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tA great deal of work has been done demonstrat-ing the ability of ma
hine learning algorithms toautomati
ally extra
t linguisti
 knowledge fromannotated 
orpora. Very little work has goneinto quantifying the di�eren
e in ability at thistask between a person and a ma
hine. This pa-per is a �rst step in that dire
tion.1 Introdu
tionMa
hine learning has been very su

essful atsolving many problems in the �eld of naturallanguage pro
essing. It has been amply demon-strated that a wide assortment of ma
hine learn-ing algorithms are quite e�e
tive at extra
tinglinguisti
 information from manually annotated
orpora.Among the ma
hine learning algorithms stud-ied, rule based systems have proven e�e
tiveon many natural language pro
essing tasks,in
luding part-of-spee
h tagging (Brill, 1995;Ramshaw and Mar
us, 1994), spelling 
orre
-tion (Mangu and Brill, 1997), word-sense dis-ambiguation (Gale et al., 1992), message un-derstanding (Day et al., 1997), dis
ourse tag-ging (Samuel et al., 1998), a

ent restoration(Yarowsky, 1994), prepositional-phrase atta
h-ment (Brill and Resnik, 1994) and base nounphrase identi�
ation (Ramshaw and Mar
us, InPress; Cardie and Pier
e, 1998; Veenstra, 1998;Argamon et al., 1998). Many of these rule basedsystems learn a short list of simple rules (typ-i
ally on the order of 50-300) whi
h are easilyunderstood by humans.Sin
e these rule-based systems a
hieve goodperforman
e while learning a small list of sim-ple rules, it raises the question of whether peo-�and Woman.

ple 
ould also derive an e�e
tive rule list man-ually from an annotated 
orpus. In this pa-per we explore how qui
kly and e�e
tively rel-atively untrained people 
an extra
t linguisti
generalities from a 
orpus as 
ompared to a ma-
hine. There are a number of reasons for doingthis. We would like to understand the relativestrengths and weaknesses of humans versus ma-
hines in hopes of marrying their 
omplemen-tary strengths to 
reate even more a

urate sys-tems. Also, sin
e people 
an use their meta-knowledge to generalize from a small number ofexamples, it is possible that a person 
ould de-rive e�e
tive linguisti
 knowledge from a mu
hsmaller training 
orpus than that needed by ama
hine. A person 
ould also potentially learnmore powerful representations than a ma
hine,thereby a
hieving higher a

ura
y.In this paper we des
ribe experiments we per-formed to as
ertain how well humans, givenan annotated training set, 
an generate rulesfor base noun phrase 
hunking. Mu
h previouswork has been done on this problem and manydi�erent methods have been used: Chur
h'sPARTS (1988) program uses a Markov model;Bourigault (1992) uses heuristi
s along with agrammar; Voutilainen's NPTool (1993) uses alexi
on 
ombined with a 
onstraint grammar;Juteson and Katz (1995) use repeated phrases;Veenstra (1998), Argamon, Dagan & Kry-molowski(1998) and Daelemans, van den Bos
h& Zavrel (1999) use memory-based systems;Ramshaw & Mar
us (In Press) and Cardie &Pier
e (1998) use rule-based systems.2 Learning Base Noun Phrases byMa
hineWe used the base noun phrase system ofRamshaw and Mar
us (R&M) as the ma
hinelearning system with whi
h to 
ompare the hu-



man learners. It is diÆ
ult to 
ompare di�erentma
hine learning approa
hes to base NP anno-tation, sin
e di�erent de�nitions of base NP areused in many of the papers, but the R&M sys-tem is the best of those that have been testedon the Penn Treebank.1To train their system, R&M used a 200k-word
hunk of the Penn Treebank Parsed Wall StreetJournal (Mar
us et al., 1993) tagged using atransformation-based tagger (Brill, 1995) andextra
ted base noun phrases from its parses bysele
ting noun phrases that 
ontained no nestednoun phrases and further pro
essing the datawith some heuristi
s (like treating the posses-sive marker as the �rst word of a new basenoun phrase) to 
atten the re
ursive stru
-ture of the parse. They 
ast the problem asa transformation-based tagging problem, whereea
h word is to be labelled with a 
hunk stru
-ture tag from the set fI, O, Bg, where wordsmarked \I" are inside some base NP 
hunk,those marked \O" are not part of any base NP,and those marked \B" denote the �rst wordof a base NP whi
h immediately su

eeds an-other base NP. The training 
orpus is �rst runthrough a part-of-spee
h tagger. Then, as abaseline annotation, ea
h word is labelled withthe most 
ommon 
hunk stru
ture tag for itspart-of-spee
h tag.After the baseline is a
hieved, transforma-tion rules �tting a set of rule templates arethen learned to improve the \tagging a

ura
y"of the training set. These templates take into
onsideration the word, part-of-spee
h tag and
hunk stru
ture tag of the 
urrent word and allwords within a window of 3 to either side of it.Applying a rule to a word 
hanges the 
hunkstru
ture tag of a word and in e�e
t alters theboundaries of the base NP 
hunks in the sen-ten
e.An example of a rule learned by the R&M sys-tem is: 
hange a 
hunk stru
ture tag of a wordfrom I to B if the word is a determiner, the nextword is a noun, and the two previous words bothhave 
hunk stru
ture tags of I. In other words,a determiner in this 
ontext is likely to begin anoun phrase. The R&M system learns a total1We would like to thank Lan
e Ramshaw for pro-viding us with the base-NP-annotated training and test
orpora that were used in the R&M system, as well asthe rules learned by this system.

of 500 rules.3 Manual Rule A
quisitionR&M framed the base NP annotation problemas a word tagging problem. We 
hose insteadto use regular expressions on words and part ofspee
h tags to 
hara
terize the NPs, as well asthe 
ontext surrounding the NPs, be
ause thisis both a more powerful representational lan-guage and more intuitive to a person. A person
an more easily 
onsider potential phrases as asequen
e of words and tags, rather than lookingat ea
h individual word and de
iding whether itis part of a phrase or not. The rule a
tions weallow are:2Add Add a base NP (bra
ket a se-quen
e of words as a base NP)Kill Delete a base NP (remove a pairof parentheses)Transform Transform a base NP (moveone or both parentheses to ex-tend/
ontra
t a base NP)Merge Merge two base NPsAs an example, we 
onsider an a
tual rulefrom our experiments:Bra
ket all sequen
es of words of: onedeterminer (DT), zero or more adje
-tives (JJ, JJR, JJS), and one or morenouns (NN, NNP, NNS, NNPS), ifthey are followed by a verb (VB, VBD,VBG, VBN, VBP, VBZ).In our language, the rule is written thus:3A(* .)({1} t=DT) (* t=JJ[RS℄?) (+ t=NNP?S?)({1} t=VB[DGNPZ℄?)The �rst line denotes the a
tion, in this 
ase,Add a bra
keting. The se
ond line de�nes the
ontext pre
eding the sequen
e we want to havebra
keted | in this 
ase, we do not 
are whatthis sequen
e is. The third line de�nes the se-quen
e whi
h we want bra
keted, and the last2The rule types we have 
hosen are similar to thoseused by Vilain and Day (1996) in transformation-basedparsing, but are more powerful.3A full des
ription of the rule language 
an be foundat http://nlp.
s.jhu.edu/�baseNP/manual.



line de�nes the 
ontext following the bra
ketedsequen
e.Internally, the software then translates thisrule into the more unwieldy Perl regular expres-sion:s{(([^\s_℄+__DT\s+)([^\s_℄+__JJ[RS℄\s+)*([^\s_℄+__NNP?S?\s+)+)([^\s_℄+__VB[DGNPZ℄\s+)}{ ( $1 ) $5 }gThe base NP annotation system 
reated bythe humans is essentially a transformation-based system with hand-written rules. The usermanually 
reates an ordered list of rules. Arule list 
an be edited by adding a rule at anyposition, deleting a rule, or modifying a rule.The user begins with an empty rule list. Rulesare derived by studying the training 
orpusand NPs that the rules have not yet bra
keted,as well as NPs that the rules have in
orre
tlybra
keted. Whenever the rule list is edited, theeÆ
a
y of the 
hanges 
an be 
he
ked by run-ning the new rule list on the training set andseeing how the modi�ed rule list 
ompares tothe unmodi�ed list. Based on this feedba
k,the user de
ides whether to a

ept or reje
tthe 
hanges that were made. One ni
e prop-erty of transformation-based learning is that inappending a rule to the end of a rule list, theuser need not be 
on
erned about how that rulemay intera
t with other rules on the list. Thisis mu
h easier than writing a CFG, for instan
e,where rules intera
t in a way that may not bereadily apparent to a human rule writer.To make it easy for people to study the train-ing set, word sequen
es are presented in one offour 
olors indi
ating that they:1. are not part of an NP either in the truth orin the output of the person's rule set2. 
onsist of an NP both in the truth and inthe output of the person's rule set (i.e. they
onstitute a base NP that the person's rules
orre
tly annotated)3. 
onsist of an NP in the truth but not in theoutput of the person's rule set (i.e. they
onstitute a re
all error)4. 
onsist of an NP in the output of the per-son's rule set but not in the truth (i.e. they
onstitute a pre
ision error)

The a
tual system is lo
ated athttp://nlp.
s.jhu.edu/�basenp/
hunking.A s
reenshot of this system is shown in �gure4. The 
orre
t base NPs are en
losed in paren-theses and those annotated by the human'srules in bra
kets.4 Experimental Set-Up and ResultsThe experiment of writing rule lists for base NPannotation was assigned as a homework set toa group of 11 undergraduate and graduate stu-dents in an introdu
tory natural language pro-
essing 
ourse.4The 
orpus that the students were given fromwhi
h to derive and validate rules is a 25k wordsubset of the R&M training set, approximately18 the size of the full R&M training set. Thereason we used a downsized training set wasthat we believed humans 
ould generalize betterfrom less data, and we thought that it might bepossible to meet or surpass R&M's results witha mu
h smaller training set.Figure 1 shows the �nal pre
ision, re
all, F-measure and pre
ision+re
all numbers on thetraining and test 
orpora for the students.There was very little di�eren
e in performan
eon the training set 
ompared to the test set.This indi
ates that people, unlike ma
hines,seem immune to overtraining. The time thestudents spent on the problem ranged from lessthan 3 hours to almost 10 hours, with an av-erage of about 6 hours. While it was 
ertainlythe 
ase that the students with the worst resultsspent the least amount of time on the prob-lem, it was not true that those with the bestresults spent the most time | indeed, the av-erage amount of time spent by the top threestudents was a little less than the overall aver-age | slightly over 5 hours. On average, peo-ple a
hieved 90% of their �nal performan
e afterhalf of the total time they spent in rule writing.The number of rules in the �nal rule lists alsovaried, from as few as 16 rules to as many as 61rules, with an average of 35.6 rules. Again, theaverage number for the top three subje
ts wasa little under the average for everybody: 30.3rules.4These 11 students were a subset of the entire 
lass.Students were given an option of parti
ipating in this ex-periment or doing a mu
h more 
hallenging �nal proje
t.Thus, as a population, they tended to be the less moti-vated students.



TRAINING SET (25K Words) TEST SETPre
ision Re
all F-Measure P+R2 Pre
ision Re
all F-Measure P+R2Student 1 87.8% 88.6% 88.2 88.2 88.0% 88.8% 88.4 88.4Student 2 88.1% 88.2% 88.2 88.2 88.2% 87.9% 88.0 88.1Student 3 88.6% 87.6% 88.1 88.2 88.3% 87.8% 88.0 88.1Student 4 88.0% 87.2% 87.6 87.6 86.9% 85.9% 86.4 86.4Student 5 86.2% 86.8% 86.5 86.5 85.8% 85.8% 85.8 85.8Student 6 86.0% 87.1% 86.6 86.6 85.8% 87.1% 86.4 86.5Student 7 84.9% 86.7% 85.8 85.8 85.3% 87.3% 86.3 86.3Student 8 83.6% 86.0% 84.8 84.8 83.1% 85.7% 84.4 84.4Student 9 83.9% 85.0% 84.4 84.5 83.5% 84.8% 84.1 84.2Student 10 82.8% 84.5% 83.6 83.7 83.3% 84.4% 83.8 83.8Student 11 84.8% 78.8% 81.7 81.8 84.0% 77.4% 80.6 80.7Figure 1: P/R results of test subje
ts on training and test 
orporaIn the beginning, we believed that the stu-dents would be able to mat
h or better theR&M system's results, whi
h are shown in �g-ure 2. It 
an be seen that when the same train-ing 
orpus is used, the best students do a
hieveperforman
es whi
h are 
lose to the R&M sys-tem's | on average, the top 3 students' per-forman
es 
ome within 0.5% pre
ision and 1.1%re
all of the ma
hine's. In the following se
tion,we will examine the output of both the manualand automati
 systems for di�eren
es.5 AnalysisBefore we started the analysis of the test set,we hypothesized that the manually derived sys-tems would have more diÆ
ulty with potentialrules that are e�e
tive, but �x only a very smallnumber of mistakes in the training set.The distribution of noun phrase types, iden-ti�ed by their part of spee
h sequen
e, roughlyobeys Zipf's Law (Zipf, 1935): there is a largetail of noun phrase types that o

ur very infre-quently in the 
orpus. Assuming there is not arule that 
an generalize a
ross a large numberof these low-frequen
y noun phrases, the onlyway noun phrases in the tail of the distribution
an be learned is by learning low-
ount rules: inother words, rules that will only positively af-fe
t a small number of instan
es in the training
orpus.Van der Dos
h and Daelemans (1998) showthat not ignoring the low 
ount instan
es is of-ten 
ru
ial to performan
e in ma
hine learningsystems for natural language. Do the human-written rules su�er from failing to learn these

infrequent phrases?To explore the hypothesis that a primary dif-feren
e between the a

ura
y of human and ma-
hine is the ma
hine's ability to 
apture the lowfrequen
y noun phrases, we observed how thea

ura
y of noun phrase annotation of both hu-man and ma
hine derived rules is a�e
ted bythe frequen
y of o

urren
e of the noun phrasesin the training 
orpus. We redu
ed ea
h baseNP in the test set to its POS tag sequen
e asassigned by the POS tagger. For ea
h POS tagsequen
e, we then 
ounted the number of timesit appeared in the training set and the re
alla
hieved on the test set.The plot of the test set re
all vs. the numberof appearan
es in the training set of ea
h tagsequen
e for the ma
hine and the mean of thetop 3 students is shown in �gure 3. For instan
e,for base NPs in the test set with tag sequen
esthat appeared 5 times in the training 
orpus,the students a
hieved an average re
all of 63.6%while the ma
hine a
hieved a re
all of 83.5%.For base NPs with tag sequen
es that appearless than 6 times in the training set, the ma
hineoutperforms the students by a re
all of 62.8%vs. 54.8%. However, for the rest of the baseNPs | those that appear 6 or more times |the performan
es of the ma
hine and studentsare almost identi
al: 93.7% for the ma
hine vs.93.5% for the 3 students, a di�eren
e that is notstatisti
ally signi�
ant.The re
all graph 
learly shows that for thetop 3 students, performan
e is 
omparable tothe ma
hine's on all but the low frequen
y 
on-stituents. This 
an be explained by the human's



Training set size(words) Pre
ision Re
all F-Measure P+R225k 88.7% 89.3% 89.0 89.0200k 91.8% 92.3% 92.0 92.1Figure 2: P/R results of the R&M system on test 
orpus
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Figure 3: Test Set Re
all vs. Frequen
y of Appearan
es in Training Set.relu
tan
e or inability to write a rule that willonly 
apture a small number of new base NPs inthe training set. Whereas a ma
hine 
an easilylearn a few hundred rules, ea
h of whi
h makesa very small improvement to a

ura
y, this is atedious task for a person, and a task whi
h ap-parently none of our human subje
ts was willingor able to take on.There is one anomalous point in �gure 3. Forbase NPs with POS tag sequen
es that appear3 times in the training set, there is a large de-
rease in re
all for the ma
hine, but a largein
rease in re
all for the students. When welooked at the POS tag sequen
es in question andtheir 
orresponding base NPs, we found thatthis was 
aused by one single POS tag sequen
e| that of two su

essive numbers (CD). The

test set happened to in
lude many senten
es
ontaining sequen
es of the type:...( CD CD ) TO ( CD CD )...as in:( International/NNP Paper/NNP )fell/VBD ( 1/CD 38/CD ) to/TO (51/CD 12/CD )...while the training set had none. The ma
hineended up bra
keting the entire sequen
e1/CD 38/CD to/TO 51/CD 12/CDas a base NP. None of the students, however,made this mistake.



6 Con
lusions and Future WorkIn this paper we have des
ribed resear
h we un-dertook in an attempt to as
ertain how people
an perform 
ompared to a ma
hine at learninglinguisti
 information from an annotated 
or-pus, and more importantly to begin to explorethe di�eren
es in learning behavior between hu-man and ma
hine. Although people did notmat
h the performan
e of the ma
hine-learnedannotator, it is interesting that these \languagenovi
es", with almost no training, were able to
ome fairly 
lose, learning a small number ofpowerful rules in a short amount of time on asmall training set. This 
hallenges the 
laimthat ma
hine learning o�ers portability advan-tages over manual rule writing, seeing that rel-atively unmotivated people 
an near-mat
h thebest ma
hine performan
e on this task in so lit-tle time at a labor 
ost of approximately US$40.We plan to take this work in a number of di-re
tions. First, we will further explore whetherpeople 
an meet or beat the ma
hine's a

ura
yat this task. We have identi�ed one major weak-ness of human rule writers: 
apturing informa-tion about low frequen
y events. It is possiblethat by providing the person with suÆ
ientlypowerful 
orpus analysis tools to aide in rulewriting, we 
ould over
ome this problem.We ran all of our human experiments on a�xed training 
orpus size. It would be interest-ing to 
ompare how human performan
e variesas a fun
tion of training 
orpus size with howma
hine performan
e varies.There are many ways to 
ombine human
orpus-based knowledge extra
tion with ma-
hine learning. One possibility would be to 
om-bine the human and ma
hine outputs. Anotherwould be to have the human start with the out-put of the ma
hine and then learn rules to 
or-re
t the ma
hine's mistakes. We 
ould also havea hybrid system where the person writes ruleswith the help of ma
hine learning. For instan
e,the ma
hine 
ould propose a set of rules andthe person 
ould 
hoose the best one. We hopethat by further studying both human and ma-
hine knowledge a
quisition from 
orpora, we
an devise learning strategies that su

essfully
ombine the two approa
hes, and by doing so,further improve our ability to extra
t useful lin-guisti
 information from online resour
es.

A
knowledgementsThe authors would like to thank Ryan Brown,Mike Harmon, John Henderson and DavidYarowsky for their valuable feedba
k regardingthis work. This work was partly funded by NSFgrant IRI-9502312.Referen
esS. Argamon, I. Dagan, and Y. Krymolowski.1998. A memory-based approa
h to learningshallow language patterns. In Pro
eedings ofthe 17th International Conferen
e on Compu-tational Linguisti
s, pages 67{73. COLING-ACL.D. Bourigault. 1992. Surfa
e grammati
al anal-ysis for the extra
tion of terminologi
al nounphrases. In Pro
eedings of the 30th AnnualMeeting of the Asso
iation of ComputationalLinguisti
s, pages 977{981. Asso
iation ofComputational Linguisti
s.E. Brill and P. Resnik. 1994. A rule-basedapproa
h to prepositional phrase atta
hmentdisambiguation. In Pro
eedings of the �f-teenth International Conferen
e on Compu-tational Linguisti
s (COLING-1994).E. Brill. 1995. Transformation-based error-driven learning and natural language pro
ess-ing: A 
ase study in part of spee
h tagging.Computational Linguisti
s, De
ember.C. Cardie and D. Pier
e. 1998. Error-drivenpruning of treebank gramars for base nounphrase identi�
ation. In Pro
eedings of the36th Annual Meeting of the Asso
iation ofComputational Linguisti
s, pages 218{224.Asso
iation of Computational Linguisti
s.K. Chur
h. 1988. A sto
hasti
 parts programand noun phrase parser for unrestri
ted text.In Pro
eedings of the Se
ond Conferen
e onApplied Natural Language Pro
essing, pages136{143. Asso
iation of Computational Lin-guisti
s.W. Daelemans, A. van den Bos
h, and J. Zavrel.1999. Forgetting ex
eptions is harmful in lan-guage learning. In Ma
hine Learning, spe-
ial issue on natural language learning, vol-ume 11, pages 11{43. to appear.D. Day, J. Aberdeen, L. Hirs
hman,R. Kozierok, P. Robinson, and M. Vi-lain. 1997. Mixed-initiative developmentof language pro
essing systems. In FifthConferen
e on Applied Natural Language



Figure 4: S
reenshot of base NP 
hunking systemPro
essing, pages 348{355. Asso
iation forComputational Linguisti
s, Mar
h.W. Gale, K. Chur
h, and D. Yarowsky. 1992.One sense per dis
ourse. In Pro
eedings ofthe 4th DARPA Spee
h and Natural LanguageWorkship, pages 233{237.J. Juteson and S. Katz. 1995. Te
hni
al ter-minology: Some linguisti
 properties and analgorithm for identi�
ation in text. NaturalLanguage Engineering, 1:9{27.L. Mangu and E. Brill. 1997. Automati
 rulea
quisition for spelling 
orre
tion. In Pro-
eedings of the Fourteenth International Con-feren
e on Ma
hine Learning, Nashville, Ten-nessee.M. Mar
us, M. Mar
inkiewi
z, and B. Santorini.1993. Building a large annotated 
orpus ofEnglish: The Penn Treebank. ComputationalLinguisti
s, 19(2):313{330.L. Ramshaw and M. Mar
us. 1994. Exploringthe statisti
al derivation of transformational

rule sequen
es for part-of-spee
h tagging. InThe Balan
ing A
t: Pro
eedings of the ACLWorkshop on Combining Symboli
 and Sta-tisti
al Approa
hes to Language, New Mexi
oState University, July.L. Ramshaw and M. Mar
us. In Press. Text
hunking using transformation-based learn-ing. In Natural Language Pro
essing UsingVery large Corpora. Kluwer.K. Samuel, S. Carberry, and K. Vijay-Shanker. 1998. Dialogue a
t tagging withtransformation-based learning. In Pro
eed-ings of the 36th Annual Meeting of the As-so
iation for Computational Linguisti
s, vol-ume 2. Asso
iation of Computational Linguis-ti
s.A. van der Dos
h and W. Daelemans. 1998.Do not forget: Full memory in memory-based learning of word pronun
iation. In NewMethods in Language Pro
essing, pages 195{204. Computational Natural Language Learn-



ing.J. Veenstra. 1998. Fast NP 
hunkingusing memory-based learning te
hniques.In BENELEARN-98: Pro
eedings of theEighth Belgian-Dut
h Conferen
e on Ma-
hine Learning, Wageningen, the Nether-lands.M. Vilain and D. Day. 1996. Finite-stateparsing by rule sequen
es. In InternationalConferen
e on Computational Linguisti
s,Copenhagen, Denmark, August. The Interna-tional Committee on Computational Linguis-ti
s.A Voutilainen. 1993. NPTool, a dete
tor ofEnglish noun phrases. In Pro
eedings of theWorkshop on Very Large Corpora, pages 48{57. Asso
iation for Computational Linguis-ti
s.D. Yarowsky. 1994. De
ision lists for lexi-
al ambiguity resolution: Appli
ation to a
-
ent restoration in Spanish and Fren
h. InPro
eedings of the 32nd Annual Meeting ofthe Asso
iation for Computational Linguis-ti
s, pages 88{95, Las Cru
es, NM.G. Zipf. 1935. The Psy
ho-Biology of Language.Houghton Mi�in.


