Correction!!!

Clarilcation of TF-IDF scoe

® Some of the slides show this formula:

tFidf (t,d) = (1+ log(tf ¢ q)) ! Iog-

® Precisely it should be:

tFidf (td) = WTE(t d) «log ('Cdpusl)

dq
® The difference Isjust the special case whentf=0
WTF (t, d)
1 If tfig =0

2 then return(0)
3 else return(1+ log(tfiq))




Vector Space Scoring

Queries In the v ector space model

® Central idea:the query isavector

® We regard the query as a short document

e \We return the documentsranked by the closeness of

their vectors to the query (also a vector)

V(q) - V(d;)

SZTn(Q? dz) —

V(q)||V(d))]

e Note that g iIsvery sparse!




Vector Space Scoring

Cosine Similarity Scor e
® Also called cosine similarity

V) = ¥ (dclgl‘(v)(dZ)‘ 0 V() P V (d)
" B v (dl) AV (dz) ; I |
COS( ) - N/(dl)w\/(dzﬂ ,:.{/:/::)
. v (dl) ,v (dz) ;;’.-__:::::::Z”,"{;£;15) : »
dy,dr) =
I TN 2T




Vector Space Scoring

Cosine Similarity Scor e
® Define:dotproduct

‘l/(d1)"l/(d2) — i(v(dl)iv(dZ)i)

=t £ V(@)

Antony and Julius The Tempest Hamlet Othello M acbdh
Cleopara Caesar /

Antony 131 11.4 0.0 0.0 0.0 0.0 S
Brutus 3.0 8.3 0.0 1.0 0.0 0.0 ).#0 V(ds)
Caesar 2.3 2.3 0.0 0.5 0.3 0.3 FE P

Calpurnia 0.0 11.2 0.0 0.0 0.0 0.0 ;oS

Cleopara | 17.7 0.0 0.0 00 00 00 |/ +Q V(da)
mercy 0.5 0.0 0.7 0.9 0.9 03  |fim -0 V(ds) .
worser 1.2 0.0 0.6 0.6 0.6 0.0

Vd)aV(ds) = (13.1! 11.4) +(3.0! 8.3) +(2.3! 2.3) + (0! 11.2) 4+ (17.71 0) + (0.5! 0) + (1.2! 0)

= 179.53




Vector Space Scoring

Cosine Similarity Scor e
e Define: Euclidean Length

n
V(dy)| = (V(d)iV (da)i) v
: d
=11 '. (dz)
. Q V(d)
Antony and Julius The Tempest Hamlet Othello M acbeh ,
Cleopdara Caesar / p
Antony 131 11.4 0.0 0.0 0.0 0.0 / .
Brutus 3.0 8.3 0.0 1.0 0.0 0.0 ).#0 V(ds)
Caesar 2.3 2.3 0.0 0.5 0.3 0.3 N P
Calpurnia 0.0 112 0.0 0.0 0.0 0.0 ;oS
Cleopar a 1 0.0 0.0 0.0 0.0 0.0 e e +Q V (da)
mercy 0.5 0.0 0.7 0.9 0.9 03 |zt V(ds) _
worser 1.2 0.0 0.6 0.6 0.6 0.0
|V(d1)| - (13.1 % 13.1) + (3.0 % 3.0) + (2.3 * 2.3) + (17.7 * 17.7) -+ (0.5 * 0.5) + (1.2 * 1.2)

= 22.38




Vector Space Scoring

Cosine Similarity Scor e
e Define: Euclidean Length

g
V(d)| = #  (V(do)iV(do)i)

i:tl

pe V(dy)
Q V() .~

Antony and Julius The Tempest Hamlet Othello M acbdh

Cleopara Caesar 5 p

Antony 13.1 11.4 0.0 0.0 0.0 0.0 ; \

Brutus 3.0 8.3 0.0 1.0 0.0 0.0 ).+Q V(ds)
Caesar 2.3 2.3 0.0 0.5 0.3 0.3 N P
Calpurnia 0.0 11.2 0.0 0.0 0.0 0.0 ;oS
Cleopar a 17.7 0.0 0.0 0.0 0.0 0.0 e +Q V(d)
mer cy 0.5 0.0 0.7 0.9 0.9 03 |zt V(ds) _
worser 1.2 0.0 0.6 0.6 0.6 0.0
V(d;)| = (114! 11.4) + (8.3! 83)+ (2.31 2.3) + (11.2! 11.2)

= 1815




Vector Space Scoring

Cosine Similarity Scor e

® Example
. _ V(dy) 8V (dy)
sim(dy,dp) = v
[V (dy)[IV () e A
_ 17953 e
22.38% 18.15 F 7 e v
= 0.442
———————— »Q V(dy)
etV (ds) .




Vector Space Scoring

Exercise
® Rank the following by decreasing cosine similarity.
e Assume tf-idf weighting:
® Two docsthat have only frequentwordsincommon
® (the,a, an, of)

® Two docsthat have no wordsin common

® Two docsthat have many rare wordsin common

® (mocha,volatile,organic, shade-grown)




Vector Space Scoring

Spamming indices
® Thiswasinvented before spam
e Consider:
® |Indexing a sensible passive document collection
® Vs,
® |ndexing an active document collection, where people,

companies, bots are shaping documents to maximize

SCOores

® \ector space scoring may not be as useful in this context.




Vector Space Scoring

Interaction: v ector s and phr ases

e Scoring phrases doesn®naturally fit into the ve ctor space

world:
e How do we getbeyond the Chag of wordsQO?

e (dark roastOand (pot roastO

e There isno information on Gdark roastOas a phrase in

our indices.

® Biword index can treat some phrases asterms

® postingsfor phrases

® document wide statistics for phrases




Vector Space Scoring

Interaction: v ector s and phr ases

® Theoretical problem:
® Axesofourterm space are now correlated

e There isalotof shared information in Aight roastO

and Gdark roastOrows of our index

® End-user problem:

e A userdoesn®know which phrases are indexed and

can more effectively discriminate results.




Vector Space Scoring

Multiple queries for phr ases and v ector s

e Query: Qising interest ratesO

® |terative refinement:
® Run the phrase query vector with 3wordsasaterm.

® |[f notenough results, run 2-phrase qgueries and fold into

results: Qising interestOdnterest ratesO

e |fstill notenough resultsrun query with three words as

separate terms.




Vector Space Scoring

Vector s and Boolean queries

e Ranked queries and Boolean queriesdon®work very

well toge ther
® |Interm space

® ranked queries select based on sector containment -

cosine similarity

® pboolean queriesselect based onrectangle unions

A A

and intersections
O V(dy) Q V(dy)

il

, V7 (d)




Vector Space Scoring

Vector s and wild car ds

e How could we work with the query, Gquick* print*O?
e Canwe view thisasabag of words?

e \What about expanding each wild-card into the

matching set of dictionary terms?

® Danger: Unlike the boolean case, we now have tfs and

iIdfsto deal with

e Overall,notagreatidea




Vector Space Scoring

Vector s and other oper ators
® \ector space gueries are go od for no-syntax, bag-of-
words queries

® Nice mathematical formalism

® Clear metaphor for similar document queries

e Doesn®work well with Boolean, wild-card or positional

gquery operators
e But...




Vector Space Scoring

Query languag e vs. Scoring
® Interfacesto the rescue
® [ree text queries are often separated from operator
guery language
e Defaultisfree text query

e Advanced query operators are available in Cadvanced

queryOsection of interface

® Orembedded in free text guery with special syntax

e aka-term -GermatermbO




Vector Space Scoring

Alter nativ es to tf-idf
® Sublinear tf scaling

e 20o0ccurrencesofOnoleOdoesnotindicate 20 times

the relevance

® This motivated the WTF score.
WTF (t, d)

1 if theg =0
2 then return(0)
3 else return(1 +log(tfiq))
® There are other variants for reducing the impact of

repeated terms




Vector Space Scoring : Alter nativ es to tf-idf

TF Normalization

e Normalize tf weights by maximum tf in that document

® alphaisasmoothing term from (0-10) ~0.41In

ntf q= b+ (L1

practice

hisaddresses a length bias.

ake one document, repeat it, WTF go es up




Vector Space Scoring : Alter nativ es to tf-idf

TF Normalization
e Normalize tf weights by maximum tf in that document

ntf q= b+ (L1

® achange inthe stop word list can change wieghts

drastically - hard to tune
e still based onbag ofwords model

® one outlierword, repeated many times might

throw off the algo rithmic understanding of the

content




Vector Space Scoring : Alter nativ es to tf-idf

Laundry List

Term Frequency D ocument F requency N ormalization
(n)atur al tf ¢4 (n)o 1 (n)one 1
(Nogarithm 1+ log(tf ; 4) (t)idf |ogleerpesl (osine  t—pyf—
(a)ugmented ! + (1! !); ffnf;‘id) (p)robid  max{0, log(l°w 29y | (u)pivoted 1/
(b)od ean tf, 4> 0?1:0 (b)yte 1/C harLength' ,! < 1
1+l0 (tft, )
(L)ogaver age l—l—log(aUZt! G

e SMARTsystem of describing your IR vector algo rithm

® ddd.ggqq (ddd =document weighting) (qgqg = query

weighting)

e firstisterm weighting, second isdocument, then

normalization

Inc.ltc Is what?




