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Introduction to Information Retrieval

So Far What We Have

 L1: Document Similarity
— "a Bag of Words" Model, Term Weighting (TF-IDF, x2, Ml)
— Vector Space Model (VSM)

 L2: Co-occurrence
— Association
— Link analysis : Co-citation & Coupling
e L3: Classification
— Naive Bayes, k Nearest Neighbors, Support Vector Machine

— Decision Tree, Bagging and Boosting, Random Forest
— Neural Networks
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e L4: Clustering
— k Means, DBSCAN, Hierarchical Agglomerative Clustering
— Topic Modeling
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Agenda

* Sequence tagging
* Chinese processing
e Other language issues
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Sequence Tagging

* To assign of a label to each member of a sequence of
observed values. For example:

— part of speech tagging and voice recognition in language

processing B R 73 T P RIFE 1R a0 M8 & H el

— Applications of sequence analysis or prediction in finance /

bioinformatics 473 e EEH LRI TER

 This can be done...

— as a set of independent classification tasks. For example,
step forward one per member of the sequence a time.

— by making the optimal label for a given element dependent
on the choices of nearby elements.
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Example (1)

" EREEEENER
— moving a cursor from left to right, use the last n words to tag
the current one.

— as a classification task, for example, to Decision Tree or SVM.

W Wi W, W
= Ed = & =
= & = H
= & =] H ig)
& = =2 ig) Ef
= H i P

Use the last 4 words to tag the current one
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Example (1)

. ZE2EEEYER"
— to obtain probability P(W,|W._, W ,,..., W)
— for the sequence, when i=1, the probability is

P("E=RIZ2E B BEZX")=
P(EH | Z=)xP(2 | B)x P(1E | 2)xP(EB | 1&)x P(EH | B )xP(FY | EB)x P(EX | BY)xP(Z | )

* instead of product of the probabilities, sum of log is used usually in programming.
7
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Example (1)

. EERESENEE"
— in voice recognition, the probabilities of various candidates
are evaluated, and the highest one is chosen.

P(“Z=BIZ2{E B FRRIEIZ")=0.08 <chosen
P(“Z= = {CUE B RV EI 2”)=0.05
P(“Z== 2 EEHEIZR")=0.07
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Example (2)
- ZEFAHKRESHEESHIEHER RK ZE%

% PR R B R AR BE 40 T

AR AR - SEERIRFERET N
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Hidden Markov Model

Fig. 3 Hidden Markov model

We have

Y = <yy,y1,...y;> = hidden state sequence

<Xp,X,...X,> = observation sequence

Ref. Lei Zhang and Bing Liu, "Aspect and Entity Extraction for Opinion Mining", 2014
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HMM models a sequence of observations X by assuming that there is a hidden
sequence of states Y. Observations are dependent on states. Each state has a
- probability distribution over the possible observations. To model the joint -
distribution p(y, x) tractably, two independence assumptions are made. First, it
assumes that state y, only depends on its immediate predecessor state y,.;. y, is
independent of all its ancestor yj, y,, V3, ... , 2. This is also called the Markov
property. Second, the observation x, only depends on the current state y,, With
these assumptions, we can specify HMM using three probability distributions: p
(yo) over initial state, state transition distribution p(y, | y.;) and observation
distribution p(x, | y,). That is, the joint probability of a state sequence Y and an

observation sequence X factorizes as follows.

p(Y9X)=Hp(ytI.y;—l)p(xflyr) (2)
=1

where we write the initial state distribution p(y,) as p(yilyo).

Given some observation sequences, we can learn the model parameter of HMM
that maximizes the observation probability. That is, the learning of HMM can be
done by building a model to best fit the training data. With the learned model, we

can find an optimal state sequence for new observation sequences.
11
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Conditional Random Fields

One limitation of HMM is that its assumptions may not be adequate for real-life
problems, which leads to reduced performance. To address the limitation, linear-
chain Conditional Random fields (CRF) (Lafferty et al., 2001; Sutton and
McCallum, 2006) is proposed as an undirected sequence model, which models a
conditional probability p(Y1X) over hidden sequence Y given observation sequence
X. That is, the conditional model is trained to label an unknown observation
sequence X by selecting the hidden sequence Y which maximizes p(Y1X). Thereby,
the model allows relaxation of the strong independence assumptions made by
HMM. The linear-chain CRF model is illustrated in Figure 4.

(o)

Yo Y1

X0, X1, X2 «o0 Xf

Ref. Lei Zhang and Bing Liu, "Aspect and Entity Extraction for Opinion Mining", 2014 12
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 CRF implementation
— CRFsuite
— CRF++
— MALLET

13


http://www.chokkan.org/software/crfsuite/
https://taku910.github.io/crfpp/
http://mallet.cs.umass.edu/

Introduction to Information Retrieval

Chinese Processing

14
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Problems in Chinese Processing

“NBBHFC | SHIMBRBEXINEL - SRS
TEER - olBUZREAL - 2218 - TRURGGS BAFEE1H
R - IREFERE M35 - SBIURRVNO—F - Z
?ﬁﬂﬂﬂ%@?%ﬁ%ﬁ% A 3 "

« "ZEHE | ZRXZFNREEE - 2Tk A
B - =R _ﬂffﬁm SR PSS

15
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Problems in Chinese Processing

« ¥z (out-of-vocabulary, OOV)
— JUIB /)18 7 B E R IS —{E ANk
- 73 (term segmentation) JERIZE
- BB RIBEIEERRANES
- AOPENMSER
- 2P - WERNE MIBUREREMWO R

16
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Problems in Chinese Processing

- EFINAEE . BREFEREEZN E N NE
— Emjﬂ

- ZBKEE  power failure in Taiwan
. E?—(Eﬂ) SR Z &
— A— (LB KER : i —= Sl2TE - MIEFE

power failure in NTU

da

—- EE —{E@A Like someone
— E# E—{EA Like to be alone
— E# F—1{@EA Like the last one

17



Introduction to Information Retrieval

What's the Difference in Chinese ?

« Algorithms in English are based in "Term"

Al RS A ERAEMESR
— Document — Paragraph — Sentence — Term

— Some expand to Phrase BEERERE
— Some change to n-gram B X An-gram

« The major difference in Chinese
— Character range space is much larger

O]

VI REZERE

=

&

=h=
AR /3

— No obvious boundary between characters / terms.

O

SR DA

it HA 28 77

i

/40

1~ 5%

18
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What's the Difference in Chinese ?

e

Eu
Aat B

= (7t) Character

ad)

k&

Clea

2 5E

A

BIG5: & = 4J50001&, X% FHF#%I80001
Unicode: V4 & &%=

AE: H376EEF(AZHEEL)

h B CKIPEYEE: — U EX1358 5

=374
Z 5 Letter
= Word
k& Phrase
8)F Sentence

5% Paragraph
4 Document
Webster Dictionary:
470,000

19
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Problem in Chinese Processing (1)

» Term Segmentation &fizd (i.e. 38 70 %E)
— Example
BE 3% RE E @R R K B9 BN
B F EXTY BYEE
— Solution
1. FEE - AR EERITA
20KRIT ¢ BIUNSOEAT ~ BRVARl - IRFRERRIAR]
3. Al#RAET T ;. AlUlFEEE (RAEEAES) &
4. BEIDHET . REREES D BB
— Result
IRSTEE 3,484, [EREROZE 9 BLLE

20
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Problem in Chinese Processing (2)

» Part-of-Speech Tagging a2 E

— Example
xE FE BT IE
Nc Na Nd N
VC Na
VK NV
N. 85 Ve
V.. EhE \a
D.. Bl A
A A D
T &BEn& D3

Hiz R K B EJ]

egb Nv Dfa Na Na Na

VK Nv T
VA De
VH Di
V)
A

21
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Problem in Chinese Processing (2)

» Part-of-Speech Tagging s M2 E

— Solution A
: — Caa  |/*HJTEHPES] » 40 ¢ D~ BRY
= ; = >, /* BRG] */ Cab  |/sifizss » 40 Y
1. I:|J|| Izl I%ﬁ I:I-|—fg . P 1*F1 58] Cga *ii—’?%ﬁ] Y : HYEE*
T I*aB Bl */ Cbb |/ PRk s */
| O A Ry =T an) VA | MEIfER R Da |l
Bl YN 55 o] kg R AR 1Y VA (RO Do wmBEY
L\ ¥ s VB |\*EH{ER R EhGE Dfb  |/*EhGE &R R
2. g Ej] /7] iﬁﬂ . VC  |*EhE RN Di /*ag;gﬁgjé*,' |
&= 5 = i S L\ o VCL  |*EhfEfEit 7B EE8h* Dk el ok
> == oo B 7 VD (*EEE EhGE Y/ D | X5 %/
Hﬂ' Fla rﬁ I~ /ZE E\—J' % 7] AR Fl:ﬁ EE\_ VE P R B Na j-*jg}-%gﬂ*f
VF e GE E Bl Nb [* B TR
— ReSU |t VG o Nc I*3th 7 ER %/
VH IIRERA B Ehae */ Ned  |/*fir B5a*/
T— S22 3 A VHC  |/*fRE&({EBhEGsE/ Nd (I S ] %/
1- EE -+ E—l- ;E 9 )jz J//i J: Vi IR EESE R Bl Neu |/ *ilsEsi*.
L e VI |REE RS Nes  |/5isisaw
E_[ ? P\T 4 II:':II Eq: % WE‘.E\ JEH VK |iRRE B Nep |y
- VL PR EREE B Bl */ Neqa |/*8&5E %
V2 |*HEY Negb |/*/& BB E Y
DE Nf g
. — | [N e [V > SHI Ng I E T
% DPHBRTEENEREIET W SR W

22
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Problem in Chinese Processing (3)

« Unknown Term <173 (Ei#Out-of-Vocabulary)
— Example
MEEANRLZRREZIEE PEREBIEETT

S REE MR EWERIR AT TR BB

— Solution

1. FeiiBlEnR - BEERMEMD

REBBLIERNERIEIR - Sin-gram#RstEE

2. AN&sBhE - BELGIEAET VEE

— Result

[FFERT[Z 7~8 B (25 H1EE)

23
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Tool for Chinese Processing (1)

e Jieba #5200 3( nj

https://github.com/fxsjy/jieba

- MRS - XIEZEES

- CHFEE D RERE - HERAB S RBE
— AHAFEE 2 ERHMMIRED

— i%ﬁﬁ nj/\?: j(
- B0 EIRCRETL "EHEN L RFEEP "TEX, Z/FAK

H

\

24
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Tool for Chinese Processing (2)

« eLand ETool
— FASEERAP

~ 28
- EEIRA
- BERHE
. HiFEBEANIEE

« 1BREFIE

e FAENR

25
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D) EAuE T JRIE
.

SHENBM. BBFEIHRBA.BENTADE...
.« D% EYL SE)

(B2 |freq=1)~1/n ..>t 9B
p(FEZE |freq=2) ~ (1/n)?... >

p(F5%2 | freq=3) ~ (1/n)3 ... < t, found
p(F5 52 | freq=4) ~ (1/n)% ...

- HIE BHE RugEERRNFFH

T A O sGEARENFFEEETEH
e p(55%|freq=3) & p(52 /1 |freq=3) < t
« merge(fFE, 2 N) = BEN
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EIEAE T EEIA

9111]

« Pln-gram - HHE

 BIEERE R

Hyke Y8 BRE ¢
1. 4cf{#i ] Bigram HUHFTE ATREZ H2C B2 » WG TR 5 {8 a0y
HAER U8 (occurrence frequency ) = & ATAS & 27 & A List tf
2. & List NEBZEls
2.1 MergeList 3% £
2.2 JiA List Z &5 Rt HA R RC
2.3 3414 List iRy AH:EZ T3 K1 B K2 »
%5 K1 Bil K2 .2 HER B &% threshold T » (AR ATHE S
1 K1 B K2 #5455 K 0 #F K @2 MergeList
i K iz HERsohn 1

K1 ZHBEAEER T KRR A et
E S R

# K1 A FinalList
2.4 List 5% 55 MergeList

3. i FinalList %0 &8 2 B 5% 20 RS

™

2P

G

Ly

IR FITE
=]

LIBACDBCDABACD A4
2% 7E threshold T=1

FinalList&2 5%
CD: 3
BACD : 2

OER R BN L W 12 A s =

51 FLILCSE =B (Longest Common
Subsequence) - BIRBE#H 2 &)

27



=EIRHES
2 E<a
. EHESEENTF

- RAEFEFE8Ea9 NS
- HAF S o EEELAN A IEFANERE

28
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HMM [ 5l

« Hidden Markov Model
— HETisE R AR T
~- RBIIE R (sequence)

Gaussian T T T T

distribution | / \

Transition Prob. Observation Prob.

So | S1 | S
P, (0,)

So | Poo | Po1 | Po2 i

S1 | Pwo | Puu | P12

S2 | P2 | Pa1 | P22

v
) 4

29




44 2=
HMM [ 5l
o P EREEIRY)

— Ex.
= (V) HE(N)2(SHN—(N)IE(N)E A (A B (D) s 5 (N)

CR

Vv N SHI N

30
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HMM [ 5l
o« P ENEIRVEE

- NSHRESAEE

31
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| Al

,rEz 3

m|e 7

- A bag-of-words

—_—_—_———————————

12:
ST
SIAABE
7 Ny &F
il

—_N ———ee e e — —

Positive Terms

—_——————eeeee e — —

—_—_—_———————————

—_N ———ee e e — —

Negative Terms

—_——————eeeee e — —

Okapi BM25

scorehD,Q)/ document lengtt
S or(g) (@06

f(q,,D)+k@—-b+b- ‘D‘ )
avgd

avg. document length

32
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154& > Al

. Associate Attitude
- BUEBEETE

L LCERNERNRB -RTARZE.

/%ﬁtﬂ(w) »

ang | - ERREENRE-BtTEL..
=% (1.0) \ | ,

/;*;%35(-1.0) \ - s

E(-10) | LEXRNEENRB ST ABRZE..

33
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Appendix

34



Chinese Text Retrieval without
Using a Dictionary (chen etal, sicire?)

« Segmentation
— Break a string of characters into words

« Chinese characters and words

— Most Chinese words consist of two characters (4 ~ ix)

— 26.7% unigrams, 69.8% bigrams, 2.7% trigrams

(A5 o I FH ST FRL)

— 5% unigrams, 75% bigrams, 14% trigrams, 6% others (Liu)
« \Word segmentation

— statistical methods, e.g., mutual information statistics

— rule-based methods, e.g., morphological rules, longest-match rules, ...

— hybrid methods

Hsin-Hsi Chen 9-35



Indexing Techniques

 Unigram Indexing
— Break a sequence of Chinese characters into individual ones.
— Regard each individual character as an indexing unit.
— GB2312-80: 6763 characters

« Bigram Indexing

— Regard all adjacent pairs of hanzi characters in text as
Indexing terms.

 Trigram Indexing

— Regard all the consecutive sequence of three hanzi characters
as indexing terms.

Hsin-Hsi Chen 9-36



Examples

sentence C1C2C3C4C5Ch

unigrams £1, €2, C2, €4. C5. g

bigrams CjC2, €2C3, €CaCq. Cyls. O5C6
trigrams C}C2C3, €2C2Cq. C3T305. 405G

Table 1: n-gram indexing methods

shows the number of unique and total number of unigrams. bi-

grams and trigrams in the TREC-5 Chinese test collection. about

one third of possible Chinese bigrams occur at least once in the

Chinese collection.

n-gram no. distinct n-grams no. N-grams
unigrams 6,236 64.611.662
bigrams 1,393.488 54.362.319
trigrams 8,119,574 19.886.331

Table 2: n-gram size of TREC-5 Chinese collection

Hsin-Hsi Chen

9-37



Indexing Technigques (continued)

« Statistical Indexing

— Collect occurrence frequency in the collection for all
Chinese characters occurring at least once in the
collection.

— Collect occurrence frequency in the collection for all
Chinese bigrams occurring at lease once in the

collection.
— Compute the mutual information for all Chinese
bigrams. 1(x.y)=I )/
1(x,y)= ||092((F()f(2( ”{fﬁ?)&?fﬁ?& (i) /N)(;y) ng((g((;()zi)(y)))
0 X X * — *
= log (N JTO0S)) 2 <1082 (PO (POY*P(Y)
— Strongly related: much larger value =log, (1/*p(y))
— Not related: close to 0 - 106Y)=log,(p(x,y)/(P(X)*P(Y)))
— Negatively related: negative =log,(p(x|y)/p(x))

=l0g,(p(xly)/p(¥))26°



f(c1): the occurrence frequency value of the first Chinese character of a bigram
f(c2): the occurrence frequency value of the second Chinese character
f(clc2): the occurrence frequency value of a bigram
I(c1,c2): mutual information
I(c1,c2) >> 0, c1 and c2 have strong relationship
I(c1,c2) ~ 0, c1 and c2 have no relationship

I(cl,c2) << 0, c1 and c2 have complementrary relationship

bigrams f(cl) {(c2) | flclc2) I(c1,c2)
%] 3k (eliminate) 1,549 | 1,632 1,343 15.06
¥ X (apple) 1,208 | 50,416 | 1,021 10.08
o 2= (beautiful) 1,445 6,301 859 12.57
JE F (unusually) | 37,579 | 50,257 | 7,157 7.93
4o X (il ) 57,975 | 50,416 | 10,884 7.91
A< 7K (not water) | 311,474 | 90,495 1 -8.76

Table 3: Mutual information of six Chinese bigrams



higrams f(cl) f(c2) f(clc2) I{cl,c2)
+ B 615,222 | 925,353 | 228,090 3 4.69
B X 925,353 | 417,826 6,791 5 0.18
F Hy 417,826 15,331 6,946 2 6.13
B ¥ 15,331 256,559 22 9 -146
R 256,559 328,500 1,058 7  -0.30
% 38 328,500 139,630 | 11,946 4 4.07
3B &Y 139,630 | 2,017,405 4,340 6  -0.00
%7 38 2,017,405 26,690 676 7  -0.30
ol 26,690 24,869 2,412 1 7.87

Table 4: Mutual information values of bigrams.

I step ] phrases action ]
1 P B &k p# ALK #3418 | remove W B (ail fields)
2 + B & gh#r N6 " | remove X Ef(mainland)
3 P B R K49 remove 3 IR (discover)
4 + B ﬁ' #3 stop

Hsin-H: Table 5: Word segmentation process using mutual information. 9-20
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Segmentation as Classification

— BB 0% IRE E HER RA R BT
BE BEBES BEBES BE
- N A EE
BIES BE

Table 1. Position tags in a word (BIES tags)

Description

one-character word
first character in a multi-character word

intermediate character in a multi-character word (for words longer than two characters)

—
[T] Lo 3
ww) oo

last character in a multi-character word

41
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5 Feature templates

(a) Default feature

(b) The current character ( Cﬂ}

(c) The previous (next) two characters (C,,C_|,C,,C,)

(d) The previous (next) character and the current character (C.; Cy, Cy C)),
the previous two characters (C_> C_y), and
the next two characters (C; C>)

(e) The previous and the next character (C_; Cy)

(f) The tag of the previous character (7.;), and

the tag of the character two before the current character ( 7->)

- C; C., C, Co G, G, G
by
2
T, T, 1 T, T, T, T

42
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— Training data : input features and the target
=3 B E = - % i

E * B 7] B 1= E = E

43
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Table 5. Bakeoff data

Corpus # of _train # ﬂtj test Unknown Size_ ut_" original _ _Size of
words words word rate dictionary dictionary used
PKU 1.1M 17,194 6.9% 55,226 36.830
CHTB 250K 39922 18.1% 19,730 12,274
AS 5.8M 11,985 2.2% 146,226 100,161
HK 240K 34955 7.1% 23,747 17.207
Table 6. Segmentation results obtained with bakeoff data
Corpus | Recall  Precision  F-measure Recall ,imown Recally,
PKU 95.5 941 947 71.0 97.3
CHTB 86.0 83.5 84.7 577 922
HK 954 921 93.7 65.5 97.7
AS 97.0 94 8 959 69.0 97.6

from "Chinese Word Segmentation by Classification of Characters", 2005

44



I Ry am - AR

¢ Word Vector and Word Embedding
° #FWordRAME - sTEWordrytH{ElE
o HiE— ULEMXF MIEBBXEREN - oJthEMEE
- Ex. SREVKRE| AL - BRIOKREALE : SK——HX
- Ex. RENABA...  BRNABF...  BRIL——-EREX

Copyright © Proprietary and Confidential. All rights reserved.

45
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Recap: the weight matrix

Anthony Julius  The Hamlet Othello Macbeth

and Caesar Tempest

Cleopatra
ANTHONY 5.25 3.18 0.0 0.0 0.0 0.35
BRUTUS 1.21 6.10 0.0 1.0 0.0 0.0
CAESAR 8.59 2.54 0.0 1.51 0.25 0.0
CALPURNIA 0.0 1.54 0.0 0.0 0.0 0.0
CLEOPATRA 2.85 0.0 0.0 0.0 0.0 0.0
MERCY 1.51 0.0 1.90 0.12 5.25 0.88
WORSER 1.37 0.0 0.11 4.15 0.25 1.95

Each document is now represented as a real-valued vector of tf
idf weights € RIVI-

Each word may be represented as a real-valued vector, too.
46



OpView Dictionary

Term
£
Fe A\ —{EREER
B
10
EEAEEE

il

e A

ptt-r1612 v

RUNGER G

fhirak:

R TAUB IR - BT
TE - AT -

flan: &-=>2

Bl AL

oH

W

10

A

ptt-r1612

HREE

R
no. e

1 JB%F
2 g &
3 KoEEE
4 EH
5 FEREt
6 BRE
7 e
8 JE L EK,
9 fE

Ehi—— T8I - REE - NFER - BE -

B ElE - B BERE - iE

FRHELEE

0.6567696332931519

0.6359816193580627

0.6202948093414307

0.5848792195320129

0.5537295937538147

0.531093180179596

0.5226638317108154

0.5093675851821899

0.5076067447662354

D

o
< Bl B Bl BB BB :
8 EY k2 kRl
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Other Language Issues

48
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Tokenization

* Input: “Friends, Romans and Countrymen”

e QOutput: Tokens
— Friends
— Romans
— Countrymen

e Each such token is now a candidate for further
processing
— IEF LK EES B
— (EIE—FEE It EREAEE (IR PEE = 2
— B B R (I Y R B 2 — 5

49
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Tokenization

* n-gram or n-word ?

— {=~7 Taiwan verbietet Verzehr von Hunden und Katzen

— E[JJE X Taiwan Segera Berlakukan Undang-undang Larangan Makan
Daging Anjing dan Kucing

— FE AKX mangiare cani e gatti diventa illegale

— HkEF . COng hoa x3 hoi chd nghia Viét Nam

- HXX >V AR—1L

— gz CHEEA A0 &

— ZE WewoanaNtauun oy
50
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Tokenization

* |ssues in tokenization:
— Finland’s capital — Finland? Finlands? Finland’s?

— Hewlett-Packard — Hewlett and Packard as two
tokens?

— San Francisco: one token or two? How do you
decide it is one token?

51
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Numbers

e 3/12/91 Mar. 12, 1991

« 55B.C.

e B-52

My PGP key is 324a3df234cb23e
« 100.2.86.144

— Often, don’t index as text.

e But often very useful
* mixed with text: ex. &= LU 5% Nikon D700
(One answer is using n-grams)

52
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Tokenization: Language issues

e [L'ensemble — one token or two?
—L?L"?Lle?
— Want l’ensemble to match with un ensemble

* German noun compounds are not segmented

— Lebensversicherungsgesellschaftsangestellter

— ‘life insurance company employee’

53
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Tokenization: language issues

* Chinese and Japanese have no spaces between

words:

 SIRENERAEEEAEDOGE R, B
H

— Not always guaranteed a unique tokenization il

 Further complicated in Japanese, with multiple
alphabets intermingled JE &5
— Dates/amounts in multiple formats

l\>
T —F 1 5004 SR B D08 5 7-$ 500K (#96,000.54)

Katakana Hiragana Kanji Romaji

akEed P ET  EEPE

54
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Normalization

e Need to “normalize” terms in indexed text as well as
guery terms into the same form

— We want to match U.S.A. and USA
— &5 A (AT Y R B R — 2K
e Alternative is to have multiple tokenization

— mixed language processing and n-gram approach

55
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Normalization: other languages

* Accents: résumé vs. resume.
* Most important criterion:

— Even in languages that standardly have accents, users
often may not type them

— How would you like to present in the final result ?

 German: Tuebingen vs. Tubingen
— Should be equivalent

7H30H vs. 7/30

56
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Case folding

e Reduce all letters to lower case

— exception: upper case (in mid-sentence?)

* e.g., General Motors
* Fedvs. fed
o SAIL vs. sail

— One approach is to lower case everything in analysis,
meanwhile to represent in the original form
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Stop words

e With a stop list, you exclude from dictionary
entirely the commonest words. Intuition:

— They have little semantic content: the, a, and, to, be

— They take a lot of space: ~¥30% of postings for top 30
 But the trend is away from doing this:

— You need them for:
* Phrase queries: “King of Denmark”
* Various song titles, etc.: “Let it be”, “To be or not to be”
» “Relational” queries: “flights to London”
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Thesauri and soundex

e Handle synonyms [5]Z5F and homonyms [5] & 5¢
— Hand-constructed equivalence classes

* e.g., car = automobile

e color = colour

 Rewrite to form equivalence classes

JRAN : Wt T2 > ARG [ ? B E Bl ?
— (1) Index such equivalences

 Ex. When the document contains automobile, index it under car as well
(usually, also vice-versa)

— (2) expand query
* Ex. When the query contains automobile, look under car as well
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Soundex

e Traditional class of heuristics to expand a query into
phonetic equivalents

— Language specific — mainly for names
— E.g., chebyshev — tchebycheff
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Lemmatization

Reduce inflectional/variant forms to base form
e E.g,
— am, are, is — be

— car, cars, car's, cars' — car

the boy's cars are different colors —
the boy car be different color

 Lemmatization implies doing “proper” reduction to
dictionary headword form
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Stemming

 Reduce terms to their “roots” before indexing

e “Stemming” suggest crude affix chopping
— RFHES R F R AR
— language dependent

— e.g., automate(s), automatic, automation all reduced to
automat.

for example compressed for exampl compress and
and compression are both q compress ar both accept
accepted as equivalent to as equival to compress

compress.
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Porter's algorithm

e Commonest algorithm for stemming English
— Results suggest at least as good as other stemming options

 Conventions + 5 phases of reductions

— phases applied sequentially
— each phase consists of a set of commands

— sample convention: Of the rules in a compound command,
select the one that applies to the longest suffix.

H—EEE O eAER AT > Pk s AR Al
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Typical rules in Porter

* Sses—>ss

e jes— |

e gtional — ate
e tional — tion

 Weight of word sensitive rules
e (m>1) EMENT -

* replacement = replac
 cement - cement
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Other stemmers

e Other stemmers exist, e.g., Lovins stemmer
http://www.comp.lancs.ac.uk/computing/research/stemming/general/lovins.htm

— Single-pass, longest suffix removal (about 250 rules) 5T EE 5

Do stemming and other normalizations help?

— help recall for some queries

HHEEER (fe 2 _EF)
Ex. £ B K, [EHFH H FAH]

— but harm precision on others

E AT g EFEIVER] (IEHE2R T F)
Ex. ¥ Steve Jobs Afl#k £l steve’s job
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