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1 Hidden Markov Model

H FA| o] A= hidden Markov model (HMM)-& 95t o] 249 YE52 A5t
numpy® LdsiH= A HHE it

x = {ay,- 2, }5 AoI7E n]l Bol, 5 ne] A5H Toj(Ee EF)2
= /3% W54 (observation sequence)o]2til S}Af o 7] A= x= “Ho]”
g SISk glout AR $AYE A Yels] NAL 5
‘-”Lﬂa 9, 97 "WV}EHE 7He)7l= +=Ad, 48R YdH 7T (stoc
Gae e Lol o 2 % 9]

N-gram language modeloﬂ/\ﬂ:— dold xo digk && P (x)S k-gram© &2
/3% n-gram probabilities& ©]-&s5fo] thg3t Zro] ZARAIZIT).
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YA (hidden state) 9] sequence y =
v, yn b8 WA ABASHL, O v 2YHIES 2102 stof 54 xE
AAeH= AR (joint model)o]| tgF Markov A BElo]t}. x, y o] A 2 TS5

& F&uf Markov assumptlon2 225}, N-gram probabilitieso]| 7]‘?}9} E-/\]?]-
yoﬂ 2-go] =1, AA 7+ dol7t A= o Al 24 dH T of&Est
_T’_ E}—E— S YA L} 0]% %01 S 2745 =9 (conditional independence)©]

—‘:’r*d, %‘4%”511 A ISl dit et &E P (x,y)2 chain ruleo] whe} ot
7

P(x,y)=P(x|y) P(y) (2)

1.1 Bigram HMM (150 points)

Bigram HMM(o]3} HMM)2 9]9] 4] Eq. (2)°]|4 P (y)& Markov assumption
ol w2} bi-gram language modelZAFE S84l ede] A& atel, ket ol 2
Afgtct.

~ HQ(yi|yi—1) (3)

ol sequence A|Z7} 2 AJE|E o]ulsli STARTS} STOPE S4:4te|2 w415}
of, th&7} o] HE -SUAH sequenced] § = (START, yi1, -+ , g, STOP)C]



bigram language model& 4-85o] 9]9] 41 thg3} Zo] HwsIAI,

n+1
~ q(yo) H q (yilyi-1) (4)

i=1
F7t=, A7 dol7t A= o A o] 29 elRt o Edtth= 7HE S

S, P(xly)2 oF37 2ol AT,

X‘y He xz|yz (5)
1. A5, Bigram HMM-2 29/ H| D2t 5 Fof gk AdeE Eq. (2)&
A g AFof| A 9] Markov assumption @ AJATA ] SUA ] ZHx 71
&5l Eq. (4)3F Eq. (5)F ©l-&3}o] 1*}/‘]71 Zolth. oA s, A&
P(X7y):P(xla"'7xn7yla"'7yn) /\]—}\ 7] _?;IEH’ L‘%‘%Z’\—%Z_}q’

23} Z+8 Bayesian networkE 7} SE A o]t}

@O0 -(C
START" * SToP*

9]9] Bayesian networkg ZF11s}o], bigram HMMo|| A AMEE Eq. (4)3
Eq. (5)2] ZAAoA 7145t RE 2 AR =] 7142 Al B|C2] P40z
HdstAl L

2. (HMM2] Supervised Learning) ©]#] HMM-& &t535}7] €]5F N 71 <] -Er;é?’—]'
g statesE©] annotation= ©] ¢l supervised dataset D = (x(J )

o] Foi7e} 31
HMM ] ntehu] g 6= bigram FO]8HE (transition probability) q(y;|y:) 2t

)2k
tho] A &F (emission probability) e(z|y) & FA =M, 0|5 02 55517
913t log-likelihood= TH&-} ZHet.

N
LogL = ZlogP (x(j), y(j)) (6)

j=1

C(w) (7)

FHlo]E DgollA eventZt Yehd HlES= (frequency)
AE SW O, 1) v, VoA bigram Aol ¢, 7} &



y" = argmax P (x,y) (8)
Yy

Viterbid 12| &-2 Eq. (8)9] A et A|E sidst7] 9l 54 =17
(dynamic programmmg)% sttt Viterbit 41 8]&2 §5517] Qs o
4 A2 i) & 2 AN length 19] Roi% - 2
(EE% H7) g2 BY maximum A5t 52 o}23 o] HoloiAr.

(i, Ys) =, nax P(xy,, 2,91, , i)
Y1, Yi—1

12 24 ek o6 Ly 1)§ e Tt - 1] Sl g0l 4
(F=EH1) y;-1 2 BY maximum 2% 35| Hrt

Eq. (9)2 FH W(Z,yi)% HE= o] length i — 19] 2} 7(i—1,yi-1)
= o]-&5to] A =E A7]|&cHA L

. (Viterbi algorithm) €A 9] 7 (i, y;)oll tigr AAAS v S 2, Eq. (8)Y
ABEAE o dst”] 91g Viterbi ¢ &S FEota, & Fejoll e
pseudo-codeS 7|&SHA L.
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. (HMM9] unsupervised learning) ©]¥ of]= HMM-& unsupervised learning
= &9l otsty] floh, N7 ol 252 /4% HolHAl D = (X(j))jili
ol AT a4,

EM &118]Z9] 7]4kst HMM 9] unsupervised learning-2 J3l, @A tA] o]l
n}ﬂ-ﬂ}Ei 07} FolHthal 5. o) 2] 2l unsupervised learning?] K-means
d =2 K9] centersE T2 2 z27]8}5le] ZF dlo|gE =2 member—
ship& AAste], o] A dojR MZ-& cluster membersS2 HIE

R ot AT S5 W5 K meanse] g ALl AL,
7F GAEZ d|ole ¢} cluster?te] membershlpE AAret= 7491 E-step
o] &7 2l assignment® LHISIE 17 E-step2 FE Lo]A soft cluster
members2 5 B membershipd =& 7]’TX] 5t 713 HAS st K
719] chusters QeI Mstops 25422 afshis ol
HMMe] EMSL 7228 913 step 7H5] 2l 20121 24 x, 8 @A)
0° /gl A &2 =HA (PrObabthth tagging)= ~g5to], otetu|HE 4
SH OJSHE q(tlt)7h S c(wlt)o] Tt softd BAZAS o el
Aol

ol& fldl, FoIxl el tisiA iAol el (BiL)7F vi7t 2 marginal

probability®l P (z1,- - ,z,,y;) = 1254}
P(mla"'7xn7yi)_ Z Z P(xlf"ax’rhylf"ayi?'”)yn)
sYi—1 Yit+1,"
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START Fed raises interest rates STOP
Eq. (9)¢] summationttE+= i QFH-E3} SRE A =42 W A =W, Eq.
2 RGNS ot o, ohak 2ol P (21, , %, ¥i)

P(mb"‘ ;xnayi) = P(‘Tlv"' 7$i7yi)P($i+1,"' ,ln|yz) (9)

#7190 HolE fdll, HFEE ali,y:) 2t RTEES B, 1) = A7IEstd o
o} 7t}

a(z7y1) = P(Z’l,"' axiayi)
Bliy)) = P(xit1,  ,Talyi) (10)

EA w(i, y;) @t oA 2 o]Holl= Bayesian network sum-product& ©]
&stol a(i,y:) 2 B(i,y:)E AAA o= BASHA L

. (Forward-backward algorithm) SFA 9 i, ;)2 B4, ;) 2] AAAS v o
E Estepoﬂ/\-‘i 01 ]—1'1,"' 'rnoﬂ Tq%—aﬂp(ylv"' ayn|x17"' ,In)
posterior probability ©] 74] e sl o] 27 HolghE 9 AASE]
=77} B+ expected count”} X7} FH ot

A=, HMMO] E-stepttA| 2] HAIA -8 the posterior probabilities2
Fate ol

o,

P(fL‘l,"‘ anmyi)

P(y’b|x1> Jmn)

Py, my)
P(Z’l,"' y L 7y’i—17yi)
P(yi—layi|x17"' 7x7l) = P($1 n T ) (11)

910] oo W, Eq.

q. (11)] P ( i@, - 'amn)ﬂp(yz’—hyﬂfl»'” Tn)E
ali,y:) e} Bi,y;) 2 2dsEAL, 11

NAL fEA L



7. (Forward-backward algorithm — M-step) M-stepo]| A= @A steto] g2 52
B ol Eq. (18] P(yilrr. )9 P(yeosoyifor,- - o a)E WIS
2 o3 T2t E & estimationst= Z o]t}

QFA 9] supervised learning®] Eq. (7)¢] MLEZ}, EM 2] M-stepof| A= Tt
3} o] H@H T ),

Yy, y'
(0 (' ly) = 280

€(t+1)(l‘|y) _ ’Y(ya .13)

Expected countso]| t-3E= v(y,z), 7(v), 7(y, ¥ )& TF2 2= o5
1, o5 FESHA L.

o|2 X ¥ & HMMZ2] EM-alorithm¢] Forward-backward¥ 17 2] &S A €]
513l pseudo codeS 7|&SHA L.

1.2 Bigram HMMS9] 74 (400 points)

B Ao ogtdo A §E3t Bigram2 AA| pythonZE (PHAAA] numpy Al
AR FEHEI G2 B A (POS tagging)o] HEsRE 2 ZHE
.

L ofo

1.2.1 HMMS9] Supervised Learning 7+&d % POS taggingo] &
HMMst52 918 A58 92 POS Tagging tlo|EAl& ARESIAL, HoJHAlS
C}23} o] Training/dev/testAlS 912k AN sl 2 7-45]o] gict.
e Training dataset (tagged_train.txt): Tro]d ZATE] 17} B2 POS Tag-
ging BlATE 919t shaHo]E Al

e Development dataset (tagged.dev.txt): Trold ZAME17F B2H POS
Tagging BlA~2E 915 71L& dlo|EAl

e Test dataset (tagged_-test.txt): Tro]® ZEALe] 17} E2H POS Tagging
HlA28 S HoE HolE Al

e Raw Training dataset (raw_train.txt): T3 A} tokenizer7} 285 Sk
to] B[ Aol A ¢ A (EM algorithme]] 7]8Fet HMMt5A] ARS-)

th2-2 raw_train.txt o] AHE HojZrh

1130b36a9ba93d8fchf@7a2ac0048d4c281cd57c: :29 Geordie Nicholson .

1130b36a9ba93d8fchf@7a2ac0048d4c281cd57c::30 Web site: burgessyachts.com .

1130b36a9ba93d8fchf@7a2ac0048d4c281cd57c: :31 'Big Aron' Why we like it This
capacious 2004 yacht was refitted in 2006.

2L tagged_train.txt Tt Q] XRE Ho|Er)

42c027e4ff9730fbb3de84c1af@d2c506e41c3e4::@ LONDON/NNP ,/, England/NNP (/(
Reuters/NNP )/) --/: Harry/NNP Potter/NNP star/NN Daniel/NNP
Radcliffe/NNP gains/NNS access/NN to/TO a/DT reported/VBN
- 128) °20/CD million/CD (/( $/$ 41.1/CD million/CD )/) fortune/NN



as/IN he/PRP turns/VBZ 18/CD on/IN Monday/NNP ,/, but/CC he/PRP
insists/VBZ the/DT money/NN wo/MD n't/RB cast/VB a/DT spell/NN on/IN
him/PRP ./.

42c027e4ff9730fbb3de84c1af@d2c506e41c3e4::1 Daniel/NNP Radcliffe/NNP as/IN
Harry/NNP Potter/NNP in/IN ~~/°~ Harry/NNP Potter/NNP and/CC the/DT
Order/NN of/IN the/DT Phoenix/NNP ''/'' To/TO the/DT disappointment/NN
of /IN gossip/NN columnists/NNS around/IN the/DT world/NN ,/, the/DT
young/JJ actor/NN says/VBZ he/PRP has/VBZ no/DT plans/NNS to/TO
fritter/VB his/PRP$ cash/NN away/RB on/IN fast/JJ cars/NNS ,/, drink/NN
and/CC celebrity/NN parties/NNS ./.

42c027e4ff9730fbb3de84c1af@d2c506e41c3e4::2 ~~/°~ I/PRP do/VBP n't/RB
plan/VB to/TO be/VB one/CD of/IN those/DT people/NNS who/WP ,/, as/RB
soon/RB as/IN they/PRP turn/VBP 18/CD ,/, suddenly/RB buy/VBP
themselves/PRP a/DT massive/JJ sports/NNS car/NN collection/NN or/CC
something/NN similar/JJ ,/, ''/'' he/PRP told/VBD an/DT Australian/JJ
interviewer/NN earlier/RBR this/DT month/NN ./.

9] wrdefl A 2t 2hel o] A A tOkent‘ = 14 idE ojm]eit
oz B 1:1]0] EJAlL 37 9B Raw corpusAol|A] Stanford2] POS taggerS
A-gsto], AHE -2 dloJejAloltt. whebA], Tagging® H o] B Al A @77t
0] o A o]t}.
=] AR
8 A RFAGE HESHo] pythonT =2 AL

1. Supervised learningo] 7|49kt 8t47] (Adding one smoothing): 9]9]
Traininglof] Q= 2e 42 ¢olscll, HolgE ¢(tt) H B4stE
e(w|t)E MLE 34 Eq. (7) adding one smoothing2 ©|8&35}o] &H4F
Sto], SH S python =8 245141 2.

Sh5E oo W o] mhelg At ] Qo}o]: gttt sh5% 2 dlo] smoothing
of o]&st7] wiZell, Raw corpus’} 1L-f-3F 2} W1k A B = n]2] A 4tstod]
raw ZAARE HE o] mtdof 111]'01' o (01] HMM_counts.dat), adding
one smoothing& -85t R d 1Y o|Z2RHE G ol= A O0F T A
A A A= Hrt (HMM_addingone_model. dat).

ol59, sig o] Holgt
d= =7l tishA Viterbi

2. Viterbi g|A: ¢4 9 HMM 29 1S 2]
R
< %ok= pythonI =5 243}

E q(tlt) 2 BESLE e(w[t)E HIE o= Fo7
algorithm2 ©]&3sfte] 714 =2 gla1ge
AlQ.

HAEES 954, Q1A R modelmtl S Ql2 o7 Wt & 5131, 43517 of A
maro ulalel o 2 BUL E sk, ol & Qo] Bubd gl 19 A
E=% st w2 HEE #fsf python argparsego]l 7|HFsto] Lelu}el ofo]
Jendit £endS 71 AR AASHEE sho], Jutdyo] gl
W= 2ol thet viterbi tagging2 15 Entd o) 242t E2ote = o}a}.

3. t&5E HMMIE 7L 9)9] k&= HMME‘:“ S HlEFO 2 A2 TestAlAM]
A A-g3teq, POS tagging B71E +AsHA L. B7F A= 1) F Tols,
2) HMMoj| 7|8t51o] POS Tags AEs] W & ol 3) Accuracy 2
2| 7F L E R S L. o]uf, Accuracy= ThET o] A o Ftt.

A5 POS Tag?} YJE7 L2]ok= F HolT

HAEAY F tols (12)

Accuracy =




4. Unsupervised learningo]] 7|85t HMM 3$}<57]: o] of| = HMMe]| tjjgt
unsupervised learning2 ¢5f], TrainingAll Ao] = RE B2 Qo] 50|
I (o] EANE glojEolof qtt}), HolghE ¢(t|t') D BAASE e(w|t)E
HAotA z7|8ketgoll, 2YdE] A4E K2 Fotal, forward-backward
FIPEE B EMTTIZ 719 0Fs ]S pythonTER FHSHAL.
SHEATNE np A 2 9EA] supervised learning 5 U $E O] model
file2 A7 E|ojof gich.

5. Unsupervised learningo] 7|4t HMM%7}: ¢F EMY 18| Zof 7]4kst
HMMS K = 10,20,30,40,508] 3402 %11 5142 +aghse] 2} K
oA TestAl ol A B7HE 4=t L.
olu), H7FE: 9ok, Zk7re] A ok TestAUol A Yl POS tagE
sh= mfg-S =3P dfof ot o]& Hall, o=t 2ol te} AA POS tag y
7} SIS HolsHE W Sl KL REE ol 85t dissimilarity 2

Attt
Dist(t,y) =y - KL (q(-[t)[la(-[y)) + (1 =) - KL (e(-[t)l[e(-ly))  (14)

919] distance ZEE 59, 7§41 POS tag y* & Zo}, |5 1o] B
U3 POS tag AT

)i

y*[t] = argmin Dist(t,y) (15)
y

= ZF 48 B tfsfA] Unsupervised learning© 2 k59 HMMS
galo] Viterbi ¥ elES £o) B2 SUAE 158 BE (]2 Ag
11, Supervised Learning] 7]4¥rst HMM®E 4 B 71A] AFE3E Accuracy S
ok ik,

= 10, 20, 30, 40, 504w} AccuracyS H7}5}1l, H| W SHA]| Q.

= ol O it

1.3 Trigram HMM (50 points)

Trigram HMM-2 £]9] 4] Eq. (2)o|4] P (y)E& Markov assumption®]| @z} tri-
gram language modelAFE 249/ Gell 285t th22 o] bigram HMM
= 4 us} ol

P(y)~ Hq (Yilyi—1,Yi—2) (16)

i=1
Uh] 7] ol A5t B3-S bigram HMM3} 5ot} ohe 28] BobAl0.

1. Trigram HMM®] Supervised Learning: bigram HMMo]| 4] 2] Supervised
learning®}A]-8- 2H61o], Trigram HMMo]| A 2] MLE AAHA]-8 7] &34 2.

2. Trigram HMM®] Viterbi algorithm: Trigram HMMoJ| A 2] Viterbi algo-
rithmof| 4 AR-8-%l max-product A& 8H45}o] Trigram HMMof| A 9] Viterbi
algorithm2 7|&st, S AL 7]&5HA 2.

3. Trigram HMMOo]|A] Smoothing: Trigram HMMoj| A= A o]8+&0] Bigram
HMMX t} Sparseness”} T =t} 0]& 93}, o] 3t smoothingtl4]-S A&
Sh= Zlo] aatA A 7]EsHA L.
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Section 113} Section 1.39] thshA= 24 Gt 44 AoHE-2 Az ok st
Section 1.29] 7@ £4]9] % pythonZ = 9le] AvkE 1A= g Aol

sh), elohel ok g} 2o

Section 1.2 7@ E&Fo] 75 @ vz oh-g7t Zot
o Zt AR UEo 1@ FFY @ HEA (80%)

o F 9] Readability ¥ AAA (10%)

o A3 HUAS] FAF & 4EA (10%)



