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T al k  O utl ineT al k  O utl ine
�� What is the Maximum Entropy Principle? What is the Maximum Entropy Principle? 
�� Maximum Entropy mod els f or text Maximum Entropy mod els f or text 
classif ication.classif ication.

�� L earning  Maximum Entropy Mod els.L earning  Maximum Entropy Mod els.
�� Experimental results.Experimental results.
�� C onclusion.C onclusion.
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The Essence of Maximum EntropyThe Essence of Maximum Entropy
�� Maximum Entropy is a techniq ue f or learning  Maximum Entropy is a techniq ue f or learning  
prob ab ility d istrib utions f rom d ata.prob ab ility d istrib utions f rom d ata.

�� ““D on' t assume anything  ab out your prob ab ility D on' t assume anything  ab out your prob ab ility 
d istrib ution other than w hat you hav e ob serv ed .d istrib ution other than w hat you hav e ob serv ed . ””

�� A lw ays choose the most unif orm d istrib ution A lw ays choose the most unif orm d istrib ution 
sub j ect to the ob serv ed  constraints.  sub j ect to the ob serv ed  constraints.  

4

S impl e  C l assific ation Exampl eS impl e  C l assific ation Exampl e
�� A n expert can classif y d ocuments into 4  classes: A n expert can classif y d ocuments into 4  classes: 
economics,  sports,  politics,  art.economics,  sports,  politics,  art.

�� T he training  d ata is a set of  d ocuments;  each T he training  d ata is a set of  d ocuments;  each 
d ocument d ocument is represented  b y a v ector of  w ord s.is represented  b y a v ector of  w ord s.

�� We w ant to construct a prob ab ility d istrib ution We w ant to construct a prob ab ility d istrib ution 
that represents the d ocuments.that represents the d ocuments.
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F irst Mod e lF irst Mod e l
�� Each d ocument must b e classif ied  into one of  Each d ocument must b e classif ied  into one of  
the classes,  so : the classes,  so : 
P(economicsP(economics)  +  )  +  P(sp or t sP(sp or t s )  +  )  +  P(p ol it icsP(p ol it ics )  +  )  +  P(a r tP(a r t )  =  1)  =  1�� Without ad d itional inf ormation,  choose the Without ad d itional inf ormation,  choose the 
mod el that mak es the least assumptions.  mod el that mak es the least assumptions.  
P(economicsP(economics) =) = P(sp or t sP(sp or t s ) =) = P(p ol it icsP(p ol it ics )  =  )  =  P(a r tP(a r t )  =  0 . 2 5)  =  0 . 2 5

�� L east assumptions =  Most U nif orm.L east assumptions =  Most U nif orm.

6

Exampl e  C ont.Exampl e  C ont.
�� S uppose that if  the w ord  S uppose that if  the w ord  ““b allb all”” appears in the appears in the 
text,  then text,  then p( sportsp( sports|  b all)  =  0 . 7  .  |  b all)  =  0 . 7  .  

�� H ow  d o w e ad j ust the d istrib ution?H ow  d o w e ad j ust the d istrib ution?�� p ( sp o r t sp ( sp o r t s |  b all)  = 0 . 7|  b all)  = 0 . 7�� P ( p o li t i c sP ( p o li t i c s |  b all) = 0 . 1|  b all) = 0 . 1�� P ( e c o n o mi c sP ( e c o n o mi c s |  b all) = 0 . 1|  b all) = 0 . 1�� P ( ar tP ( ar t |  b all ) = 0 . 1|  b all ) = 0 . 1
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W h at ab out More  O b se rv ations?W h at ab out More  O b se rv ations?
�� H ow  d o w e f actor in ad d itional constraints?H ow  d o w e f actor in ad d itional constraints?
P( politics| B ushP( politics| B ush)  = 0 . 8 ,  )  = 0 . 8 ,  P( sports| g ameP( sports| g ame )  = 0 . 6 ,  )  = 0 . 6 ,  
P( economic| stockP( economic| stock ) = 0 . 5 ,  . . .) = 0 . 5 ,  . . .

�� Maximum Entropy mod eling  lets us create a Maximum Entropy mod eling  lets us create a 
d istrib ution that ab id es b y all these constraints,  d istrib ution that ab id es b y all these constraints,  
w hile b eing  as unif orm as possib le.w hile b eing  as unif orm as possib le.

8

W h y T ry to b e  Uniform?W h y T ry to b e  Uniform?
�� M o st  u n i f o r m =  M ax i mu m E n t r o p y .M o st  u n i f o r m =  M ax i mu m E n t r o p y .
�� B y  mak i n g  t h e  di st r i b u t i o n  as u n i f o r m as p o ssi b le ,  w e  B y  mak i n g  t h e  di st r i b u t i o n  as u n i f o r m as p o ssi b le ,  w e  
do ndo n ’’t  mak e  an y  addi t i o n al assu mp t i o n s t o  w h at  i s t  mak e  an y  addi t i o n al assu mp t i o n s t o  w h at  i s 
su p p o r t e d b y  t h e  dat a.su p p o r t e d b y  t h e  dat a.

�� M at c h e s i n t u i t i o n  o f  h o w  p r o b ab i li t y  di st r i b u t i o n s M at c h e s i n t u i t i o n  o f  h o w  p r o b ab i li t y  di st r i b u t i o n s 
sh o u ld b e  e st i mat e d f r o m dat a.sh o u ld b e  e st i mat e d f r o m dat a.

�� A b i de s b y  t h e  p r i n c i p le  o f  A b i de s b y  t h e  p r i n c i p le  o f  O c c amO c c am’’ss R az o r  ( le ast  R az o r  ( le ast  
assu mp t i o n s made  =  si mp le st  e x p lan at i o n ) .assu mp t i o n s made  =  si mp le st  e x p lan at i o n ) .
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Maximum Entropy Mod el ing  for Maximum Entropy Mod el ing  for 
Text C l assificationText C l assification

�� O u r  t r ai n i n g  dat a i s N  p ai r s { ( dO u r  t r ai n i n g  dat a i s N  p ai r s { ( d �� , c, c �� ) , . . . , () , . . . , ( dd �� , c, c �� ) }) }�� cc ��∈∈CC cl asses o f  do cu m ents.cl asses o f  do cu m ents.�� dd ��∈∈DD –– S et o f  do cu m ents.   E ach  do cu m ent S et o f  do cu m ents.   E ach  do cu m ent is represented as is represented as 
a v ecto r o f  w o rd co u nts.a v ecto r o f  w o rd co u nts.�� T h e  t r ai n i n g  se t  i s r e n ame d t h e  T h e  t r ai n i n g  se t  i s r e n ame d t h e  ““e mp i r i c ale mp i r i c al”” di st r i b u t i o ndi st r i b u t i o n

�� W e  w an t  t o  c r e at e  a st o c h ast i c  mo de l f o r  W e  w an t  t o  c r e at e  a st o c h ast i c  mo de l f o r  
appears c)(d,  timesofnumber   the
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F e ature  F unc tionsF e ature  F unc tions
�� F eatures are used  to capture relev ant aspects of  F eatures are used  to capture relev ant aspects of  
the training  d ata.the training  d ata.

�� F or example,  a b inary f eature d escrib ing  the F or example,  a b inary f eature d escrib ing  the 
appearance of  the w ord  b all in a sports appearance of  the w ord  b all in a sports 
d ocument:d ocument:


 =

=
otherwise0

din  appears ball''  and  sportsc if1
),(, cdf ballsprots
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F e ature  F unc tions c ont.F e ature  F unc tions c ont.
�� I n this paper scaled  real v alued  f eatures are used :I n this paper scaled  real v alued  f eatures are used :

�� G iv es b etter results than b inary f eatures.G iv es b etter results than b inary f eatures.

 ≠

=
Otherwise

c'c if0
),(

)(
),(',

dN
wdNcw cdf
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S tatistic sS tatistic s
�� T he expected  v alues of  a f eature w ith respect to T he expected  v alues of  a f eature w ith respect to 
the empirical d istrib ution isthe empirical d istrib ution is

�� L ik ew ise,  the expected  v alue of  a f eature w ith L ik ew ise,  the expected  v alue of  a f eature w ith 
respect to our mod el p isrespect to our mod el p is

∑ ⋅≡
cd

cdfcdpfp
,

),(),(~)(~

∑ ⋅≡
cd

cdfdcpdpfp
,

),()|()(~)(
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C onstraintsC onstraints
�� I mportant statistics are used  to shape the mod el,  I mportant statistics are used  to shape the mod el,  
b y f orcing  the mod el to comply w ith them:b y f orcing  the mod el to comply w ith them:

�� T his means that the f ollow ing  should  hold  f or T his means that the f ollow ing  should  hold  f or 
ev ery f eature ev ery f eature ff::

)(~)( fpfp =

∑∑ ⋅=⋅
cdcd

cdfcdpcdfdcpdp
,,

),(),(~),()|()(~
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S e l e c ting a Mod e lS e l e c ting a Mod e l
�� T here can b e an inf inite numb er of  mod els that T here can b e an inf inite numb er of  mod els that 
satisf y a set of  constraints.satisf y a set of  constraints.

�� T he maximum entropy principle d ictates w e T he maximum entropy principle d ictates w e 
select the most unif orm mod el that satisf ies the select the most unif orm mod el that satisf ies the 
constraints.constraints.

�� U nif ormity is measured  in terms of  the U nif ormity is measured  in terms of  the 
cond itional entropy of  cond itional entropy of  p( c| dp( c| d ) :) :

∑−≡
cd

dcpdcpdppH
,

)|(log)|()(~)(
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T h e  Maximum Entropy Mod e lT h e  Maximum Entropy Mod e l
�� From the set of allowed probability distributions, we From the set of allowed probability distributions, we 
selec t the model p*  that max imiz es selec t the model p*  that max imiz es H ( pH ( p) .) .�� p* can always be expressed in an exponential form:p* can always be expressed in an exponential form:

�� λλ 		 -- w e i g h t  p a r a m e t e r s  t o  b e  e s t i m a t e dw e i g h t  p a r a m e t e r s  t o  b e  e s t i m a t e d�� Z ( dZ ( d )  )  –– n o r m a l i z i n g  c o n s t a n t :n o r m a l i z i n g  c o n s t a n t :




= ∑ ),(exp
)(

1
)|( cdf

dZ
dcp i

i
iλ

∑ ∑ 
�
�
��

=
c i

ii cdfdZ ),(exp)( λ
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P rope rtie s of p*P rope rtie s of p*
�� When p* is selected from the exponential family of When p* is selected from the exponential family of 
distrib u tions,  w e are g u aranteed that:distrib u tions,  w e are g u aranteed that:�� p *  i s  a l w a y s  w e l lp *  i s  a l w a y s  w e l l -- d e f i n e d ,  a n d  u n i q u e .d e f i n e d ,  a n d  u n i q u e .�� p *  a l s o  m a x i m i z e s  t h e  c o n d i t i o n a l  l o g  l i k e l i h o o d  o f  t h e  d a t a :p *  a l s o  m a x i m i z e s  t h e  c o n d i t i o n a l  l o g  l i k e l i h o o d  o f  t h e  d a t a :

�� T h e  l i k e l i h o o d  s p a c e  f o r  t h e  p a r a m e t e r s  o f  p  i s  T h e  l i k e l i h o o d  s p a c e  f o r  t h e  p a r a m e t e r s  o f  p  i s  convex with convex with 
one g l ob a l  m a xim u mone g l ob a l  m a xim u m ( u n l i k e  t h e  t y p i c a l  l i k e l i h o o d  s u r f a c e  ( u n l i k e  t h e  t y p i c a l  l i k e l i h o o d  s u r f a c e  
f o r  E M ) .f o r  E M ) .

∑≡
cd

p dcpcdppL
,

~ )|(log),(~)(
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I mprov e d  I te rativ e  S c al ingI mprov e d  I te rativ e  S c al ing
� �� � S tart w ith S tart w ith λλ �� = 0  for all i= 0  for all i∈∈ { 1 , 2 , . . . , n}{ 1 , 2 , . . . , n}� �� � D o for each iD o for each i∈∈ { 1 , 2 , . . . , n}{ 1 , 2 , . . . , n}� �� � L e t  L e t  ∆∆λλ �� b e  t h e  s o l u t i o n  t ob e  t h e  s o l u t i o n  t o

� �� � λλ �� =  =  λλ �� +  +  ∆∆λλ ��� �� � G o to S tep 2  if not all G o to S tep 2  if not all λλ �� hav e conv erg edhav e conv erg ed

)(~)),(exp(),()|()(~ #

,
iii

cd

fpcdfcdfdcpdp =∆


∑ λ

),(),(# cdfcdf
i

i∑≡pλλλλ ( f ) r es ca l ing  
f a ctorWhere
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F e ature  F unc tions:  R e mind e rF e ature  F unc tions:  R e mind e r
�� In this paper scaled real valued features are used:In this paper scaled real valued features are used:

�� H as the useful pro perty  thatH as the useful pro perty  that

 ≠

=
Otherwise

c'c if0
),(

)(
),(',

dN
wdNcw cdf

)(
)(

',
',

# 1),(),( dN
dN

cw
cw cdfcdf ==≡∑
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I I S  c ont.I I S  c ont.
�� W hen W hen ff �� ((d, cd, c ) = 1) = 1 fo r all fo r all c, dc, d ( as is the case in o ur ( as is the case in o ur 
m o del),  m o del),  ∆∆λλ �� can b e calculated in clo sed fo rm :can b e calculated in clo sed fo rm :

�� H o wever,  in the g eneral case we m ust use H o wever,  in the g eneral case we m ust use 
num erical m etho ds to  calculate num erical m etho ds to  calculate ∆∆λλ �� ..

)(
)(~

log
i

i
i fp

fp

λ

λ =∆
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T oy I I S  Exampl eT oy I I S  Exampl e
�� 2  classes ( c2  classes ( c �� = po litics,  c= po litics,  c �� = art) := art) :�� politics:  dpolitics:  d   = < th e >= < th e >�� a r t:a r t: dd !! = < th e  M on e t> ,= < th e  M on e t> ,

dd "" = < th e  M on e t P a in tin g >= < th e  M on e t P a in tin g >
�� em pirical distrib utio n: em pirical distrib utio n: 




=
otherwise0

)c,(dor  )c,(dor  )c,(d if
),(~ 2322113

1

cdp
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Exampl e  c ont.Exampl e  c ont.
�� S ix  features ( 3  wo rds x  2  classes).S ix  features ( 3  wo rds x  2  classes).
�� E m pirical ex pected feature valuesE m pirical ex pected feature values

# $ % &# $ % & # $ %# $ % ''
1/91/9

# $ ( & # $ % )# $ ( & # $ % )# $ % &# $ % & # $ %# $ % ''
5 /185 /18

# $ ( & # $ % )# $ ( & # $ % )# $ % &# $ % & # $ %# $ % ''
5 /185 /18

a r ta r t
0000# & # $ % '# & # $ % '

1/31/3
politicspolitics

P a in tin gP a in tin gM on e tM on e tth eth e
)(~

',cwfp
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R e sul ts of I I S  ite rations R e sul ts of I I S  ite rations 

* + * , , ,* + * , , ,* + - . / /* + - . / /* + - . / /* + - . / /******0 1 20 1 2
***** + - 3 3 3* + - 3 3 3******4 5 6 7 2 7 8 94 5 6 7 2 7 8 9
4 0 7 : 2 7 : ;4 0 7 : 2 7 : ;< 5 : = 2< 5 : = 22 > =2 > =4 0 7 : 2 7 : ;4 0 7 : 2 7 : ;< 5 : = 2< 5 : = 22 > =2 > = p( fp( f ?A@ B?C@ B DD ))λλ?C@ B?A@ B DDECF G HJILK MECF G HJINK M

* + * 3 3* + * 3 3* + - 3 - ,* + - 3 - ,* + . - , /* + . - , /* + 3 * -* + 3 * -* + O P 3* + O P 3QQ * + * 3 P* + * 3 P0 1 20 1 2
***** + P R ,* + P R ,***** + * / O* + * / O4 5 6 7 2 7 8 94 5 6 7 2 7 8 9
4 0 7 : 2 7 : ;4 0 7 : 2 7 : ;< 5 : = 2< 5 : = 22 > =2 > =4 0 7 : 2 7 : ;4 0 7 : 2 7 : ;< 5 : = 2< 5 : = 22 > =2 > = p( fp( f ?C@ B?A@ B DD ))λλ ?A@ B?C@ B DDECF G HJILS MECF G HJINS M
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* + - - * /* + - - * /* + P O 3* + P O 3* + P O /* + P O // + T ,/ + T ,- T + O .- T + O .QQ P + , 3P + , 30 1 20 1 2
***** + . . .* + . . .****P + , O TP + , O T4 5 6 7 2 7 8 94 5 6 7 2 7 8 9
4 0 7 : 2 7 : ;4 0 7 : 2 7 : ;< 5 : = 2< 5 : = 22 > =2 > =4 0 7 : 2 7 : ;4 0 7 : 2 7 : ;< 5 : = 2< 5 : = 22 > =2 > = p( fp( f ?A@ B?C@ B DD ))λλ ?A@ B?C@ B DDECF G HJIVU K K MECF G HJINU K K M
* + * / 3* + * / 3* + P * .* + P * .* + . * - .* + . * - .P + * TP + * TP + , /P + , /QQ * + . 3 /* + . 3 /0 1 20 1 2
***** + . * R O* + . * R O***** + , * 3* + , * 34 5 6 7 2 7 8 94 5 6 7 2 7 8 9 4 0 7 : 2 7 : ;4 0 7 : 2 7 : ;< 5 : = 2< 5 : = 22 > =2 > =4 0 7 : 2 7 : ;4 0 7 : 2 7 : ;< 5 : = 2< 5 : = 22 > =2 > = p( fp( f ?A@ B?C@ B DD ))λλ?C@ B?A@ B DDECF G HJINU MECF G HJIVU M
* + * O .* + * O .* + - O 3* + - O 3* + . - .* + . - .- + * 3 R- + * 3 R- + . * 3- + . * 3QQ * + - T O* + - T O0 1 20 1 2
***** + P R O .* + P R O .***** + P * /* + P * /4 5 6 7 2 7 8 94 5 6 7 2 7 8 9 4 0 7 : 2 7 : ;4 0 7 : 2 7 : ;< 5 : = 2< 5 : = 22 > =2 > =4 0 7 : 2 7 : ;4 0 7 : 2 7 : ;< 5 : = 2< 5 : = 22 > =2 > = p( fp( f ?A@ B?C@ B DD ))λλ?C@ B?A@ B DDECF G HJILW MECF G HJINW M
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C l assific ationC l assific ation
�� A t co nverg ence,  the weig hts A t co nverg ence,  the weig hts λλ XLY ZX[Y Z \\ y ield the y ield the 
fo llo wing  distrib utio n fo r fo llo wing  distrib utio n fo r p( c| dp( c| d):):

0 . 9 9 9 9 50 . 9 9 9 9 50 . 9 9 9 7 90 . 9 9 9 7 90 . 0 0 0 1 50 . 0 0 0 1 5a r ta r t
0 . 0 0 0 0 50 . 0 0 0 0 50 . 0 0 0 2 10 . 0 0 0 2 10 . 9 9 9 8 50 . 9 9 9 8 5politicspolitics

< th e  M on e t < th e  M on e t 
pa in tin g >pa in tin g >

< th e  < th e  
M on e t>M on e t>

< th e >< th e >
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A d d ing a P riorA d d ing a P rior
�� M ax im um  E ntro py  m o dels can suffer fro m  M ax im um  E ntro py  m o dels can suffer fro m  
o verfitting .o verfitting .

�� W ith sparse data the o b served feature statistics W ith sparse data the o b served feature statistics 
can b e far fro m  the true values.can b e far fro m  the true values.

�� A   N ~ ( 0 ,A   N ~ ( 0 , σσ �� )) prio r pro b ab ility  fo r the weig hts prio r pro b ab ility  fo r the weig hts λλ ��
is added to  the m o del as a reg ulariz atio n term . is added to  the m o del as a reg ulariz atio n term . 

�� W ith sparse data a sm all variance is used ( so  W ith sparse data a sm all variance is used ( so  
feature weig hts are fo rced to wards 0 ).feature weig hts are fo rced to wards 0 ).

26

Expe rime ntsExpe rime nts
�� T he perfo rm ance was tested o n 3  datasets.T he perfo rm ance was tested o n 3  datasets.

�� B o th with and witho ut the G aussian prio r.B o th with and witho ut the G aussian prio r.

�� R esults are co m pared to  m ultino m ial N aR esults are co m pared to  m ultino m ial N aïïve ve 
B ay es classifiers ( b o th reg ular and scaled).B ay es classifiers ( b o th reg ular and scaled).
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F e ature  S e l e c tionF e ature  S e l e c tion
�� F o r each ex perim ent,  results with the o ptim al F o r each ex perim ent,  results with the o ptim al 
num b er o f features are repo rted. num b er o f features are repo rted. 

�� F eatures are rank ed and added acco rding  to  F eatures are rank ed and added acco rding  to  
m utual info rm atio n with the class lab el:m utual info rm atio n with the class lab el:

)(~)(~
),(~

log),(~),(
,..1,0 ji

ji

j t
jii cptwp

ctwp
ctwpwcI

⋅=
=

==∑ ∑
=

28

N aN aïïv e  B aye s C l assifie rsv e  B aye s C l assifie rs
C

W1 W2
W3

W4
Wn

]] p( cp( c ^^ ),  a n d ),  a n d p( wp( w __ | c| c ^^ ) a r e  e stim a te d f r om  th e  da ta) a r e  e stim a te d f r om  th e  da ta ..
]] C la ssif ica tion  a ccor din g  to B a y e sC la ssif ica tion  a ccor din g  to B a y e s’’ r u ler u le ::

∑ ∏

∏

=

==

j

n

i
jij

n

i
jij

nj

cwpcp

cwpcp
wwcp

1

1
1

)|()(

)|()(
),...,|(
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N aN aïïv e  B aye s c ont.v e  B aye s c ont.
�� T he values T he values ww �� are the wo rd co unts in the N aare the wo rd co unts in the N aïïve ve 
B ay es.B ay es.

�� In the scaled N aIn the scaled N aïïve B ay es,  all wo rd co unts are ve B ay es,  all wo rd co unts are 
scaled so  all do cum ents have the sam e num b er scaled so  all do cum ents have the sam e num b er 
o f wo rds.o f wo rds.

�� N aN aïïve B ay es m ak es the assum ptio n o f ve B ay es m ak es the assum ptio n o f 
independence b etween features.independence b etween features.

30

D ata S e tsD ata S e ts

5 7 0 405 7 0 402 02 02 0 0 0 02 0 0 0 0N e w sg r ou pN e w sg r ou p
2 9 9 6 42 9 9 6 47 17 16 4406 440I n du str y  S e ctorI n du str y  S e ctor
2 3 8 3 02 3 8 3 04441 9 941 9 9W e b K BW e b K B
VocabularyVocabularyC las s e sC las s e sS am p le sS am p le sN am eN am e

]] F or  F or  W e b K BW e b K B 3 0 %  is h e ld ou t f or  te stin g ,  f or  I n du str y  3 0 %  is h e ld ou t f or  te stin g ,  f or  I n du str y  
a n d N e w sg r ou p 3 5 %  is h e ld ou t ( f or  th e se  da ta se ts th e  a n d N e w sg r ou p 3 5 %  is h e ld ou t ( f or  th e se  da ta se ts th e  
e x tr a  5 %  is u se d a s a  v a lida tion  se t to te r m in a te  th e  e x tr a  5 %  is u se d a s a  v a lida tion  se t to te r m in a te  th e  
tr a in in g  of  th e  I I S ).tr a in in g  of  th e  I I S ).
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31

Error R ate s on H ol d out S e tsError R ate s on H ol d out S e ts

1 5 . 1 4 1 5 . 1 4 
(57040)(57040)

1 5 . 7 7  1 5 . 7 7  
(57040)(57040)

1 4. 43  1 4. 43  
(57040)(57040)

1 6 . 1 5  1 6 . 1 5  
(57040)(57040)

N e w s g roup sN e w s g roup s

1 8 . 9 0  1 8 . 9 0  
(2 9 9 6 4)(2 9 9 6 4)

2 1 . 1 4 2 1 . 1 4 
(2 9 9 6 4)(2 9 9 6 4)

2 0 . 2 1  2 0 . 2 1  
(2 9 9 6 4)(2 9 9 6 4)

2 8 . 9 7  2 8 . 9 7  
(2 0000)(2 0000)

I n d us t ryI n d us t ry

8 . 0 8  8 . 0 8  
(2 000)(2 000)

7 . 9 2  7 . 9 2  
(2 000)(2 000)

1 3 . 1 0  1 3 . 1 0  
(5000)(5000)

1 3 . 6 9  1 3 . 6 9  
(2 000)(2 000)

W e bK BW e bK B

M E  M E  
w / p ri orw / p ri or

B as i c M EB as i c M ES cale d  S cale d  
N BN B

N BN BD at a S e tD at a S e t

The number of features used is in parentheses.

32

I nd ustry D ataI nd ustry D ata

]] T h e  pe r f or m a n ce  of  M E  w ith ou t a  pr ior  de te r ior a te s T h e  pe r f or m a n ce  of  M E  w ith ou t a  pr ior  de te r ior a te s 
w ith   in cr e a se s I I S  r ou n d du e  to ov e r f ittin g .w ith   in cr e a se s I I S  r ou n d du e  to ov e r f ittin g .
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33

W e b K BW e b K B d atad ata

`` No overfitting by the IIS with the No overfitting by the IIS with the WebKBWebKB data.data.

34

I mportanc e  of F e ature  S e l e c tionI mportanc e  of F e ature  S e l e c tion

]] T h e  m a x im u m  E n tr opy  cla ssif ie r  w ith ou t a  pr ior  is T h e  m a x im u m  E n tr opy  cla ssif ie r  w ith ou t a  pr ior  is 
m or e  pr on e  to ov e r f ittin g  th a n  N am or e  pr on e  to ov e r f ittin g  th a n  N a ïï v e  B a y e s.v e  B a y e s.



18

35

C onc l ud ing R e mark sC onc l ud ing R e mark s
]] M a x im u m  E n tr opy  is a  m e th od f or  le a r n in g  M a x im u m  E n tr opy  is a  m e th od f or  le a r n in g  
distr ib u tion s.distr ib u tion s.

]] T h e  M E  distr ib u tion  is th e  m ost u n if or m  on e  th a t T h e  M E  distr ib u tion  is th e  m ost u n if or m  on e  th a t 
com plie s w ith  con str a in ts de te r m in e d f r om  th e  tr a in in g  com plie s w ith  con str a in ts de te r m in e d f r om  th e  tr a in in g  
da ta ,  a n d m a k e s n o a ssu m ption s b e y on d th e m .da ta ,  a n d m a k e s n o a ssu m ption s b e y on d th e m .

]] T h e  M E  distr ib u tion  is w e ll de f in e d a n d u n iq u e .T h e  M E  distr ib u tion  is w e ll de f in e d a n d u n iq u e .
]] I t is th e  sin g le  m a x im u m  in  a  con v e x  lik e lih ood spa ce ,  I t is th e  sin g le  m a x im u m  in  a  con v e x  lik e lih ood spa ce ,  
w h ich  m a k e s it e a sy  to f in d th e  optim a l pa r a m e te r s.w h ich  m a k e s it e a sy  to f in d th e  optim a l pa r a m e te r s.

36

More . .More . .
�� T he M ax im um  E ntro py  m etho d has b een sho wn T he M ax im um  E ntro py  m etho d has b een sho wn 
to  wo rk  well fo r tex t classificatio n.to  wo rk  well fo r tex t classificatio n.

�� In all cases it perfo rm ed b etter than N aIn all cases it perfo rm ed b etter than N aïïve ve 
B ay es,  and had m ix ed results co m parab le to  B ay es,  and had m ix ed results co m parab le to  
scaled N aive B ay es.scaled N aive B ay es.

�� S im ple g reedy  feature selectio n was used;  m o re S im ple g reedy  feature selectio n was used;  m o re 
so phisticated m etho ds can b e em plo y ed.so phisticated m etho ds can b e em plo y ed.
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37

R e mark s ab out F e ature sR e mark s ab out F e ature s
�� T his ex perim ent used o nly  sim ple sing le wo rd T his ex perim ent used o nly  sim ple sing le wo rd 
features.features.�� T he M ax im um  E ntro py  fram ewo rk  allo ws fo r T he M ax im um  E ntro py  fram ewo rk  allo ws fo r 
co m plex  co ntex t dependent features:co m plex  co ntex t dependent features:]] W or d pa ir s W or d pa ir s ““B u e n os A ir e sB u e n os A ir e s””]] B oole a n  f or m u la s B oole a n  f or m u la s –– h a s h a s ““stockstock ”” b u t n ot b u t n ot ““m a r k e tm a r k e t””�� M ax im um  E ntro py  do esnM ax im um  E ntro py  do esn’’t assum e t assum e 
independence;  it can acco m m o date o verlapping  independence;  it can acco m m o date o verlapping  
and and ““redundantredundant”” features.features.

38

R e fe re nc e sR e fe re nc e s
]] U sin g  M a x im u m  E n tr opy  f or  T e x t C la ssif ica tionU sin g  M a x im u m  E n tr opy  f or  T e x t C la ssif ica tion
K a m a lK a m a l N ig a mN ig a m ,  J oh n  L a f f e r ty ,  A n dr e w  M cC a llu m .  I n  ,  J oh n  L a f f e r ty ,  A n dr e w  M cC a llu m .  I n  
I J C A II J C A I --9 9  W or k sh op on  M a ch in e  L e a r n in g  f or  9 9  W or k sh op on  M a ch in e  L e a r n in g  f or  
I n f or m a tion  F ilte r in g ,  pa g e s 6 1I n f or m a tion  F ilte r in g ,  pa g e s 6 1 ----6 7 ,  1 9 9 9  ( 1 9 9 9 )6 7 ,  1 9 9 9  ( 1 9 9 9 )]] A  m a x im u m  e n tr opy  a ppr oa ch  to n a tu r a l la n g u a g e  A  m a x im u m  e n tr opy  a ppr oa ch  to n a tu r a l la n g u a g e  
pr oce ssin g  pr oce ssin g  
A da m  B e r g e r ,  S te ph e n  D e lla  A da m  B e r g e r ,  S te ph e n  D e lla  P ie tr aP ie tr a ,  a n d V in ce n t D e lla  ,  a n d V in ce n t D e lla  
P ie tr aP ie tr a .  .  Computational LinguisticsComputational Linguistics ,  ( 2 2,  ( 2 2 --1 ),  M a r ch  1 9 9 6  1 ),  M a r ch  1 9 9 6  


