
Clari!cation of TF-IDF score

Corr ection!!!

• Some o f the slides show  this fo rmula:

• Precisely it should  be:

• The d ifference is just the special case w hen tf = 0

tf idf (t, d) = (1 + log(tf t,d )) ! log
!

|cor pus|
df t,d

"

tf idf (t, d) = W TF (t, d) ∗ log
(

|cor pus|
df t,d

)

WTF (t, d)
1 if tf t,d = 0
2 then r etur n(0)
3 else r etur n(1 + log(tf t,d ))



Queries in the v ector space model

Vector Space Scoring

• Central idea: the query is a ve cto r

• We regard  the query as a sho rt document

• We return the documents ranked  by the closeness o f 

their ve cto rs to  the query (also  a ve cto r)

• No te that q  is ve ry sparse!

sim(q, di) =
!V (q) · !V (di)

|!V (q)||!V (di)|



Cosine Similarity Scor e

Vector Space Scoring

• Also  called  cosine similarity

!V (d1)

!V (d2)

!V (d3)

!V (d4)
!V (d5)

!

!V (d1) á!V (d2) =
| !V (d1)|| !V (d2)|

cos(" )

cos(" ) =
!V (d1) á!V (d2)
| !V (d1)|| !V (d2)|

sim(d1, d2) =
!V (d1) á!V (d2)
| !V (d1)|| !V (d2)|



Cosine Similarity Scor e

Vector Space Scoring

• Define: do t p roduct

!V (d1)

!V (d2)

!V (d3)

!V (d4)
!V (d5)

!

!V (d1) · !V (d2) =
t n∑

i =t 1

( !V (d1)i !V (d2)i )

Antony and J ul ius The Tempest H amlet Othel lo M acbeth
Cleopatr a Caesar

Antony 13.1 11.4 0.0 0.0 0.0 0.0
B r utus 3.0 8.3 0.0 1.0 0.0 0.0
Caesar 2.3 2.3 0.0 0.5 0.3 0.3

Calpurnia 0.0 11.2 0.0 0.0 0.0 0.0
Cleopatr a 17.7 0.0 0.0 0.0 0.0 0.0

mercy 0.5 0.0 0.7 0.9 0.9 0.3
worser 1.2 0.0 0.6 0.6 0.6 0.0

!V (d1) á!V (d2) = (13.1 ! 11.4) + (3.0 ! 8.3) + (2.3 ! 2.3) + (0 ! 11.2) + (17.7 ! 0) + (0.5 ! 0) + (1.2 ! 0)

= 179.53



Cosine Similarity Scor e

Vector Space Scoring

• Define: Euclidean Leng th

!V (d1)

!V (d2)

!V (d3)

!V (d4)
!V (d5)

!

Antony and J ul ius The Tempest H amlet Othel lo M acbeth
Cleopatr a Caesar

Antony 13.1 11.4 0.0 0.0 0.0 0.0
B r utus 3.0 8.3 0.0 1.0 0.0 0.0
Caesar 2.3 2.3 0.0 0.5 0.3 0.3

Calpurnia 0.0 11.2 0.0 0.0 0.0 0.0
Cleopatr a 17.7 0.0 0.0 0.0 0.0 0.0

mercy 0.5 0.0 0.7 0.9 0.9 0.3
worser 1.2 0.0 0.6 0.6 0.6 0.0

| !V (d1)| =

!"
"
#

t n$

i = t 1

( !V (d1)i !V (d1)i )

|!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



Cosine Similarity Scor e

Vector Space Scoring

• Define: Euclidean Leng th

!V (d1)

!V (d2)

!V (d3)

!V (d4)
!V (d5)

!

Antony and J ul ius The Tempest H amlet Othel lo M acbeth
Cleopatr a Caesar

Antony 13.1 11.4 0.0 0.0 0.0 0.0
B r utus 3.0 8.3 0.0 1.0 0.0 0.0
Caesar 2.3 2.3 0.0 0.5 0.3 0.3

Calpurnia 0.0 11.2 0.0 0.0 0.0 0.0
Cleopatr a 17.7 0.0 0.0 0.0 0.0 0.0

mercy 0.5 0.0 0.7 0.9 0.9 0.3
worser 1.2 0.0 0.6 0.6 0.6 0.0

| !V (d1)| =

!"
"
#

t n$

i = t 1

( !V (d1)i !V (d1)i )

| !V (d1)| =
!

(11.4 ! 11.4) + (8.3 ! 8.3) + (2.3 ! 2.3) + (11.2 ! 11.2)

= 18.15



Cosine Similarity Scor e

Vector Space Scoring

• Examp le

!V (d1)

!V (d2)

!V (d3)

!V (d4)
!V (d5)

!

sim(d1, d2) =
!V (d1) á!V (d2)

| !V (d1)|| !V (d2)|

=
179.53

22.38∗ 18.15
= 0.442



Exercise

Vector Space Scoring

• Rank the fo llow ing  by decreasing  cosine similarity.

• Assume tf-id f weighting :

• Two  docs that have  only frequent wo rds in common

• (the, a , an, o f)

• Two  docs that have  no  wo rds in common

• Two  docs that have  many rare wo rds in common

• (mocha, vo latile, o rganic, shade-g row n)



Spamming indices

Vector Space Scoring

• This wa s inve nted  befo re spam

• Consider:

• Indexing  a sensib le passive  document co llection

• vs.

• Indexing  an active document co llection, w here peop le, 

companies, bo ts are shap ing  documents to  maximize 

sco res

• Vecto r space sco ring  may no t be as useful in this context.



Interaction: v ector s and phr ases

Vector Space Scoring

• Sco ring  phrases doesnÕt naturally fit into  the ve cto r space 

wo rld :

• How  do  we ge t beyond  the Òbag  o f wo rdsÓ?

• Òdark roastÓ and  Òpo t roastÓ

• There is no  info rmation on Òdark roastÓ as a phrase in 

our ind ices.

• Biwo rd  index can treat some phrases as terms

• postings fo r phrases

• document w ide statistics fo r phrases



Interaction: v ector s and phr ases

Vector Space Scoring

• Theo retical p rob lem:

• Axes o f our term space are now  co rrelated

• There is a lo t o f shared  info rmation in Òlight roastÓ 

and  Òdark roastÓ row s o f our index

• End -user p rob lem:

• A user doesnÕt know  w hich phrases are indexed  and  

can more effective ly d iscriminate results.



Multiple queries for phr ases and v ector s

Vector Space Scoring

• Query: Òrising  interest ratesÓ

• Iterative  refinement:

• Run the phrase query ve cto r w ith 3 wo rds as a term.

• If no t enough results, run 2-phrase queries and  fo ld  into  

results: Òrising  interestÓ Òinterest ratesÓ

• If still no t enough results run query w ith three wo rds as 

separate terms.



Vector s and Boolean queries

Vector Space Scoring

• Ranked  queries and  Boo lean queries donÕt wo rk ve ry 

well toge ther

• In term space

• ranked  queries select based  on secto r containment - 

cosine similarity

• boo lean queries select based  on rectang le unions 

and  intersections

!V (d1)

!V (d2)

!V (d3)

!V (d4)
!V (d5)

θ

!V (d1) !V (d2)

!V (d3)

X ∩ Y



Vector s and wild car ds

Vector Space Scoring

• How  could  we wo rk w ith the query, Òquick* p rint*Ó ?

• Can we view  this as a bag  o f wo rds?

• What about expand ing  each w ild -card  into  the 

matching  set o f d ictionary terms?

• Dange r: Unlike the boo lean case, we now  have  tfs and  

id fs to  deal w ith

• Ove rall, no t a g reat idea



Vector s and other oper ator s

Vector Space Scoring

• Vecto r space queries are go od  fo r no -syntax, bag -o f-

wo rds queries

• Nice mathematical fo rmalism

• Clear metapho r fo r similar document queries

• DoesnÕt wo rk well w ith Boo lean, w ild -card  o r positional 

query operato rs

• But ...



Query languag e vs. Scoring

Vector Space Scoring

• Interfaces to  the rescue

• Free text queries are o ften separated  from operato r 

query language

• Default is free text query

• Advanced  query operato rs are availab le in Òadvanced  

queryÓ section o f interface

• Or embedded  in free text query w ith special syntax

• aka -term -Óterma termbÓ



Alter natives to tf-idf

Vector Space Scoring

• Sub linear tf scaling

• 20 occurrences o f Òmo leÓ does no t ind icate 20 times 

the relevance

• This mo tivated  the WTF sco re.

• There are o ther variants fo r reducing  the impact o f 

repeated  terms

WTF (t, d)
1 if tf t,d = 0
2 then r etur n(0)
3 else r etur n(1 + log(tf t,d ))



TF Normalization

Vector Space Scoring : Alter natives to tf-idf

• Normalize tf weights by maximum tf in that document

• alpha is a smoo thing  term from (0 - 1.0 ) ~0.4 in 

p ractice

• This add resses a leng th b ias.

• Take one document, repeat it, WTF go es up

ntf t,d = ! + (1− ! )
tf t,d

tf max(d)



TF Normalization

Vector Space Scoring : Alter natives to tf-idf

• Normalize tf weights by maximum tf in that document

• a change  in the stop  wo rd  list can change  w ieghts 

d rastically - hard  to  tune

• still based  on bag  o f wo rds model

• one outlier wo rd , repeated  many times might 

throw  o ff the algo rithmic understand ing  o f the 

content

ntf t,d = ! + (1− ! )
tf t,d

tf max(d)



Laundry List

Vector Space Scoring : Alter natives to tf-idf

Term F r equency Document F r equency N ormal ization
(n)atur al tf t,d (n)o 1 (n)one 1
(l)ogar ithm 1 + log(tf t,d) (t)idf log|corpus|

dft
(c)osine 1!

w1
2 +w2

2 +...+wm
2

(a)ugmented ! + (1 ! ! ) tft,d

tfmax(d) (p)r obidf max{ 0, log( |corpus|" dft
dft

) (u)pivoted 1/u
(b)oolean tf t,d > 0?1: 0 (b)yte 1/C har Length ! , ! < 1
(L )ogaver age 1+log(tft,d)

1+log(avet! d(tft,d))

• SMART system o f describ ing  your IR ve cto r algo rithm

• ddd.qqq  (ddd  = document weighting ) (qqq  = query 

weighting )

• first is term weighting, second  is document, then 

no rmalization

• lnc.ltc is w hat?


