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Abstract

Gom,l.ic l~rogrammiug is su(’rcssfully used to
evolve agrnt.s (’almblr of classifying textual doc,t-
ntonts arcording to the interests of the us,’r. Thr
system uses a I~rt’(’lassilicd set of do(’umonts to
Irain the agrnts, and the results arr tht,n tost.od
Oil all ;dlernat.ive sot of t|og~lllll(,lltS.

Introduction
With the large mnounl.s of infin’mntion racily availnl)le
today, a major Imtbh’m is to find the parts tlmt are
interesting. This paper (lest’elites an exl~erinlont that
attempts to create an ngent that takes a. l.rxtual (loc-
tllnent ml(l decith,s whether it. is of i~,terest to the user
of thr sySteltt lllOl’O sperifirall3, il il|.telll])ts ttl dr)

this by using gvnetir programnting (Koza 1992; 199.1;
Altrnl)rrg 199-1; Augeline & Kimmar, .h’. 1996).

Iu tiLt, next section, tim do(’umont (.[assiticalion pro-
(’ess is dt,srrilwcl in detail. Imfin’e the achml exl~eriment
is presrniod. Sul~setluently. a specilication t)f huw g(,-
netic programming is used t.o evolve the docuu,rnt clas-
s|lit’at|tin agrnts is givru. The results uf t hr experinmnt
art, pn,sentcd, and finally a conchmion is drawn.

Document Classification
When a group of documrnts is l)r(,senlod tt~ a user,
tim dovumrut.s will I)t, of varying iutt,n,st. ()n the Ira-
sit" h,veI, some tlocml,on|.s art vtn,siderrd intrrosting
enough 1.o br read. whik, others nro not. Although
this classitirntion is situation (h’lmndrut. il should Im
imssibh, tit tlmk(~ some ~,vm,ral claims about whivh doc-
mn(,nts are inh,resl,ing ;rod which m’r not. The set of
d(u:umeuts rould be divided iut.o st’veraI rlass(’s &’petnd-
ing on tim degre(: of intrrest the user has in them, maybe
evl2n ~ t’tllltitlUtlllS, lllttllorical Ille~lSlll.’e (if iuterest could
be givtrn, but this wouhl compliratr mattt,rs: dividing
tilt’ set ttf dt)(’mnruts lute t.w~ rlasses will usually I)e
sutl:it’i(~nt, and maybe even l)refm’aljle, fin" most users.

Tilt’ actual content of a durmnent in the mr;ruing
a.,~signed to it. by the user. This is obvittusly diffi-
cult to capture by a C(mlputt,r program. On a lower

C.ol~yright 1998, :~tmm’icau Associalion for Artificial ht-
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level, it is possil)h, t.o analyze tim grmnnmtical strut-
lure of th(’ dtwument and tilt, meaniug of tit(’ individual
pllrasos. Although |hooter|rally i)ossil)le, this method
has proved difli(’ult in prartieal al)I)li(’ations (Russell 
Norvig 1995).

The al)l)roa(’h l.akt,n hrrr is the cme traditionally usrd
iu information rrtrit,val and infi~rmation filtering: vach
dot’tmmnl is sct’n as a se! of words, with no mutual re-
lations Imtween tim words. Furthermore, no meaning is
assigned to the words. This tueaus that the only infer-
maticm air(rot a tltn’unmnt that can b(, used to classify
the document as intt,rostiug or Ilt)t in|ores! ing is the set
of words present iu tile do(’l.ttllettt: at|d, ettuversely, the
set. Of words 11o| pros(,tlt ill lhr docmnrnt. This is a
rather siml)le view of the (’~mteu| of a. dumuttent, but a
gr[,al deal ttf iufi)rtnal.itm is still ln’Ost,vtt, tffton t,tumgh
tt> mnkt, 1.11o (’tn’rer| l)rt,tlirt.ion.

The aim of the experiment described in this paper
is t horef(tre to show that genetic pr,gramming cau be
used to evolve ngt,nls that, Imsed on the set of words
In’esent in a documrnt, decide whether the doctunrnt is
tff interesl to a. spe(’ilir user.

The Experiment
ht tit,’ f, tilmving, nn exlmrimt’nt is dosrribrd that nt-
trmpls to show that geuelic l,rogratnming cau he used
to rvolvr (h)t’umrnt classificatitnt agt.nts.

A iotal t)f 617 example documrnt.s are usrd. Thrsr
dOf’lllllt’lltS ill’(’ flip tllt’SS~’tgi’S tn)sl.t’d l.() tim genetic pt’,p-
gramming mailing list fl’tJm Jmmary 2 through auuo
14, 1993. Tlloy Ira.to all bern mmlmdly classilird as
being interest|rig or unintt,resting; dot’untents regard-
ing different selection mr,the(Is, fitr ins|ance fitness
prol)ortitmate s(,lortion, tollrllantt’llt selort.ion, or tile
use of demos (Kozn 1992: Wright 1932; ’l;’utrse 1989;
Andre &" Koza 1995; 1996; Niwa & Iba 1996), have 1)et,n
|’lass|lied ;m intt,restitJg, and all oth(,r dormnents have
been classified as |thin|cresting. ()f the t.olnl 617 th~c-
umonl.s, 101 m’e rlassified as inter,,slitng, and lit(, otht,r
516 th)cmvtrnts art, (’lass|lied as unintt,rrsting.

This groul~ of document s is then arbitrarily divided iu
two; grtntI) A, with 62 interesting and 223 uninterrstitlg
dO(’ltnlelltS, is used ;ts trnining <lnta fin" |he gent,tit" pro-
granmting algorithm. Grrml~ B, wit h 39 interesting and
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293 uninl.ervsting dOclunents: is fheu used, after the ge-
netic progrmnnling algorit Inn has prodlwod a result, to
test how good the evolved programs are at classifying
docuineuts they ha.re not Iicen trained on.

Tile Cxlmrinlent I.herpfora consists of using gontdic
progranmling to cvolvl~ a dtjClillt(,Ilt, classification agent

USillg (I()CIllll(qlf. grtlup A tit t’a,l(’uhltt~ tilt’ fil.n0ss va[ItPs
of the evolved prog~ratllS, Imfol’e tilt, r{,sltlting al~0nts are
tested Oil tlocunLent t~roup B.

Genetic Programming Specification
Based on tilt, situation described so far, the function
illtd l.c’rnlinal sots tlst,d to dc~ genetiv I)rogramnling art,
presented ilL ’/’llllh,s [ llii([ 2, l’t’Sll(’ctk’t’l)’. As I’lin lit’ st’i’ll
I’i’Olli lhl, fllllh’s, tliost, ai’t~ thp tiorllllll ]jotlipazi iilill ai’ii]i-
inptit" fllnt’f.ioiis ~lnd t’onslants flip booh’an fiitict.ioiis

t.reat, 0 ;is FAIJSE, and all olhor x’ahies ii,~ TI1UE. In
addifioil, f.lll’l’t, is a fltlR’thlil PrlESI-]NT, whh,h I.hecks
to see if il ct,rfahi word is lli’pSt~lil hi flit’ {’lil’i’(’iif. doc-
lliii(,lit this is the only way f, lm a~(,iit lll’()ll’illllS 

l~l,i hifornilifh}n allouf, i, h0 docunienis.
Tim lllt~llf is PtlUilllJtR[ wil.h a dictionary of words;

this tlit’iiOliiii’y t’oiitiliiL,<’i all the word,~ used hL iln.v ill
llio dtlt’llill(’llls ]li’(R’(,,~st,d lly the iig(,lii, iliid ii.~sigll,~ 
pllc]i ot" I lit,st, words an intt,g(,r iililiilll,l" Ihis iiiiiill)t,l" 
SllllSi,qli{,lil Jy li.’4t,(l lit i’t,[’t,r I.o l.]iat word. Tilt, fiiilcl-iOil
PIIESE.NT ilikos stii’h il niinillpr, ilil(I clll,ck,~ ill(, curroiit

/itit’lilllt,ill. to st,l, if flit: word r01irt’sollfod Ijy flit, givl:n

ilUlii]Jt,r is l)l’t,,~onf.. PIIESENT rt, iurlis this lilillll)(,r 
Ihe word t.iirlis Olit it) tie llrPst,iit hi lhe tlt)t’iliilt,ilt,, ilittl
rt’t.urli,~ z(:i’o otherwlse, i’(,prPst’nt.inl~ IRi(lloltn TRUE 
FALSE, rt’.spt?t’t, ivt’ly. All iirllit, rliry liiaxhilulii lliliiil)l,i’
O[ Wt)l’llS l/I ])0 procosst,d liy t, ht: s.vsIPill is s(,I ftl IlJiilll}
in this p.xporinientl intt,gt,r nunlll(,rs aro fllprl,fOi’p. ;ill
inoduhl 100110.

The [uncfion,~ AND lind ()R iu’o iiill)h,iii(,nt.pd as 
niinhnllni and tht, llillxiiiililii funclitlns, r(,speciivoly.
This is dOil(, to avoid havhll~ all nuinllors cah’ulal.l,d hi
illwl,r llili’l,~ of I,ho llroTrain f, rt’os rt:llllit’ed llx." 1’,~ ilS lhey
lli’ol4i’oss lhroilgh I.liest, fUliCl,[olts (ill I.heir way lip lhe
l)rOgl’iini l.rl,t,. This is also why I.he PIIESENT fliiit’t.i{lii

i’(,l, llrils its iit’l~iLlilt’iif iliStt~iltl or just 1.
Evt, r.v alrpiif llrogi’iiin is allowed fo liavo nLuit.illh, re-

suit lirtlducing IJrarlcllt,S, ~lli(l t,ilt’h ,~tlt’ll i’{,sult produc-
ing llrluil’]i returns ii ]looh,iin viliuc. Tilt, th’cision of l.]ic
iigcnl, i.s l.]lvn t,akl’ii ill lit: a "lnajoril.y rot(’" l’rtlni iht,sc
rt,siill Iirodut’ing llrlulchl,s-" if liltJl’(~ thiui |LalP tlf l.he re-
stilt, lirljdiit’iiLl~ llrillLt’lit’,S i’t’f.lil’li li vahll’ {If TRUE for it
given dOclinii’nf., the docuinenl is chis.~illed its hitei’l,st-
ing, ol.ht,rwist, it i,q chl,~siliod Im unhliere,~thlg.

Tht, viiliip,~ usl,ll fiR" tlic i~pnt,t.h’ lll’i)ll’iilillilillg l)aril.ilit’-

t.(,rs art, showll in Tallh, 3. -~s i’;iii lit, st,oil |’rolll t.ho till)h,,
tile dl’nLt’ iipl)rlllich is ilSl,iI (Wright. 1932: "l’ant,st: 1.t)89;
Andrl’ ~l~. Koza 1995: 1998: Niwa ~" lbll ] 9911), ilhlii I wit h
iiuloni.’ilicaliy dt,lhR,d fliilCiilJii,~ iiiLd lliull.il)lP i’l’sitll pro-
illit’iill4 llrailt’hl:s dt,lliils can Ill, ftliiilll in (Svinll’]l
L996). Mutalilln is hiilll(,int, lit, t#d il~ dllpliciit.ioli tit" dt:lt,-
titln tlf llralichps hi lho Irt,Ps. A lol.al tlf ~ I’UlL,’i iil’P

(’l)illlil(,ft,ti.
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Ex p a-IT~7~-i~ion
Pt, rfornis lilt, llooh,an op-
oralh)n AND Oll its lwo
llt’~lllllOilt.,q.
Pprf(irins t.he botJh,ali op-
praliiln ()11. till it.s fwt)

It i.~illllOilt s.
PPl’[orlns | he bot)lt’itil ()p-
t,rat ilJli .N O "1" t)ii its
ili’glllii(,ili..
The Iirsf Itrgillilplil is
t,vlihulh,tl. Tf ii ovahl-
ales to ".I.’IIUE. t.ht,Ii flit,
second lil’[lllllt,iil i,q eval-
u;ilt,d aiid rPI ili’il(,ll, ofh-
crwisf, |.lit, fliirtl ;li’tli-
niPnf is evllhiii.ted and
l’pl ilrllt,ll.

llPiut’ns flit, Slilll tif l,lm

lll’llilllPIli S.
lleluriis f.hc th’si ;il’lll-
nit,lit Sllbl raclPd lilt, ,~ec-

oiid ilrliliit~,lif..
llt,lui’n,~ Ihe lirOdtlcl o1"
ihe two ai’gUliit,llf.,%
lletlu’n.~ t.lm first ill’Ill-
lilt’ill dividt,d ]ly fh(, ,~Ot’-
till/| llt’glilllt’lli, fir zt’rlJ i[

Ihe sl,COlili arlunlt’lil is
Zt*l’t).
lll,i.ln’ns tilt: iil,llllhln tlf
tilt, firsl ilrgiilli(,lii,.
lloiilrns tim tirsi, lu’gu-
tilOllt niothi]o tht, st,c/)ntl

al’~lllliPllt, ill" ZOi’ll ll" flit’
sPCOlid ;irl~illilOlll. is zt,l’tl.
liilerllrlq.s tilt, ninnlli,r
givt,n li.v ils arl~uinont llS
it word, iliid i’Ollirils thli.I
lUllnllt~r i[ I,h{: word is
prt,.q(,nf, ill 1 ]m doCiililt’iif,.
and rt.,t, urns ()llfherwist,.

Tabh, 1: Functilln Set

"rernllila[ Explanation

TRUE lleturns I.

FALSE Ileturlis It.
0 9999 Elihl,nil,rlil. rt,i.urii~ a r;inlhlin

vilhl(, liPLwt,t,]! (] lind 9!)99.

Tallle 2: Terniiniil Set



6O

5o -~.~, \

0 :::::::::::::::::::::::::::::::::::::::::::::::::
0 3 6 9 12 15 18 21 24 27 30 33 36 39 42 45 48

Ge ne ration

--Run 1

.... Run2

....... Run3

..... RUn4

..... Run5

Figure 1: Fitness of the Best. Programs

Parameter Value
Number of demes 25
Population size per dome 1000
Maxinnun nmnl)er of ADFs .l
Maximum nulnl)er of argunlents 2
Maximum mmd)er of R.PIls ,i
Crossover rate 90%
Mutation rate 19~

Table 3: Parameter ’~.~dues

Results
Tl,e evolutio,, of the I)rogran,s in the differ(,,t runs 
sl,own in Figure 1. The fitness vahm used it, the figure is
tit(, number of do(’uments that the evahmted l)rograms
missed to classify (’orre(’tly; this means that the best
l)ossil)h’ vMue is O, for a perfect program, and that tim
worst possible value is 285, siu(’e there are 285 docu-
me.nts to classiC,; 1,owever, since it. is easy to find a pro-
granl that returns a constant vahm, the worst program
that is likely to appear wilt have a fitness of 62, since
there are 62 documents that are. classified as interesting
and 223 docume,,ts that are class,lied as uninteresting.

Out of the 5 runs, the fitness of the best I)rc)grmn 
the initial generation in ,t of tl,em is just below 50, wl,ile
iv the otl,er run it. is just M)ove 40. Given that every
genera.tion (:onsists of 25 demes with 1000 programs in
each, and that 5 runs have been performed, a total of 25.
1000- 5 = 125(}(}(} random I)rograms have boon created.
Since none of those have fitness values better than 40,

~
3 (IF (PRESENT totu’nalnent) l 
0 ] (ADF3 0)
1 0
2 1

Table 4: Best, l)rogran, in General,on 3 in Run 

the l)rol)ability of sucl, a solution al)pt,aring by rand(m,
st,arch seems to 1)e very smaU.

Apart from run 5, the ruus behave silnihu’iy; the ini-
tial pr()grams ha.vo fitness vahtes close to 50. excel)! 
run 4, aM mentioned it, the l)revious l)oint. A .]Uml)
is then made, (’aused I)y the evoh’emont of some im-
portant feature, down to 28. A fe.w generations p.’tsst,s
without much improvement, before anothr,r jmnp down
to somewhere between 15 and 2(I. From there o,, the
evolvement takes place more gradually, ending with fit-
ness values of just below 10. Run 5. on the other hand.
lat’ks the two juml)s ;|lid consists mainly t)f gradual im-
l)rovenmnt until generation 43, whore a jttlllp is lilac]l,
fi’om just I)elow 30 to just below 20. This run ends Ul)
at a titness of about 15.

In order to gain more insight int.o the succ(,ss of the
genetic programming I)rocess. one of the more tyl)i(’;d
runs, run 1, will vow be examin(,d i, d,t.ail.

The best program in the initial gent,ratio, (I h,’~ a fit-
ness of 49. This l)rogram is COml)letely random, so 
examination of its operation is given. For the next two
generations, no iml)rovement is acl,ioved. Then. in g(,n-
era, ion 3. a program with a fitness value of 28 at)pears.
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Pcrcentag<, of docunmnts correctly 92
classified
Percentage of interesting doCtllllelfl.8 36
corroctly classified
Percentage of uninteresting documents 99
correctly class|lied

"Jhble 5: Correctm,ss of Best l)rogram in Generation 3
in Run I

h, order to explain this jmnp, a simplified version of
lhe best program from t.his gem,ration is shown in T;~-
b]o 4. "File IlumbPr.~ ;irP he(’(, r(’l)hwed by the words t]l(’y
roprosont. Autommically dofined functions that are m)t
usod m’o not shown in the I,abh:.

A very good exphutation of the jump in the fi|n~yss
with generation 3 can now be given; the word "tour-
I|alllC~lL|,", which is used in the context of tournament
seh,clion, one of the selection methods, a.ud t.herofi)re
is llres0nt in many (ff Ill(, docutn0nts tirol ave markod
as interesting, is im’lmh,d in tho program. Sim’o I~.PB1
aml R I)II2 noul,ralize each ol.hor, tho result is givon by
I:~PB0, which agaiu calls ADF3 with m] argmnent of 11,
SO l]l(’ I’(’SII]I. Of tin(’ lR’ogl’;llll is given by (IF (PRESENT
tournament) ! 0). "l’lm agent program therefore a(’(’el)tS
do(’umonts lhat (’Olll;tilt I lm word ::t.ollrllalllC,nt". all(!
rejects all othors.I

The vorrovtnoss of Ibis l)rogram on tin(, (ltn’mnonts 
gr, mp II is slmwn in Tablo 5. All.hough 92% correct
classilicalions lnight Seeln good: 36’Yt, correct classifica-
tions fin" inlerestillg dOf’llllif’lntfi Cilllll()t 11(’ considered
satisliable.

AS (’1111 11o .’q(’Oll fl’Oltl Figuro 1, after a lillnOSs value
of 28 has }men achieved, Ihe titm,ss values fall gradu-
ally uHlil a tilnoss value of 8 is achieved in the linal
g(’tlOl’ill it)In 50. The I)(,st progrmn fl’om this g(,neralion,
wlfich has 3 automatically d(,lim,d fmwlions and 3 i’esull
pr(J(hwing 1)ran(’hes, is givon in Table 6. Ah.hcntgln it. 
lmrd Io muhwst.an(I tlm actual Ol)(,ration ()fllm l)rograxn
(se(: (Svingon 1996) fi)r an a.twml)t), if should I)e (’lear
front tim tal)le lhai, the l)rogram (’he(’ks for tile l)res-
(’]11"(: of s(’v(’r,ql w()r(ls thai. ;Ir(’ Hat Ilral ill (lOctl)ln(~nt..’q 

the topic of s(’ie(’tiou methods, such as "tournament’",
"vIm(lidal.o" and "dn,m(,". It is also inl(,rosling to 11olive
that I)o1 In singular and plural fi)rm ()f "tournam(,nt’" 
"(lemC" aro used 113" i.h(’ program.

TIJ(’ c’orr(,vlnwss ()f l|tis l)r()gram on Ill(, d()(’mnents

(’Fit(’ word "tourtlamont." is in( fact. such a stn’oug char=
actm’islic of the (h)(’um(,nt.s classified as inlerostlug that 
word. rt,I)rosentot] l)y the mtm|)t,r 15.15, also at)l)(,ars in 
3 an,l I in Ilw lirsl, g(’lllWal’[t)ll i.lfll’r th(’ .i,,n1) (h’)wu to 
fil,m.ss vahw of 28. In tam 2, lifts tmml)er does not al)lmar.
The numl)er 8455 does. hc)wover, al,l)ear, in tho I)est l)ro-
grnm in gonoration 1, whi(’h is th,, first with a Illness of 28,
as lilt, argumont to a unary mimts Ol)erator. And since ill]
mmd)ox’s ;u-e given moduh, 1{111110, as was (h:scribed above.
-8455 = 10000 - 8.t55 = 15-15.
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A--D-I.~I (IF (OR P0 (PR.E~EI-N~d]~)
(IF (+

(PRESENT h)urnament)
(P RESENT denies)

)
1
PO

)
(IF (PRESENT h)urnam,,nts)

8607
(IF (PRESENT iolnrmmlent)

!
(1)RESF~NT (- (PRESENT scant) 

)
)

)
ADF2 (+ 3980 (NOT P0))
ADF3 (IF (PIIESENT tournamont)

l
(- (ADF1 P0))

)
RPB0 (IF(AI)F2 1 

(-
(- (PRIZ;SENT deme))
(AI)F3 (I’IIESI:;N’I’ pet))

)
(AI.)F3 0))

RF’I}I (IF (PRESENT gahq)agos)
5976
(I)I{ESENT d(,me)

)
RI)B2 

Tal)h~ 6: Best l’r()granL ill (’en(,ration 50 in 

Tal)l(, 7: (’.orrec’ttw,,<s of Best Program inn (’(,nu(,rati[)n 
in Run 1



in group B is shown ill Tat)It 7. The behavior is now
significantly better, 94% of all the docmnents, and 59%
of the interesting docmnents, are correctly classified.

Conclusion
lla all the 5 runs, solutions with fairly high fitness val-
ues were found. The interesting thing, however, is how
well these, evolved programs perform on documents tlley
have not been trMned (m, that is, on group B. The per-
eentage of documents that are correctly c.lassified is not
very us(,fid in itsclL since it depends heavily on the re-
lationship between the number of interesting and |,he
numl)er of uninteresting documents it is more in-
t.(~resting to look at the percentage of interesting (locu-
ments that are correctly classified, and tile 1)ercentage
of uninteresting documents that are correctly classified.

In Tat)le 7, tile results from tit(, 1)es! progrmn ill 
1 of tim experiment were shown. This sohttion must
be (’onsider(,d good, since it is likely to 1)e satisfying
fin" most users to get a(’coss to 60% of all interesting
(locum(~nts, while having to read just 1% of the unin-
teresting documents2. As a conclusion, it can ti.erefore
be said I.ha.t genetic ln’ogrmmning st,:ins to l)e a use-
fill m(:ihod for creating docunmnt classification agents.
The model used in this text is extremely simple: and
large improvement should be possible I)y using more
advanced information filtering techniques.

Tiffs eXl)criment is ¢leserilmd in greater detail, ahmg
with filrther work, ill (Svingen 1996).
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