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100dgoooobobobboooo-g1210d
UUOn-gramU OBOOOOV

gobobobbbooooooobbbbtodoodobobb bbb bbbooo
gobboosbbboodoooooobbobbboogooobobbbbtdddn-gram 00000
gobbobbobuoggooobo

OO0000000127Ob0b00b00000Ob0Omanningl D0 0O00ODOODODO" ODODOO
02732660 U U OBOODO27326600 U O D OO U

gobBbbbovooooooobooB=vA20

00000012800 0000000004580 0000000000000 p(notjwas)d 00O
[ 0 (608 + 0.5)/(9404 + 14589*0.5) 000000000000
(608 + 0.5)/(9404 + 14589°\2*0.5)

gobobobobboooooobbbbbdoodubobesUUELED OO DD D DOOOOOO
guooobbood

guooobbbtbgooooobobuogoooooobbuooad

http://nlp.stanford.edu/fsnip/errata.html

page 196, line -13: Change "This will be V/~{n-1}"to "This will be V", given the following major clarification: In
Section 6.1, the number of "bins" is used to refer to the number of possible values of the classificatory feature
vectors, while (unfortunately) from Section 6.2 on, with this change, the term "bins’ and the letter B is used to refer
to the number of values of the target feature. This is V for prediction of the next word, but V/n for predicting the
frequency of n-grams. (Thanks to Tibor Kiss &It;tibor .... linguistics.ruhr-uni-bochum.de&gt;

page 202-203: While the whole corpus had 400,653 word types, the training corpus had only 273,266 word types.
This smaller number should have been used as B in the calculation of a Laplace's law estimate of table 6.4 (whereas
actually 400,653 was used). The result of this change is that f_{Lap}(0) = 0.000295, and then 99.96% of the
probability mass is given to previously unseen bigrams (!). In such a model, note that we have used a
(demonstrably wrong) closed vocabulary assumption, so despite this huge mass being given to unseen bigrams,
none is being given to potential bigrams using vocabulary items outside the training set vocabulary (OOV = out of
vocabulary items). (Thanks to Steve Renals &lt;s.renals .... dcs.shef.ac.uk&gt; and Gary Cottrell &It;gary ...
cs.ucsd.edu&gt;

page 205, line 2-3: Correction: here it is said that there are 14589 word types, but the number given elsewhere in the
chapter (and the actual number found on rechecking the data file) is 14585. Clarification: Here we directly smooth
the conditional distributions, so there are only |V| = 14585 values for the bigram conditional distribution added
into the denominator during smoothing, whereas on pp. 202-203, we were estimating bigram probabilities, and
there are |V|2 different bigrams. (Thanks to Hidetosi Sirai &It;sirai .... sccs.chukyo-u.ac.jp&gt;, Mark Lewellen
&lt;lewellen .... erols.com&gt;, and Gary Cottrell &It;gary .... cs.ucsd.edu&gt;
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guooobbogod..
gu.bbtodgoooobbooooon..

gobbobobboooooon

Ooooooog:
O019cO0 0 Okindof/fsortof D D O OO OO

0 O O :akind of adj. n. -&gt; (kind of adj.) n.

0o00do+000parse, 0 000

[J List the sales of the products produced in 1973 with the products produced in 1972
004550 00000 0 (Martin)
doddoooboooo@ooooo)yoooo,0oooooooo@o)oo.
goo,udoouotdodooo,uouodoo.

[J Garden Pathingd O :

[0 The horse raced past the barn fell.
O00000000000Thehorse. DO OOOODOOOOO,00000O0

00 BrownO O O /Susannel] [ O (free)

[ token- 0 0O O type-0 00O
OzipfOD:ODODDODO0O0O,000000000000D000.

0 Entropy: H(x) = -E[log(p(x))]1, H(X,Y) = -E[log(p(x.y))]. H(Y|X) = -E[log (p(y[x))]
O (chain rule:) HCX,Y) = H(X) + H(Y|X)

[0 Mutual Information: I(X;Y) = H(X) - H(X|Y) = H(Y) - H(Y|X)

00000000 DbOOoOoooOoooa

D1(X;Y) = Eflog(p(x,y) / p(X)p(y) )]

ooboboo:oobdobdbentropy, DOODODOLDOOOOOOOOOOOO
O00,00000000000D0 capacity.

000000 -&gtkd Markov .
O0000000000000003.3-4,Shannon0 00000 1.34

OO00o00o0o0obobobobob@Woboooooooooon)
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#6 N-gram model

O0dooooodkobooooooooooo.ocooooooo.
OtigramO 0 0000000 O0OOO,
JO0OngramUJ 00 00000O0O0OOOOO0O.
dooooooooooooono?

O Laplace: 0 OO0 0O +1

[ Lidstone: +t, Jeffreys-perkes: t=120 0 0 O OO0 0O
O0000t000000b00bO0obOoobooog.

062300 0000000O00O0DO0O

0 pl380 O

O00OngramO0 00 0000O0O0OO0DOOODOO:

[ deleted estimation, deleted interpolation estimation, Good-Turing estimation

ge3000ddno(@O)dngram 00000 0ONO0ONn-gramO 0, 00000000000
00000 :P(wn|wn-2, wn-1) = alP(wn) + a2P(wn|wn-1) + a3P(wn|wn-1, wn-2)

000 0OEMO O (Expectation Maximization) 0 0 0O O O

OKatzO O OO ..

00000000 000b0o0oboooooa

#Uoag

O00000:0000000.00000 (clustering):00 O
gobbobbbuoogooobobbob,ooobbbbbodoooobobobobod

07200000

[0 7.2.1 Bayes Classification

guddwbhiOds:

O s=max(s_K){P(s_k | c)} =max(s_k)P(c| s_k)P(s_k) (O O O c(context window)0 O O O O O)
O =max(s_k){log P(c|s_k) +log P(s_k) }

00 O O Naive Bayes Assumption, 0 O O OO0 0O ,00000

O =max(s_k){log P(s_k) + sum(vinc){logP(v|s_k) }}

O0O00OP(Ws),PEOO0ODO@OOOOODOD)OODOMLEDDDO(@ODOODOODON)
O P(v_t|s) = C(v_t, s) / sum(v_i)C(v_i,s); P(s) = C(s) / C(words)

0 7.2.2 An Approach using Information Theroy
OO0wOOOoOOoOooopPOOD0OD0ODO@EIOOOOODOOYDOODODQOIOO
OP={P1,P2, .} Q={Q1,Q2,..}
OO00D000o0oOoboor,QUO,000b0b0obOobOoog

O w={0 } P = {take, make}, Q = {measure, note, decision}

[ 7.3Dict-Based Disambiguation

07310000
OO00oOwdDOOOoO,000wd0O000000DO0DO00OO@Oooon)
073200

OO00000000D00D000,0000000 tag
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O00000000000000O00O DO tag(Classification)
O0O000oO0o0DbO0o0ooOOooDbOo,000o0oooooooao.
073300 0000000.0000000DO0O0000000O0OODOAO.
07340000 000000000O0O00000A0.

07400000
O000O00P(s k), 00EMOOODOOOPVs K, 00000000000000

#8000 0OU

0s81000000,0000

08200 000000000
0000000000000 .tell sbsth; find sb adj;
O0o00oO0O0O000000o,00,0000

0830000

000000000 ooo"o0oon
O0000Oo000000:0o00o00000a4a?
gooooooooo.oooooooon

0840000

O O v/subject, v/object, adj/noun0 O 0,0 0000 00,0 000000000,
O000o0oo0o0g,0vhadjdOd
go00O0Oo0o0o0o0ooooooooo:Heate.

gss500unbn
godododooooooooooo,0boooooooboooooooooooo
00851(00)0000000@O0OOONO)DOO@OOD)0000O
000000000 0:00000000000.00000

O0p230 0 00000000.00000000fx)=1+logx)d 00000

goss2udggggoooobo,gooooboog,bobobbudgooooon.,
OO000000ob0ob0obOobobD:0b00,0b0obsob MahattonD O, 000000O)

gesetipoooood:
gobobboooodaon

#9 Markov

OnOMarkovO O,00000000nO0OO O MarkovO O .
O10MarkovD OO O OO0O0OOO0O0O0OO,000000000000O00.

[0 Hidden Markov Model: 0 O O O
O Viterbi Algorithm: O O O OO0 OO0 OO QO O.DP
OoHMMO O OO0OOoUOoooOo.ooooooo,0ooo,0ooouoooo

O000,00000000000@Vviterbn)DODODOOOO, 000000000000

#10 POS tagging

oooo@ooo):
000.000:000000000000-&t000000000000 dumb tagger

Page 10



oo dotdog

[J Markov tagger. 0 O POSO O OO OO OO

O000w[ODOOPOSO O[]0

O O max(t){prod(i=1~n){P(w_i | t_i)*P(t_i|t_i-1)}}

0ododoossedd
Joodoooooo:ooodoobbo,0booooooobooPost ™
O0OOtaggerd 00O, 000/000000000.000000000000000O00O

Oooo0oboobo@ubob,bobO0;0bb00b0),UdMMtageer, OO ODOODOOOOOO

[0 Transformation-based Learningof Tags, 1 O O -0 0 O 0O O
OO00O00000o0oooooon..?

OO0000o0,00b0b0bOobgooPOStagging 000000 000DO0ODODODO,ODODOO
gobobobboooodooDnios%+

0 Markovd OO O : 0 O O O Recursive Grammall [ !
0000000000000 0000,0000000 0 0O taggingd O ?(Markov limit horizon)
[J The velocity rises to -&gt; The velocity of wavesrisesto. 0 0 00,0 000 00+000000

#11 Probabilistic Context Free Gramma

gopoSOO0O, 000000, 00O0O0DOOOO0O0

0 e.g.: S-&gt; NP +VP : 0.3; PP-&gt;P +NP : 1.0; NP -&gt; stars : 0.18;
O0o00oooooooooooo

[0 ContextFree Hypothesis D 0 0 OO0 OO OOOOOd
OPCFGUUODOUOO:000DO0O0ODUOOD,0OD0DOO0D.O0DDbDOODDOOUODOn.
OPCFGUUODOUOODDOODD,0DD O WallStreetlournalD D OO0 D0 O OO 23
0000000000000 o,0000ooooO(@Ooddd)metrics of goodness
OPCFGUODOOODDOOODDOOO000O0L,0D0000O000O,

gobopPCrGL U D OUOUOUOOUOO, bbb -gggob,ooooo-oboboo
goboobbooooo:boogo,nbood
gobobobobboogooobobbobo,ooobobo.
goboobobooobp,0d00bbbobbooooon
goboemMbOboooo,gobobbooooooon.
OProblem:O000/0000/00000/000000

#12 Statistical Parsing

goobooDbOoO0OggdgPros
gpCrGUUOOOOOU0O0000O0UOP+NPOOODOON;
gobbobbobooggg,boapostbooggnd
grpCrGU OO UOODOOOOOOOOLO.

O Dependency Grammar: O O DO O O@OO0O0)YOoOO,0000000O0OOO
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UO0O00O0O:PARSEVALD O OO ODDOOUO
guoou:obbugggooobb, 0. poooooobbuuoo,;good.

O00O0O0O0Od Parser..

#13 Machine Translation

gobbb-&gtU0O 000000 -&UOO00og,0booo,0oooooog,
gobbobobboog,gobobooboodgod.

gobbobo:ougg,noooag,0ooooo

Olength-Based: 1 000 0000,000000.0000000
O0000000001:3,31,3:300.
O0000004{11,1001,1:2212:2)0 000000,0f[i]jl000+0j00000,0DP

O Length-BasedO O O Ocleantext. 0 0 0 00000, 00000000O000O0O0O0.
00000000000, 000000ooo.ogdbitmepd 0000 OOOO.

OWord-Based: D 0 0 O0:000000O0OO0O0DOO0O
guod:ggoooob,bobbbgooo,oooobbbuooo,goo,gooog.
guooooobogood.
O0o00o0ooooboobDboo@uooooboo)y oooo

gobbob:0oddbaddogoon,
OO000O0:0ba00b0obobobb-&tb O 0ODb0ODOOOOnDg
ODO0&t-00000a000OO0bOOD&-0000000
gobooooo,gobooboo,gduo,ug,pobbuoogogoobooood,
gobbobbbuoogogoobobooog,pbobbuoooooouoobon.
gobbobbooogaggobobo

#14 Clustering

000000000000 00b000n
0000:00000000000
OClusteringD D00 O0O0OOOOO,000O.

O hierarchicalvs. flat D O O OO OO 0O .fatD OO0 0O OO
Osoftvs.hard D OO O0OOO0OOO0OO, 0000000000

Olmplement: 000000000000

O bottom-up hierarchical algorithm: D 0D 0D 0 D0 000, 000000000000

Otop-down: 00000 0O0O,000000000000D0000O00DO0.ODO0D0O0DOO0ODOOOOODOO0O
0:000000

O0OOclustering: 000 00O0OO0OODODO0OOOOOODODODO.OOO O chaining effect.
OO00O00OooooMsTOOOODOO,000MSTOOOO

O000:00b00b0b0oboboobooo0.boboo.obooogmny)
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gobobobO:bdgoooobobobb,oobobbobbboo.oggnonn?

O k-meansC] O (hard-clustering):0 O kO DO, 00000000, 00000000000 .
OEMOO:00000000DO0ODODOODOODOODOO
OOODEMODODOO:

#15 Information Retrieval

[ Probability Ranking Principle: O 0 0 0000 OO0OO0DO0OO0@OOOOOOOOONO)
OOnd000000D00ODO0.000n000000DO0O000O,00normalizeddC0,00000000
oOooooo

O0000Onormalized 000 0OO0O0OO0O0O.

Otf {ijywidd j0O00000;df iO0Ow iDdOOO;cf bw iDOOOO0O
O tfidf: w_{i,j} = (1 + log(tf_{i,j})) * log(D / df_i)
OOooo0ooooon

U IDFO O :

O00000,0000€0 0 odds of relevance: P(Rel | d) / P(NotRel | d )0 [

00 0O0Bayes 00O OOO,0log P(d | Rel) - log P(d | NotRel) + log P(Rel) - log P(NotRel)
guodooooo,0oood
000000000000,0P(d|Rel)=\prod_i{P(w_id O |Rel)}
gbodoooooooouo,oooo,ouooooot:

0 O(d) =\sum_i(log P(X_i| Rel) - log P(X_i | NotRel)),0 O X_i0 Ow_iODdO O OO0
O0pi=P@|ReNOOW 00000000 O0O00,000PXi|Rel)=p_ in{X_i}*(1-p_i)N1-X_i}
O0000qi=P|NotRe), OO ODO:

0 O(d) =\sum_i { X_i*[log p_i/(1-p_i) + log (1-g_i)/q_i] + log (1-p_i)/(1-q_i)}
OO0D0000Xi0O0,00000.000(d)=01+02

O00p i0D0000000O0O0O,001=\sum_iX_ i*log[p_i/(1-p_D]=c\sum_iX_i
O00000000D00D0000,0q_i=P(w_i)=df_i/N,(1-g_i)/q_i=N/dfi

000 0(d) =\sum_i [X_i* (c+idf_i)]

opooooog:

O Poisson:0 00 0Ow_ i0O000O0OOO0OOcentd O Poisson(L_i),L_i=cf i/D
Op(k, L_i)=P(cnt=Kk) =e™M-L_i} L_i"k/ k!
O00000000000d_i=N*P(cnt&gt;=1) =N (1-p(0,L_i))
O0o00oo,0000bO0o,000b000o0oOooog
O000:00000000 orz.

O00OPoisson: 000 0000:000000@0O,00)Yoooooooooo

guodoooooooodgod

[ Latent Semantic Indexing (topic model)

0oood-00o0bdsvbD

OTextTiing: OO DOODOODOOOOOOO

O0000: 00000000 (cohesion),000000000DOODOODO
00000, 0000000000000

OO00000O:BlockComparison. 0 OO0 O0ODO0ODO0D0OOODOODOODLOOOODOO
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#16 Text Categorization

O0000oOOo0D0:0o0b0o0booooboooooa
ODecisionTree: I 0O O 0O0DO0O0O0OOOOODOO
O00000:0000000000,00000000 overfitting

OO0 0O0Ostopingeriterion 0 000000000 O0OOOO0OO

0 Maximum informationgain: O O OO0 OO0 O0O0,00000000
O0o000ooooboo,00boboo0obuoooboooog
O000000held-outdata)l D O O/00,00000000000
O00O00OD00O000,000n-foldcross-validation,0 O O 00000 O0OOOOOO,O0
O0o0opoooooao.

(0 Maximum Entropy:

000000000 0,00KO0O0OOM base

O00KOODODOOfixe) ,x0OODODOOOO@OooDooo?z00)
O0c=1(000000D0O00OO),OxOO0DOw_i000 &gt;0,00f_i(x)=1, else =0

O loglinear model:

O p(x,c) =Z*\prod_(i=1~K)}{a_iMf_i(x,c)}}a i0 00 000,000000000,Znormalized
O00000px)Opx0000

Oo0o00o0oOooDbooooo,0ooobooooo?

00000 (96%)

O0o00o0oOoobOOoooooooboooooon

U Perceptron:
ooodooooboobooo,0oobooboooDoo, b0 oDo@oo
Oooog)

O 0O linearly separable0 O ,0 0 0000 0.
O000000Oword-basedd DD DO OO0 OODODO.(83%)

[0 Nearest neighbor classification:

gobbobbtboooooobbo,ood
gooooooogd.
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