) linear+KLT 61 1.7 million | 69.28% 70.21%
Tandem All (16mix) linear+KLT 105 2.8 million | 69.85% 70.19%
CRF Phone posteriors 61 5280 69.34% 70.40%
CRF All posteriors 105 7392 69.94% 70.95%
CRF All post. & linear+KLT 105 7392 70.74% 71.49%
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Linear-Chain CRF in ASR-(2)

O Articulatory Features + Finals (Mandarin):
O Monophone label

Attribute

HMMs

manner (Final)

Finals ended with static vocal tract,
Finals ended with a vowel,
Finals ended with a nasal

manner (Initial)

affricate, fricative, stop, nasal, lateral

Final onset type | /a/,/e/,/ol,lyi/,/yu/,/wu/,/eh/, N/A.

Final ending | /ai/, /ei/, lyi/, /ao/, /ou/, /wu/, /an/,

type /en/, /ang/, leng/, Iyu/, la/, /ol le/, Ieh/,
N/A

place bilabial, labial-dental, front coronal,
middle coronal, back coronal, dorsum,
back (velar), N/A.

aspiration aspiration, non-aspiration, N/A

voiced

voiced, unvoiced
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Linear-Chain CRF in ASR-(2)

O FrfEeR % CRE++2E7Y (R i) i
. 1, 1f y: = /zh/and bilabio(x;) = true
z il.\I> 7t
7 h/’bl(y Z1) {0, otherwise
(1, if g1 = /2h/ g0 = [2h/, g1 = Jang/
and bilabio(z;) = true

|0, otherwise

f/zh/,/zh/,/ang/,bil.(ga f? t) =

O FeatureffillZs: Right-CD HMM (Bi-phone)

System Correction (%) Accuracy (%)
CI HMM 69.61 54 91
RCD HMM 71.84 44.12
HMM/CRF 61.60 58.25
35




Linear-Chain CRF in ASR-(3)

O fiifLinear-Chain CRFJII 25 & B8 385 2 PR 1L
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2R 45 M) CRE

O TCRF
O Semantfic Annotation

O Skip-Chain CRF
O Name Entity Recognition
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2R 45 M) CRE

O 2D CRF
O Web Information Extraction




Semi-Markov CRF

O {5 P Bk
S|

K —
0 p(g’h?) — s=1 Zkzl )\k:gk(ys, Ys—1, L, Slg, ets)

Z(7)

O S 2, [S| JE s K stsFlets sy il 5 s/ B / 1k i ]
O Name Entity Recognition

5° e S,© S,

® ® ®
re—======"3 rFre====="="1 FrE—_——————— L ------- 1
e _____ e ®_ . 9 ® e,
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Semi-Markov CRF in ASR

O Word, Syllable, Phone, Articulatory, Duration etc.
O Wordiial (W H T-Bing# s %K)
O Rk eR 2L

O n-gram Existence Feature

fu(Yss Ys—1,05) = d(w(ys—1) = u)d(u € span(st,et)))
O n-gram Expectation Feature: Hit, False Alarm, False Reject

fulys,ys—1,0%) = 5(u € pron(w(ys_1)))d(i € span(st,et)))
fu(Yss ys—1,0%) = 0(u € pron(w(ys-1)))d(i ¢ span(st, et)))

fulys, Ys—1,05) = d(u & pron(w(ys—1)))d(i € span(st, et)))
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Semi-Markov CRF in ASR

O Levenshtein Featfure
szatChnumber of times u is matched

fEub number of times u (in pronunciation) is substituted
fgelnumber of times wu is deleted
fénsnumber of times w is inserted

O Language Model Feature
f(ys, Ys—1, 02?) — LM(y«s; ys—l)
O Baseline Feature

e +1 if O(st,et) = 1 and B(st, et) = w(y,—1
fb(ysays—laosi) — { ( ) ( ) ( )

—1 otherwise.
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Semi-Markov CRF in ASR

O FeatureiRil 2
O HMM (Bi-phone, Monophone)

System SER
1 | HMM (baseline feature) 37.1%%
2 | +phone 36.2%
3 | +multi-phone 35.7%
4 | +phone +multi-phone 35.4%
S | +phone +multi-phone (3-best) 35.2%
6 | +phone +multi-phone (3-best) +full LM 35.0%
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O Hidden CRF
O Object Recognition
O Hidden: State

O Factorized CRF
O Joint Noun Phrase Chunking and Part-of-Speech Tagging
O Hidden: State(POS)

NP Yi1 tx
POS @) O)

S,

£)
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O Latent-Dynamic CRF
O Shallow Parsing
O Gesture Recognition
O Hidden: State
O Hidden State Number
O BLP Inference (Linear)
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(Gaussian) Hidden CRF in ASR

O HMM (GHMM)?¢
O Hidden: GMM, State
O CRF>GHMM?
O HCRF>GHMM
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(Gaussian) Hidden CRF in ASR

O MFCC or PLP etc. 2 monophone label

O Frak R 20 f;?M) — (5(y = y/)

Z(Sy—y St_1=8,5 =8)
Zd Sg = S, My =

(Ml)—z5 St = S, My =

(Mz)—Z(S Sg = S, My =

/ /
vy Y 87 S
Vs, m
Vs, m

Vs, m



(Gaussian) Hidden CRF in ASR

O Why named Gaussian HCRF?

O +BUE: A;‘,M = log U,/ Vy/
TI- / /
)\y/SS, =loga,/ Vy ,s,s
1 u? d
AOce — 5 Z(log 27r5im,d + 5;’m’ ) Vs, m
d s,m,d
AM2 _ 1 Vs, m
o 25§,m,d
AML _ Hs,m,d Vs, m
sm 52

s,m,d
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(Gaussian) Hidden CRF in ASR

O K GHCRF = Log-Linear GHMM
exp{)\I;M} = U,/
exp{)\g}"ssl} = Q.

1 1 s.m,d — Lt.s 2
eXp{)\SOn(ff -+ )\ynia:t + )\E/Iﬂfxf} = exp{—§ (s, ,(;lQ t,s,d) )
\/27r52

s,m,d
s,m,d v

O X% e.q. i 5 B 5 HER2 eV Jal g5 5o i) el L e A% 1) B 2
O A HEAHMMB S5 yiE
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O Phone Classification

(Gaussian) Hidden CRF in ASR

Mix HMM HMM HCRF HCRF
Comp.s | (ML) (MMI)  (L-BFGS)  (SGD)
10 28.1% 24.8% 23.7% 21.8%
20 26.8% 24.6% 23.2% 21.7%
40 26.4% 25.3% 23.3% 22.3%
O Phone Recognition
Comps ML MMI MPE HCRFs
HMMs HMMs HMMs
8 35.9% 333% 32.1% 29.4%
16 33.5% 32.1% 31.2% 28.7%
32 31.6% 30.8% 30.5% 28.3%
64 31.1% 30.9% 31.0% 29.1%
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(Gaussian) Hidden CRF in ASR

O H'& N MAP, MLLR [ & [ 24



CRFFFNELEEE

O Efficiently Inducing Features

O Relief

O Gaussian-Hidden CRF
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