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10 P170 O O O O EnglishO The significance of power lawsC] O O 0 0 0 0O 0O O O power lawd O O O 0O O
00
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Olog@@B3U OO 2-log3 DO 000D 0OO0ODOODOOOO0DODO0ODOODODODODbDODODO
oooldMMO ODOOOoOOooOoooooooooobobobobobobooooooooooo
O0000ob0oboboboboboobooooooobUobobUobobooboDOooOooOAhod O
oOoo0ooboboboboboooooooboobobobooo
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1nogogoooobgooooo-bad

guoouoobbuogoo,ggoon
guooooboboood..
gu.bbodgoooobbuoooon..

goboboobbuoooooon

ooooooog:
O019cO0 0 Okindof/sortof 0 D O OO OO

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

gougo+000parse,d 0 O0:

[J List the sales of the products produced in 1973 with the products produced in 1972
004550 0 0000 O (Martin)
Ooo00doooooo@ooooo)yYooo,0booooooo(@moyoo.
O0o,0000000000D00O0,000000.

[J Garden Pathingd O :

[0 The horse raced past the barn fell.
O0000000000O0Thehorse. 000D ODODO0O0OO0DOOO, 000000
00 BrownO O O /Susanneld [0 O (free)

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

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

[0 Mutual Information: I(X;Y) = H(X) - H(X|Y) = H(Y) - H(Y|X)
O0O0000O0oDobOoOooooooa

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

oobboboo:oobdotbdfbentropy, DOODODODOOOOOODOOOOOOO
O00,00000000000 capacity.

000000 -&gt;kO Markov .
O00000000D00D00D000D033-4,ShannonD 000 00O 1.34

#4.200 [
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O0o0o0oboobooboboob@uooboobuoooboon)

#6 N-gram model

O0dooooodkoooooooooooo.ocoooooon.
OtigramO 000000000 QOQOO,

OO00ngramO0 0000000 ODODODOO.
DO000000bOOooboooodnO?

O Laplace: 0 O O 0O +1

O Lidstone: +t, Jeffreys-perkes: t=120 0 0 0 00 0O
OO0000t0o0000000oooobOoooog.

06230 0000D00DOODOOOO

0 p1380 O

OO0O0OngramO 00000000 OODOODO:

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

ge3x00000@O)dOngram OO0 DOO0OO0ONOONngramO 0, 0000000000OO
00000 :P(wn|wn-2, wn-1) = alP(wn) + a2P(wn|wn-1) + a3P(wn|wn-1, wn-2)

0O 0O 0O 0O EMO O (Expectation Maximization) 0 O 0 0O O

OKatzD O OO ..

OO0000000:000000000Db0OO

#Uoag

O0000D0:0000000.000003 (clustering):00 O
0000000000000 DOO0DOO0,000D0000000bO00bO0bOOoDbOOoDOon

07200000

[0 7.2.1 Bayes Classification

guddwbhOOs:

0 s=max(s_K){P(s_k|c)} =max(s_k)P(c|s_k)P(s_k) (O O O c(context window) D O OO 0 00 1)
0 =max(s_k){log P(c| s_k) + log P(s_k) }

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

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

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

[J 7.2.2 An Approach using Information Theroy
OOwdOOooooopPO000D0D0O0O0@OODDOOOYY OODDOQQOOO
OP={P1,P2 .}, 0={Q1,Q2 ..}
Ooooooooooor,QUoO,0000o0boo0oooon

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

[ 7.3Dict-Based Disambiguation

gr3100dn
OO0oOwdOOoOo,000wd0oooobobobobog@ooon)
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073200

000000000000 00,0000000 tag
000000000000 O000 O tag(Classification)
0000000000 00000O00,000000000000.
0733000000000.00000000000000000000.
07340000.0000000000000000.

07400000
O0O000OP(s k), OOEMOOOOOOP(s Kk, 00000000000000

#O O OU

0s81000000,0000

08200000000000O
000000000000 ad.tellsbsth; find sb adj;
O0o0oooooooooo,oo,000a0

0830000

O0o0oooooOo"oooOo"oooo
O00oooboo0ooOo:o00o0o0ooooa?

0000000 000:00000000a0

0840000

0 O v/subject, v/object, adj/noun0 O 0,0 000 000,00 00000000,
O0000000,0v0OadjdO
O00000000000000000: Heate.

08500000
O00dooooodooooooo,0obooboo00oooobooo0oOoOoooo
gog8sl1(@o)ooooooo@uoooo)yooo@ooo),ooooo
O00ooo0o0o00d0:0o00oob0o0ooo.ooooo
O0p230000000000.00000000f(x)=1+lcgx 00O OO0

goss2udggggoooobo,goboooboog,bobobbudgooooon.
O000000b00b0obOobOobD: 000, 0b0bsLob MahattonD O, 000000)

gesetiponooood:
goboobboooodoaon

#9 Markov

OnOMarkovO O,00000000nO0OO0O MarkovO O .
O10MarkovO OO OOO0O0OOO0O0O0OO,000000000000O00.

[0 Hidden Markov Model: 0 O O O

O Viterbi Algorithm: O O O OO0 OO0 OO QOO.DP

OoHMMO O OO0OOoUOOoUOoOo:.o0oooooo,oooo,0ooouoooo
0000, 000000000000 Vviterb)DDOOOODOO, 00000000000

#10 POS tagging

Page 9



oo dotdog

oooo@oon):
O000.000:000000000000-&t;0 000000000 0O0dumb tagger
[0 Markov tagger. 0 O POSO O OO OO OO

O000w[OOOPOSO O[]0

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

0o0odoossedd
Jooooooo0:ooggooobuo,b0boooooooobooPost ™
O00Otgeerd D00, 000/000000000.0000D000DO0O00DODOODOO

OOooo0oboobo@uobob,bobO;0bb00b0),UHdMMtageer, OO OO OOOOOO

[0 Transformation-based Learningof Tags, 0 O O -0 0 O 0O O
OO00O0000o0o0oooooon..?

Oooooo,0boooboobobooopPoStaging D000 0bogooboobooo,0oooo
gobobobboooodoDnios%+

00 Markovd O O : O O O O Recursive Grammall [ !
0000000000000 0000,00000000 0 taggingd O ?(Markov limit horizon)
[ The velocity rises to -&gt; The velocity of wavesrisesto. 1 0 00,0 00000+000000O

#11 Probabilistic Context Free Gramma

gopPosO0O,0doooo,oooooonod

0 e.g.: S-&gt; NP +VP : 0.3; PP-&gt;P +NP : 1.0; NP -&gt; stars : 0.18;
0000000000000 DOOo

[0 ContextFree Hypothesis O 0 0 OO0 OO OOOOO
OPCFGOOOODO:ODODODODODO,O0D00D0O0.O0000DOODODODOO.
OPCFGOOOODOODODO,O0000OWallStreetlournalD O 0 0O O 0O 00O 23
0000000000000 0,00000000(00000dd)metrics of goodness
OPCFGOOOODOODODODO,OO0DOD0LO0D00DODOODO.

gobopPCcrG OO OOOOOOO, bbb -oggbobooooo-obboon
gobooobbooooo:boogo,nbood
gobobobobbooooooobobob,ooobobo.
goboooooobp,000bbbobbooooon
goboeEMObOoodo,oobobbooooooon.
OProblem:O000/0000/00000/000000

#12 Statistical Parsing

gobbooboooddgPros
gpCrGU U OO0 U0O0000O0UOP+NPOOODOON;

gobbobbbooggg,bogposibooggnd
grpCcrGUUOOODODOOO0OOOOOLO.
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O Dependency Grammar: O 00 00O @I 0O0O0)dooOo,000b0ooobooon

UO0000O:PARSEVALD OO O ODDOOUO
guoo:obobugggooobb, 0. pgooooobbuuoo;good.

O00O0O0O0Od Parser..

#13 Machine Translation

gobbb-&tU000;0000 -&tUOOooog,gbooo,0uooooog,
goboboboboodg,gobobobododggd.

gooboo:oogg,noooa,0oooo

OLlength-Based: 0 000 O00O00,000000.0000000
D0000000001331,3300.
000000{1:1,1:001122122}0 000000, 0f[]jl0CO0+0j00000,0DP

O Length-BasedD) 0 O Ocleantext. D O O DD OO0, 000000000O00O000O.
O0000obOooboo,00bobo0boo.gdopmepi D000 nooon.

OWord-Based: D 0 0:0000000O0OO0O0DOO0O
gud:ggoooob,bobbbgooo,boooobobbuooo,ooo,oooon.
guoooooboogood.
oooooboboboboogo@@uooooo)yooo

gobbob:0oddbaddgoon,
OO000O0:0ba0000ob0bOb0O0O-&t0O00OD0ODOODOODnOOd
ODO0&t-00000a0000bOODO&-0000000
gobooooo,gboboobog,gguo,uo,pobbuoogooobooooog,
gobbobobbuoogoooobobooog,oobboooooouoon.
gobbobbooooaobobo

#14 Clustering

000000000000 000000
0000:00000000000
OClusteringD D 0D OO0OOOOOO,000.

O hierarchicalvs. flat D O O 0O OO0 .fatD OO0 0O OO
Osoftvs.hard DO O OOOOOO0OO, 0000000000

Olmplement: 000000000000

O bottom-up hierarchical algorithm: O 0D 0D 00D 0000, 00000000000

Otop-down: D OO OO OO, 00000000000 O0OO0O0O0OOLOODLD.DODODOOOOOObOODbOD
O:0oooog

O0OOclustering: 0000000 OODOO0OOOOOODODODO.OO OO chaining effect.
OOooO0o0ooooMsTOOOODOOO,000MSTOOOO
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O000:000b000b0o0bobooboo.booobo.ooooomny)
gobobobO:0bddoooobbobb,0oobbobbboo.oggnonn2

O k-means] O (hard-clustering):0 O kO DO, 0 0000000,00000000000O .
OEMOO:000D00000DO0ODOODOODOODOODOO
OOODEMOODOO:

#15 Information Retrieval

O Probability Ranking Principle: 0 O 0 0000000000 OOOOOOOOONO)
OOnd000000D00ODO0.000n000000D00000O0,00normalizeddC0,00000000
oOooooo

O0000Onormalized 000 0OOOO0O0O.

Otf {ijywiddj0ooood;df r00w iO0dOOO;cf bw i0OOO0OO
O tfidf: w_{i,j} = (1 + log(tf_{i,j})) * log(D / df_i)
OoDooooooo

U IDFO O :

O0000,00000 0 odds of relevance: P(Rel | d) /P(NotRel | d)U O

00 0O0OBayesd 00O O0OO,0log P(d | Rel) - log P(d | NotRel) + log P(Rel) - log P(NotRel)
godooooo,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_iO Ow_iddO OO OO
O0p_i=PQ|ReNODOW_iDD0OO00OOOOOODO,0D0OPK i|Rel)y=p_in{X_i}*(1-p_i)™N1-X_i}
O0000q_i=P(1|NotReh), OO OO

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)}
O00000X i00,00000.000(d)=01+02

O00p i0D0000000O0DOO,001=\sum_iX_i*log[p_i/(1-p_D]=c\sum_iX_i
0000000000000 00,0q_i=Pw_i)=df_i/N,(1-q_i)/q_i=N/df i

00 0 O(d) =\sum_i [X_i * (c +idf_i)]

oDoooooag:

OPoisson:0 000w i000000ODOOcentd O Poisson(L_i),L_i=cf_i/D
Opk, L_i)=P(cnt=k) =e™-L_i} L_i"k / k!

O0000000000d _i=N*P(cnt&gt;=1) =N (1-p(0,L_i))
Oo0o0doo,000o0boOo,000b0o00ooOooog
O00:00000000 orz.

OO00OPoisson: 000 0000:000000@Oo,bO0)yoooooooooo

gbodoooooooodod
[ Latent Semantic Indexing (topic model)
OO000-00000SvD

OTextTiling: OO ODOOOOOOOODOO

O0000:00000000(cohesion),00000O00OO0ODODODO
gobobobo,ugoboboobooggad
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O00000O:BlockComparison. D0 O OD0OD0OO0OODODOODOOOOOOOO

#16 Text Categorization

gbododooo.guotdodooouooooon
ODecisionTree: I OO0 O O0O0O0O0OO0OOOOOOO
O0000D0:0000000000,00000 000 overfitting

OO0 Ostopingcriterion: 0 0000000 OO0OO0O0OOOOO

O Maximum informationgain: O O OO0 OO0 O00,00000000
O0000o00o0obo0o,00b0bo0o0obooooooog

0000000 held-outdata)D DO O/00,00000000000
O0000D00O000,000n-foldcross-validation,0 O 0 0000 O0O0OOOOOO,O0O
O0o00ooooooao.

(0 Maximum Entropy:

O000000000,00KOODOOO base

O00KOODODOOfixe) ,x0OODODOOOO@OooDooo?z00)
O0c=1(00D0ODOD0OD0O0)OxOOOw_i00O O &gt;0,0 f_i(x)=1, else =0

[ loglinear model:

O p(x,c) =Z*\prod_(i=1~K){a_iMf_i(x,c)} }a iD DO OOOO,000000000,Znormalized
O00000px)0px0000

Oo0o0d0oooooooooo,0ooooooo?

00 00D (96%)

O0000o0o00oDOOo0ooooDoooooaon

(] Perceptron:
ooooooooboobooo,0ooboob0oooDoo, b0 oDoOD@oo
Oooog)

O 0O linearly separable0 O ,0 0 000 00.
O00000Oword-basedd OO0 O0OOOODODO.(83%)

(I Nearest neighbor classification:
O0oo0o0o0oo0ooooooo,oon
ooooooooag.
200 0000000000000 0O-01210
UUOn-gramU OBOOOOV
O00oooOoo0oooooooobooooooooo ooobboooooooooooooa
OooooBOOOO0O0O0O0O0OOOoOoOoOoDODO0O0O0o0oooDOooDoOOoOddn-gramOOOO0O
O0oooooooooooon

OO000000ob7b0b0oboooogbDOmanningl DO O0OODOODODO" DODOO
02732660 U U UBOODO27326600 U OO OO U

gobBbbbovououoooooooB=vA20
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0000001200 0000000004580 0000000000000 p(notjwas)d 0 00O
0 O (608 + 0.5)/(9404 + 14589%05)" 000000000000
(608 + 0.5)/(9404 + 14589°2*0.5)

goobobobbooouoooobbbbbdooduobesSUUELEDODOLDDDDODDOOOOOO
guooooood

gobbobobbuoogooobobbbbodooooooboobbod

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 VV/n for predicting the
frequency of n-grams. (Thanks to Tibor Kiss &lt;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 &It;s.renals .... dcs.shef.ac.uk&gt; and Gary Cottrell &lt;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 &lt;sirai .... sccs.chukyo-u.ac.jp&gt;, Mark Lewellen
&lt;lewellen .... erols.com&gt;, and Gary Cottrell &lt;gary .... cs.ucsd.edu&gt;
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