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Document Classification

( S up er v ised  L ear ning )
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Definition and  motiv ating  scenar ios

� E ntities  =  d oc uments

• Document models at different levels of detail

� Each document has a label taken 

f rom a f inite set;  a label could indicate

• “ N ew s article is ab out crick et”

• “ E mail is sp am”

• “ Doc p air is ( nearly )  dup licate”

� Training  set of  with labels p rov ided

� Test doc w/o labels:  system g uesses

� M any ap p lications

Training

P ro c e s s

L ab e l e d

d o c u m e nt s

“ M o d e l ”

U nl ab e l e d

d o c

L ab e l
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Evaluating classifiers: recall, precision

� Document can have only one label

• C o n f u s i o n  m a t r i x  M[i , j ]  =  n u m b e r  o f  d o c s  w i t h  

“ t r u e ”  l a b e l  i a s s i g n e d  l a b e l  j b y  c l a s s i f i e r

• A c c u r a c y  =  s u m  o f  d i a g o n a l s  /  t o t a l  o v e r  m a t r i x

� Document can have multiple labels (classes)

• F o r  e a c h  l a b e l  c s e t  u p  a  2 × 2  m a t r i x  M � [i , j ]

• T r u e  l a b e l - s e t  i n c l u d e s  c ( i = 1 , 0 )

• C l a s s i f i e r ’ s  g u e s s e d  l a b e l  s e t  i n c l u d e s  c ( j = 1 , 0 )

• R e c a l l  f o r  l a b e l  c =  M � [1 , 1 ] / ( M � [1 , 1 ] + M � [1 , 0 ] )

• P r e c i s i o n  f o r  l a b e l  c =  

M � [1 , 1 ] / ( M � [1 , 1 ] + M � [0 , 1 ] )
1 , 11 , 0

0 , 10 , 0
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Averaging over labels, break- even

� Macro- averaging over labels

• O v e r a l l  r e c a l l  ( p r e c i s i o n )  i s  a v e r a g e  o v e r  l a b e l s

• L e s s  p o p u l a t e d  l a b e l s  g e t  u n d u e  r e p r e s e n t a t i o n

� Micro- averaging over labels

• A d d  u p  a l l  t h e  M + matrices into one matrix M

• Compute recall and precision of M

• L abels appearing  on many docs dominate score

� F , = 2 × precision × recall / ( precision +  recall)

� R ecall and precision usually inv ersely related

• V a r y  s y s t e m  p a r a m e t e r s  t o  g e t  t r a d e - o f f

• F i n d  i n t e r s e c t i o n  o f  P R - p l o t  w i t h  P = R  ( b r e a k e v e n )
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� Document d is a point in Euclidean space

• E a c h  d i m e n s i o n  c o r r e s p o n d s  t o  a  t e r m  t

� Component along ax is t = product of…

•

•

• H e r e  n(d , t )  =  # t i m e s  t o c c u r s  i n  d ,

D =  e n t i r e  c o l l e c t i o n ,  D � =  d o c u m e n t s  c o n t a i n i n g  t

� Ad-h o c  c h o i c e s ,  b u t  va li da t e d b y  

de c a de s  o f I n fo r m a t i o n  Re t r i e va l r e s e a r c h

Components for rare 

terms scaled up

Vector space model





++

=
=

otherwise))),(log(1log(1

0),( if0
),TF(

tdn

tdn
td

�D

D
t

+

=

1
log)(IDF

Large term

f req uencies

dampened

�������� ��!��� " # $�%�& '���(�#�)�*�*�) +

Nearest-neigh bo r c lassifiers

� At training time, record each doc d as a 

l abe l e d  p o in t in  v e cto r sp ace

� Te st d o c q al so  m ap p e d  to  v e cto r sp ace

� S im il arity be twe e n  q an d  d is co s( q , d)

� P ick k train in g  d o cu m e n ts m o st sim il ar to  q

• kN N , ( q )  =  s u b s e t  w h i c h  h a s  l a b e l  c

� b - is a tuned constant 

f or each cl ass

∑
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Multivariate binary model

� Faithful vs. practical models

• A t t r i b u t e  =  t e r m ,  p h r a s e ,  s e n t e n c e ,  p a r a ,  … ?

• E n o r m o u s  n u m b e r  o f  d i m e n s i o n s  ( 3 0 k — 500k)

• D i f f i c u l t  t o  m o d e l  j o i n t  d i s t r i b u t i o n  i n  a n y  d e t a i l

� “Set of words” (multivariate binary)

• D o c  =  b i t  v e c t o r  w i t h  # e l e m s  =  s i z e  o f  v o c a b u l a r y

• B i t  a t  p o s i t i o n  t =  [ t e r m  t a p p e a r s  i n  d o c ]

• T e r m  c o u n t s  a n d  o r d e r i n g  i g n o r e d

� N aï ve independence assumption
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
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Multinomial (bag- of - w or d s )  mod e l

� Author samples length l ( total term c ount)  

f rom a sui tab le length d i stri b uti on

� E ac h of  l terms c hosen b y  sampli ng 

i nd epend ently  f rom a multi nomi al d i stri b uti on 

of  terms

� S i mpli f y i ng ( c rud e! )  assumpti ons

• Terms independent of each other, unordered

• E q ual l y  surprised b y  1 4 5 and 1 0 1 4 5 occurrence!
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Naïve B ay es  c l as s i f i er s

� For simplicity assume two classes {− 1 , 1 }

� t=term,  d = d ocumen t,  c = class,  l � =length of 

document d , n ( d ,t ) =# times t occurs in d

� M odel parameters

• P r i o r s  P r ( c= −1) and Pr(c=1)

• θ ��� � =f rac t ional  rat e  at  w h ic h  t oc c u rs in doc u m e nt s 

l ab e l e d w it h  c l ass c

� Probability of a given d generated from c is
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Naïve B ay es  =  l i n ear  d i s c r i m i n an t

� When choosing between the two labels

• T e r m s  i n v o l v i n g  d o c u m e n t  l e n g t h  c a n c e l  o u t

• T a k i n g  l o g s ,  w e  c o m p a r e

� T he first part is a dot- product, the second part 

is a fix ed offset, so we compare

� S imple j oin- aggregate, very fast
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Many features, most very noisy

� Sort features in order of

dec reasing  c orrel ation

w ith  c l ass l ab el s

� B uil d sep arate c l assifiers

• 1 — 1 0 0 ,  1 0 1 — 2 0 0 ,  e t c .

� V ery  few  features suffic e

to g iv e h ig h est p ossib l e

ac c urac y

� W ant to sel ec t th at sub set of features l eading  to 

h ig h est ac c urac y

• R e d u c e d  s p a c e  a n d  t i m e  r e q u i r e m e n t s

• M a y  e v e n  i m p r o v e  a c c u r a c y  b y  r e d u c i n g  “ o v e r - f i t t i n g ”
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Feature selection in the binary model

p i p j ... q i q j ...

TT

N

Model with unknown

p a r a m eter s

O b s er v ed da ta

0 1 ...

N

p i
q i

C onf idenc e

inter v a ls

Pick F⊆T s u ch  t h a t

models built over F have

hig h sep aration  con f iden ce
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Feature selection by accumulation
� Add “best” features to an empty set

� S everal measures of association between labels and 
features
• S t a n d a r d  c h i - s q u a r e  t e s t  o f  d e p e n d e n c e

• M u t u a l  i n f o r m a t i o n  b e t w e e n  t e r m  a n d  l a b e l

• F i s h e r ’ s  i n d e x

� M ay include good but redundant features

∑ ���� �� � ��������
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Feature selection by truncation

� Starting with all terms, drop worst features

� P and Q are c o ndit io nally  indep endent  giv en R if  

P r( p | q ,r )  =  P r( p | r )  f o r any  p ,q ,r

• Q g i v e s  n o  e x t r a  i n f o  a b o u t  P o v e r  a n d  a b o v e  R

� T = f u ll f eat u re set , M = a su b set  o f  f eat u res, X = “ ev ent ”  

f o r a giv en t erm ( X ∉ M )

� M is a “ M ark o v  b lank et ”  f o r X if  X is c o ndit io nally  

indep endent  o f  T ∪ C – M – X

giv en M

� S earc h f o r X and dro p  X f ro m f eat u re set  F while 

P r( C | F )  remains c lo se t o  P r( C | T )

� C o mp u t at io nally  ex p ensiv e
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Effect of feature selection

� Sharp knee in accuracy 

achieved with a very 

small number of 

features

� Saves class model 

space

• E a s i e r  t o  h o l d  i n  m e m o r y

• F a s t e r  c l a s s i f i c a t i o n

� Mild decrease in 

accuracy beyond a 

max imum

• Worse for binary model
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Limitations and better techniques

� Problems with naïve B ay es c lassif iers

• S e e k  t o  m o d e l  P r ( d| c ) :  d i f f i c u l t  b e c a u s e  d h a s  v e r y  

l a r g e  n u m b e r  o f  d i m e n s i o n s

• I n d e p e n d e n c e  a s s u m p t i o n  g i v e s  t e r r i b l e  e s t i m a t e s  

( a l t h o u g h  d e c i s i o n  b o u n d a r i e s  m a y  b e  o k )

� R emed ies

• D r o p  ( s o m e )  i n d e p e n d e n c e  a s s u m p t i o n s :  f r o m  

n a ï v e  B a y e s  t o  l o w - d e g r e e  B a y e s i a n  n e t w o r k s

• E s t i m a t e  P r ( c | d)  d i r e c t l y  i n s t e a d  o f  g o i n g  v i a  

P r ( d| c ) :  m a x i m u m  e n t r o p y  a n d  r e g r e s s i o n

• D i s c r i m i n a t i v e  ( v s .  p r o b a b i l i s t i c )  c l a s s i f i c a t i o n
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Small- de g re e  B aye sian ne tw ork s
� Directed acyclic graph

• N o d e s  =  r a n d o m  v a r i a b l e s
( 1  f o r  c l a s s  l a b e l ,  1
f o r  e a c h  t e r m )

• E d g e s  c o n n e c t  c o u p l e d
v a r i a b l e s

� N aï ve B ayes: hub- and- spoke

� G eneral model: edges connecting 
dependent terms

� Problem: induce the graph structure
• P r e c o m p u t e  p a i r w i s e  c o r r e l a t i o n

• G r e e d y  a d d i t i o n  o f  n o d e s  a n d  e d g e s

� Computationally expensive

�
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� Training documents (d � , c � ) ,  i =  1 … N

� W ant model  P r(c  | d)  using p arameters µ� as

� C onstraints giv en b y  ob serv ed data

� O b j ectiv e is to max imiz e entrop y  of  p

� F eatures
• N u m e r i c a l  n o n - l i n e a r  o p t i m i z a t i o n

• N o  n a ï v e  i n d e p e n d e n c e  a s s u m p t i o n s

Maximum entropy classifiers
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Maxent c l as s i f i er  =  l i near  d i s c r i m i nant 

� Comparing two classes

� N onlinear perceptron:  c =  sign( α· d + b )

� L i n e a r  r e g r e s s i o n :  F i t  α t o  p r e d i c t  c ( = 1  o r  – 1 ,  

s a y ) d i r e c t l y  a s  c =  α· d + b

• W i d r o w - H o f f  u p d a t e  r u l e :

∑

∏

∑

∏

� �
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Support vector

d ;

d <

Linear support vector machine (LSVM)

� Want a vector α and  a 

cons tant b s u ch  th at f or 

each  d ocu m ent d =
• I f  c >=1 then α⋅d > + b ≥ 1

• If c >=− 1 then α⋅d > + b ≤ − 1

� I.e., c ? (α⋅d ? + b )  ≥ 1

� I f  p o i n t s  d @ a n d  d A
t o u c h  t h e  s l a b ,  t h e  

p r o j e c t e d  d i s t a n c e  

b e t w e e n  t h e m  i s

� F i n d  α t o  m a x i m i z e t h i s

α

α⋅ d+b = 0

α⋅d+b = − 1

α⋅d+b = 1

A l l  t r a i n i n g

i n s t a n c e s

h e r e  h a v e

c = 1

A l l  t r a i n i n g

i n s t a n c e s

h e r e  h a v e

c =  − 1

α2
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SVM implementations

� α ����� is a linear sum of support vectors

� C omplex ,  non- linear optimiz ation

• 6 0 0 0  l i n e s  o f  C  c o d e  ( S V M - l i g h t )

� A pprox  n
�! #"%$&�! #'

time w ith  n training  vectors

� F ootprint can b e larg e

• U s u a l l y  h o l d  a l l  t r a i n i n g  v e c t o r s  i n  m e m o r y

• A l s o  a  c a c h e  o f  d o t - p r o d u c t s  o f  v e c t o r  p a i r s

� N o I / O - optimiz ed  implementation k now n

• W e  m e a s u r e d  4 0 %  t i m e  i n  d i s k  s e e k + t r a n s f e r

(�)�*�+�, *�-�*�, . / 0�1�2 3�*�4�/�5�6�6�5 5�5

Comparison of accuracy

� Naïve B ayes has

mediocre accuracy

� Nearest neighbor has 

varied reports, depending 

on tuning parameters

� Support vector machines 

most consistently superior

� B enchmarks don’ t say the 

whole story

• M u l t i - t o p i c  d o c s ,  h i e r a r c h y

• D y n a m i c  c o l l e c t i o n s

• C o n f i d e n c e  s c o r e s
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EGFIHIJLK >�=NMPO Q%RTSVUXWYFIZ

[]\�\D^B_ `V\�a

b b b b bb b b b b c `Xd e�f�gI`ha�fDijk`�lhmonhpq q q q qq q q q q r�sot j
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Summary

� Many classification algorithms known

� T radeoff between simplicity/speed and 

accuracy

• S u p p o r t  v e c t o r  m a c h i n e s  ( S V M ) — m o s t  a c c u r a t e  

b u t  c o m p l e x  a n d  s l o w

• M a x i m u m  e n t r o p y  c l a s s i f i e r s

• N a ï v e  B a y e s  c l a s s i f i e r s — f a s t e s t  a n d  s i m p l e s t  b u t  

n o t  v e r y  a c c u r a t e

� Mostly linear discriminant techniques

• C a n  w e  a c h i e v e  t h e  s p e e d  o f  n a ï v e  B a y e s  a n d  t h e  

a c c u r a c y  o f  S V M s ?

��������� �������  ! "�#�$ %���&�!�'�(�(�' '�)Variance of projected Y-pointsVariance of projected X-points

S q u are of 

distance 

b etw een 

projected

means
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α

Fisher’s linear d iscriminant (FL D )

� Used in pattern recognition for ages

� Two point sets X ( c = 1 )  and Y ( c = − 1 )

• x∈X , y ∈Y a r e  p o i n t s  i n  m d i m e n s i o n s

• P r o j e c t i o n  o n  u n i t  v e c t o r  α i s  x  · α , y  · α

� Goal is to find a direction α so as to

maximize
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Some observations

� Hyperplanes can often completely separate 

trai ni ng labels for text;  more complex 

separators do not help (J oachi ms)

� NB  i s biased:  α � depends only on term t—

S V M/Fi sher do not make thi s assumpti on

� If you fi nd Fi sher’ s di scri mi nant over only the 

support vectors, you get the S V M separator 

( S hashua)

� E ven r a n d o m proj ecti ons preserve i nter-poi nt 

di stances whp ( Frankl+ Maehara 1 9 8 8 ,

K lei nberg 1 9 9 7 )

��������� �� ���� ! " #�$�% &�'�(�)�*�+�+�* *�,

Hill- climbing

� Iteratively update α -/./0 � α 132 4 +  η ∇ J( α) where η

i s  a “ learni ng rate”

� ∇ J(α ) = ( ∂ J/ ∂ α 5 ,… , ∂ J/ ∂ α 6 )
7

where 

α = (α 5 ,… ,α 6 )
7

� Need only 5 m +  O (1) accumulators  for s i mple, 

one-pas s  update

� Can als o wri te as  s ort-merge-accumulate

( ) ( ) numbers) (  :numbers) (  :

numbers) (  :numbers) (  :

(scalar)  (scalar)  

myyimxxi

myimxi

yx

89
:

;<
:

89
:

;<
:

89;<

αα

αα

⋅∀⋅∀

∀∀

⋅⋅

∑∑

∑∑

∑∑

==

==

==
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Convergence
� Initialize α to  v ec to r

j o ining  p o s itiv e and  
neg ativ e c entr o id s

� S to p  if  J( α )  c anno t 
b e inc r eas ed  in th r ee 
s u c c es s iv e iter atio ns

� J( α )  c o nv er g es  in
1 0 — 2 0  iter atio ns
• Not sensitive

to p r ob l em  siz e

� 120000 documents 
from http: / / dmoz. org
• L S V M  ta k es 2 0 0 0 0 sec ond s

• H il l - c l im b ing  c onver g es in 2 0 0 sec ond s

�������� "! #� "�%$& '�)(�*,+ -). /�0%-%1

2

243 5

243 6

243 7

243 8

9

2 : 9%2 9%: 5�2
;=< >  "! - > ? �@��A

B CD E
FG HC
IJ E
D K
L E
M

NPO%Q
R4S N%T U
V,WPT X
Y W&Z"N�[

\�]�^�_�` ^�a�^�` b c d�e�f g�^�h�c�i�j�j�i i�k

Multiple d is crim in a n ts

� Separable data points

• S V M  s u c c e e d s

• F L D  f a i l s  t o  s e p a r a t e  

c o m p l e t e l y

� Idea

• R e m o v e  t r a i n i n g  p o i n t s  

( o u t s i d e  t h e  g r a y  z o n e )

• F i n d  a n o t h e r  F L D  f o r  

s u r v i v i n g  p o i n t s  o n l y

� 2 — 3  F L D s su f f ice f or 

alm ost com plete 

separation!

• 7 0 7 4 � 2 3 0 � 2

C o n f u s i o n  z o n e
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SIMPL (only 600 lines of C++)

� Repeat for k =  0 ,  1 ,  …

• F i n d  α
�����

, the Fisher discrimin an t for the curren t set 

of train in g in stan ces

• P roject train in g in stan ces to α
�����

• R emove poin ts w ell- separated by  α
�����

 while ≥1 point from each class survive

� O rthog onaliz e the vectors α
�� "!

,α
�$#%!

, α
��&"!

,…

� P roj ect all training  points on the space 

spanned  b y  the orthog onal α’ s

� I nd uce d ecision tree on proj ected  points

'�(�)�*�+ )�,�)�+ - . /�0�1 2�)�3�.�4�5�5�4 6�5

Decision tree classifier

� Given a table

with attributes

and label

� I nduce a tree

of successive

partitions on

the attribute

space

� Path in tree =  seq uence

of tests on attrib values

� E x tensive research on 

construction of trees

798;:=<�>@?"ACBD:FE9G$H@IJ:K>LGM?ONP:9IQ<RG�SCN�79GT<�>K8VUJH@W9EXSY?ZA[B]\;H"G�:KN
^�_M`ba ced fbc g$h iRjMd k glh
^�_M`ba ced fbc g$h m�nlo$mMp p m%gPq glh
`basrVt%auced fbc g$h iRjMd k v�mxw
y$t%a zLmM{ed |lz g$h iRjMd k v�mxw
y$t%a p hT} v�mMw iRjMd k v�mxw
y$t%a p hT} v�mMw m�nlo$mMp p m%gPq glh
`�~MrVt%aup hT} v�mMw m�nlo$mMp p m%gPq v�mxw
^�_M`ba zLmM{ed |lz g$h iRjMd k glh
^�_M`ba p hT} v�mMw iRjMd k v�mxw

�9�9�"�

�����s�9�@�s��� �9���Z�@� �O������� �s�Z�

�s� ���"� ���@� ��X�X���@� � �@���

�Z�Z� ��� �

�s� �s����Z� ���"�

���"�

�9�@��� � �
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Robustness of stopping decision

� Compute α
�����

to 

c on v er g en c e

� V s . ,  r u n  on ly  h alf  th e 

i ter ati on s  r eq u i r ed  f or  

c on v er g en c e

� F i n d  α
�� !�

, … as  u s u al

� L ater  α s  c an  c ov er  f or  

s lop  i n  ear li er  αs

� W h i le s av i n g  ti m e i n  

c os tly  ear ly - α u p d ates

• L a t e r  α s  t a k e  n e g l i g i b l e  

t i m e

"
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$ "
%!"
&'"
()"'"
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.

+1 :
; 0

<>=�? =A@CB'? @

DE
FGH
IJKH L
IM N (N (POQ@�R S!T'TVU

W
X
Y
Z
[
\

]^_
` ab cd
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fgac h i8j k c]d
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^d l
m c

nporq oAs)t�q

u kc^ l
b` ga
b` fc
v e
w xzy { t'|}o�Y

xzy { t'|}o~X
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Accuracy

� Large improvement 

bey ond naï ve B ay es

� W e tuned parameters in 

SV M  to give “ SV M - best”

� O ften beats SV M  w ith 

default params

� A lmost alw ay s w ithin 

5 %  of SV M - best

� E ven beats SV M - best in 

some cases

• E s p e c i a l l y  w h e n  p r o b l e m  

i s  n o t  l i n e a r l y  s e p a r a b l e � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �� � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � � �
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Performance

� S I M P L is linear- time and  

C P U - bou nd

� LS V M  spend s 3 5 — 60 %  

time in I / O + cache mgmt

� LS V M  takes 2  ord ers of  

magnitu d e more time f or  
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Ongoing and future work

� SIMPL vs. SVM

• C a n  w e  a n a l y z e  S I M P L ?

• L S V M  i s  t h e o r e t i c a l l y  s o u n d ,  m o r e  g e n e r a l

• U n d e r  w h a t  c o n d i t i o n s  w i l l  S I M P L  m a t c h  L S V M / S V M ?

• C o m p a r i s o n  o f  S I M P L  w i t h  n o n - l i n e a r  S V M s

� Mo r e  r e a l i st i c  m o d e l s

• D o c u m e n t  t a l k s  a b o u t  m u l t i p l e  t o p i c s

• L a b e l s  f o r m  a  “ i s - a ”  h i e r a r c h y  l i k e  Y a h o o !

• L a b e l i n g  i s  e x p e n s i v e :  m i n i m i z e  l a b e l i n g  e f f o r t  

( a c t i v e  l e a r n i n g )

• E x p l o i t  h y p e r t e x t  f e a t u r e s  f o r  b e t t e r  a c c u r a c y
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Learning h ypertext mo dels

� Entities are pages, sites, 

paragraphs, links, people, 

bookmarks, 

clickstreams…

� T ransformed  into

simple mod els and  

relations

• V e c t o r  s p a c e / b a g - o f - w o r d s

• H y p e r l i n k  g r a p h

• T o p i c  d i r e c t o r i e s

• D i s c r e t e  t i m e  s e r i e s

occurs(term, page, freq)

ci tes(page, page)

i s- a(topi c, topi c)

ex ampl e(topi c, page)
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Challenges

� Complex, interrelated objects

• N o t  a  s t r u c t u r e d t u p l e - l i k e  e n t i t y

• E x p l i c i t  a n d  i m p l i c i t  c o n n e c t i o n s

• Document markup sub-structure

• Site boundaries and hyperlinks

• Placement in popular directories like Y ahoo!

� Traditional distance measures are noisy

• H o w  t o  c o m b i n e  d i v e r s e  f e a t u r e s ?   ( O r ,  a  l i n k  i s  

w o r t h  a  ?  w o r d s )

• U n r e l i a b l e  c l u s t e r i n g  r e s u l t s

��������� �� ���� ! " #�$�% &���'�"�(�)�)�( *�+

Classifying interconnected entities

� Early examples:

• S o m e  d i s e a s e s  h a v e  

c o m p l e x  l i n e a g e  

d e p e n d e n c y

• R o b u s t  e d g e  d e t e c t i o n  i n  

i m a g e s

� H ow are topics 

interconnected  in 

hypertext?

� Maximum likelihood  

graph labeling with 

many classes

F i n d i n g  e d g e

p i x e l s  i n  a

d i f f e r e n t i a t e d

i m a g e

? ?
?

?

?

?

. 2 5  r e d

. 7 5  b l u e
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Enhanced models for hypertext

� c=class, d =text, 

N =neighbors

� Text-only model: Pr(d | c)

� Using neighbors’  text to 

j udge my topic:

Pr(d , d (N ) |  c)

� B etter recursive model:

Pr(d , c(N ) | c)

� R elaxation labeling until 
order of class probabilities 
stabilizes

�

�������� ��!��� " # $�%�& '���(�#�)�*�*�) +�*

Unified model boosts accuracy

� 9600 patents from 12 

classes marked by 

USPTO;  text+ links

� ‘ F orget’ and re-estimate 

fraction of neighbors’ 

classes (semi-

supervised)

� 4 0%  less error;  even 

better for Yahoo

� Improvement even with 

0%  of neighborhood 

known

,
-
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0 -
21,
2 -
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, - , ./,1,
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Co- t r a i n i n g
� Divide features into two 

(nearly) class-
conditionally independent 
sets, e. g.  text and links

� U se labeled data to train 
two classifiers

� R epeat for each classifier
• F ind unlabeled instance 

which it can label most 
conf idently

• A dd to the training set of  
the other classif ier

� A ccuracy improves 
barring local instabilities

T ex t-only

T ex t trained by link

Link trained by tex t
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M od e l i n g  s oc i a l  n e t w or k s

� The Web is a evolving social network

• O t h e r  n e t w o r k s :  p h o n e  c a l l s ,  c o a u t h o r e d  p a p e r s ,  

c i t a t i o n s ,  s p r e a d i n g  i n f e c t i o n , …

� E rdö s- R enyi random graph model:  each of  

n( n - 1 )  edges created i.i.d. w.p. p

• T h r e s h o l d  p r o p e r t i e s  f o r  n u m b e r  o f  c o n n e c t e d  

c o m p o n e n t s ,  c o n n e c t i v i t y

� D oes not model social networks well:

• T h e  W e b  k e e p s  g r o w i n g  ( a n d  c h a n g i n g )

• E d g e  a t t a c h m e n t  i s  p r e f e r e n t i a l  ( “ w i n n e r s  t a k e  a l l ” )

• “ W i n n i n g ”  n o d e s  h a v e  h i g h  “ p r e s t i g e ”
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Preferential attachment

Goal: a simple, few/zero parameter evolution 

model for the Web

� S tart with m � nodes

� A dd one new  node u ev ery  time step

� C onnect new  node to m old nodes

� P rob ab ility  of  p ick ing  old node v  is

d � /  Σ � d � ,  w h ere w rang es ov er all old nodes

� I nteresting  q uestions:

• How does the degree of a node evolve?

• W hat is the degree distribution?

���� �!�"  �#� �" $ % &�'�( )� �*�%�+�,�,�+ -�-

Model predictions and reality

� t . is the time step when node i is added

� k / ( t )  =  ex pected deg ree of  node i at

time step t

� Can we develop a notion

of  “ prestig e”  to enhance

W eb search?

0
0
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t
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Google and PageRank

� Random surfer roaming for ever on the Web

� A t page u, make one of two decisions

• With probability d,  j u m p to a We b pag e  u . a. r

• With probability 1 - d,  w alk  to a ou tlin k e d  pag e  v

� Irreducible, aperiodic M arkov process

� Prestig e of  a node =  steady state probability

� E ig en problem involving  the vertex adj acency 

matrix of  the W eb, solved by power iterations

∑�
−+= ��� u

up
d

V

d
vp �

 ! )(outdegree

)(
)1()(

"�#�$�%�& $�'�$�& ( ) *�+�, -�$�.�)�/�0�0�/ 1�2

Hubs and authorities

� Many Web pages are “link collections” (hubs)

• C i t e s  o t h e r  a u t h o r i t a t i v e  p a g e s  b u t  h a v e  n o  
i n t r i n s i c  i n f o r m a t i o n  c o n t e n t

• S i m i l a r  t o  s u r v e y  p a p e r s  i n  a c a d e m i a

� Enhance the prestige model to two scores

• H u b  s c o r e  h( u )  f o r  e a c h  n o d e  u

• A u t h o r i t y  s c o r e  a ( v )  f o r  e a c h  n o d e  v

� Coupled system: a = E
3
h and h = E a

• I n  o t h e r  w o r d s ,  h =  E E
4
h a n d  a  = E

4
E a

� Eigen problems of  EE
5

and E
5
E

• S o l v e d  b y  p o w e r  i t e r a t i o n s
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How to characterize “topics”

� Web directories— a natural choice

� S tart with http: //dmoz .org

� K eep pruning  until all leaf  topics

have enoug h ( > 3 0 0 )  samples

� A pprox 1 2 0 k sample U R L s

� F latten to approx 4 8 2  topics

� Train text classif ier ( R ainbow)

� Characteriz e new document d as 

a vec t or of  p rob ab i l i t i es p � =  ( P r( c | d)  ∀c )

Classifier

��� ��! " #%$��'&
()$+*�, -/.�0
1 �'23��45*76 $�, -/. 8
9 "5! 6':;"<6 -/. =

Test doc

>�?�@�A�B @�C�@�B D E F�G�H I�@�J�E�K�L�L�K M�N

Background topic distribution

� What fraction of Web pages are 

about H ealth?

� S ampling via random walk

• P a g e R a n k  w a l k  ( H e n z i n g e r  e t  a l . )

• U n d i r e c t e d  r e g u l a r  w a l k

( B a r - Y o s s e f  e t  a l . )

� M ake graph undirected ( link: … )

� A dd self-loops so that all nodes 

have the same degree

� S ample with large stride

� Collect topic histograms
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Convergence

� Start from pairs of diverse topics

� T wo random walks, sample from each walk

� M easure distance between topic distributions

• L � distance |p � – p � | =  Σ � |p � (c ) – p � (c )| in [ 0 , 2 ]

• Bel ow .0 5 — .2  with in 3 0 0 — 4 0 0  p h y sical  p ages
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Random forward walk without jumps
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� How about walking forward without jumping?

• S t a r t  f r o m  a  p a g e  u ê on a specific topic

• S am pl e m any  forward random  wal ks (u ê , u ë , … , u ì , … )

• C om pare (Pr(c |u ì ) ∀ c ) with (Pr(c |u ê ) ∀ c ) and with the 
b ackground distrib ution

� Short- range topical locality on the Web
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Hy p e r l i n k  I n d u c e d  T o p i c  S e a r c h  ( HI T S )

E x panded graph

Root-set

K eyword

Search

engine

Q uery

a = E T h

h  = E a

‘ Hu b s ’  a n d

‘ a u t h o r i t i e s ’

h

a

h

h

h

a

a

a

Also called “topic distillation”

��������� �� ���� ! " #�$�% &���'�"�(�)�)�( *�(

Focused crawling

� H I T S / P ag eR ank  on w h ole W eb  not v er y  
m eaning f u l

� H I T S  ex pands r oot set b y  only  one link

• T w o  o r  m o r e  l i n k s  i n t r o d u c e  t o o  m u c h  n o i s e

� C an w e f ilter  ou t th e noise?

• Y e s ,  u s i n g  d o c u m e n t  c l a s s i f i c a t i o n

• C a n  e x p a n d  t h e  g r a p h  i n d e f i n i t e l y

� F or m u lation

• S e t  o f  t o p i c s  w i t h  e x a m p l e s ,  a  c h o s e n  t o p i c

• S t a r t  f r o m  c h o s e n  e x a m p l e s ,  r u n  f o r  f i x e d  t i m e

• M a x i m i z e  t o t a l  r e l e v a n c e  o f  c r a w l e d  p a g e s  w . r . t .  
c h o s e n  t o p i c
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Focused crawling system overview

� If u is relevant and u� v then v is likely to  be relevant

� If u� v1  and u� v2  and v1  is relevant then v2  is likely 

to  be relevant
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Focused crawling results

� High rate of 

“harves ting” 

rel evant pages

� Robu s t to 

pertu rbations  

of s tarting 

U RL s

� G reat 

res ou rces  

fou nd 1 2  l inks  

from s tart s et
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Conclusion

� Application of statistics and mining to a new 
form of data:  hypertex t and the Web

� N ew challenges

• T a c k l i n g  a  l a r g e  n u m b e r  o f  d i m e n s i o n s

• M o d e l i n g  i r r e g u l a r ,  i n t e r r e l a t e d  o b j e c t s

• E x t r a c t i n g  s i g n a l  f r o m  e v o l v i n g ,  n o i s y  d a t a

• Scaling language processing to the Web

� www.cse.iitb.ac.in/laiir/

� M ining the Web: D iscovering K nowledge from 
Hypertext D ata 
www.cse.iitb.ac.in/~ soumen/mining- the- web/


