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Abstract

W e describ e a parsing system based up on a language

mo del for English that is, in turn, based up on assign-

ing probabili ties to p ossible parses for a sen tence. This

mo del is used in a parsing system b y �nding the parse

for the sen tence with the highest probabilit y . This sys-

tem outp erforms previous sc hemes. As this is the third

in a series of parsers b y di�eren t authors that are simi-

lar enough to in vite detailed comparisons but di�eren t

enough to giv e rise to di�eren t lev els of p erformance,

w e also rep ort on some exp erimen ts designed to iden-

tify what asp ects of these systems b est explain their

relativ e p erformance.

In tro duction

W e presen t a statistical parser that induces its gram-

mar and probabilities from a hand-parsed corpus (atree-bank). P arsers induced from corp ora are of in ter-

est b oth as simply exercises in mac hine learning and

also b ecause they are often the b est parsers obtainable

b y an y metho d. That is, if one desires a parser that

pro duces trees in the tree-bank st yle and that assigns

some parse to all sen tences thro wn at it, then parsers

induced from tree-bank data are curren tly the b est.

Naturally there are also dra wbac ks. Creating the

requisite training corpus, or tree-bank, is a Herculean

task, so there are not man y to c ho ose from. (In this

pap er w e use the P enn W all Street Journal T reebank

[6].) Th us the v ariet y of parse t yp es generated b y suc h

systems is limited.

A t the same time, the dearth of training corp ora

has at least one p ositiv e e�ect. Sev eral systems no w

exist to induce parsers from this data and it is p os-

sible to mak e detailed comparisons of these systems,

secure in the kno wledge that all of them w ere designed

to start from the same data and accomplish the same

task. Th us an un usually large p ortion of this pap er

is dev oted to the comparison of our parser to previous�
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Figure 1: P arse of a simple sen tence

w ork, in whic h w e attempt to trace p erformance di�er-

ences to particular decisions made in the construction

of these parsing systems.

The Probabilistic Mo del

The system w e presen t here is probabilistic in that it

returns the parse � of a sen tence s that maximi zesp( � j s) . More formally , w e w an t our parser to return

P ( s) where

P ( s) = arg max � p( �; s)p( s)

= arg max � p( �; s) (1)

Th us the parser op erates b y assigning probabilitiesp( �; s) to the sen tence s under all its p ossible parses� (or at least all the parses it constructs) and then

c ho osing the parse for whic h p( �; s) is highest.

T o illustrate ho w our mo del assigns a probabilit y

to a sen tence under a giv en parse, consider the sen-

tence \Corp orate pro�ts rose." under the parse sho wn

in Figure 1. W e can think of a parse as a bag of

con text-free grammar rules sp ecifying ho w eac h parse

constituen t is expanded. Indeed, this is exactly ho w

our system considers it, since it uses a con text-free

grammar and �nds a set of (w e hop e) high-probabilit y

parses for the sen tence. In what follo ws w e pretend

that the probabilit y mo del is applied separately to eac h

p ossible parse. In actualit y this is to o ine�cien t; once

the set of parses has b een found their probabilities are

determined in one b ottom-up pass.

Returning to Figure 1, at eac h non-terminal no de

w e note the t yp e of no de (e.g., a noun-phrase, np ) and



the head of the constituen t (its most imp ortan t lexi-

cal item). F or example, the head of an np is the main

noun, the head of a vp is the main v erb, and the head

of an s is the head of the sen tence's vp. F ormally ,

the head is assigned b y a deterministic function of the

grammar rule used to mak e up the constituen t. Since

heads of constituen ts are often sp eci�ed as heads of

sub-constituen ts (e.g., the head of the s is the head of

the vp), heads are determined b ottom up. Note that

if a constituen t can b e created using sev eral di�eren t

rules, it ma y ha v e sev eral heads | but only one for

an y particular parse of the sen tence. W e are concerned

with the constituen t heads b ecause of the common lin-

guistic in tuition that the forms of a constituen t and

its sub constituen ts are determined more b y the con-

stituen t's head than an y other of its lexical items.

Giv en the heads for eac h constituen t, it is p ossible to

determine the probabilit y of all parses of a sen tence in

either a top-do wn or a b ottom-up fashion. Bottom-up

is more e�cien t and is used in the program. T op-do wn

is more in tuitiv e, and w e use that metho d here.

Supp ose that w e ha v e w ork ed our w a y top do wn and

are no w ab out to determine the probabilit y of a con-

stituen t, sa y the np \Corp orate pro�ts." This pro ceeds

b y �rst determining the probabilit y of its head, then

the probabilit y of the form of the constituen t giv en

the head, and �nally recursing to �nd the probabili-

ties of sub-constituen ts. Consider the �rst of these |

computing the probabilit y of the head s giv en all the

information previously established ab out the sen tence.

W e assume that s is dep enden t only on its t yp e t, the

t yp e of the paren t constituen t l , and the head of the

paren t constituen t h. Th us w e use p( s j h; t; l ) . F or

the head \pro�ts" of the np \Corp orate pro�ts" this

w ould b e: p(pro�ts j rose ; np; s). That is, w e compute

the probabilit y that a np is headed b y \pro�ts" giv en

that it is a np and that the constituen t ab o v e it is ans headed b y the lexical item \rose."

This is only an appro ximatio n of the true dep enden-

cies, but it is also already so sp eci�c a probabilit y that

w e ha v e no real c hance of obtaining the data empiri-

cally . Th us w e appro ximate p( s j h; t; l ) as follo ws:p( s j h; t; l ) = �1 ( e) ^ p ( s j h; t; l ) (2)

+ �2 ( e) ^ p( s j c h; t; l )

+ �3 ( e) ^ p( s j t; l ) + �4 ( e) ^ p( s j t)

Here and in what follo ws p̂ denotes a distribution ob-

tained empirically from the training data. Equation

2 can th us b e c haracterized as a smo othing equation

emplo ying (to a �rst appro ximation) the deleted in-

terp olation metho d for smo othing. Equation 2 di�ers

from standard deleted in terp olation in ho w the in ter-

p olation parameters �i ( e) are computed. The e here is

an estimate, giv en the amoun t of training data used, of

ho w often one w ould exp ect the particular concurrence

of ev en ts, e.g., giv en the amoun t of training data used,

ho w man y times w e should see \pro�ts" as the head

of an np under an s headed b y \rose." Our metho d is

describ ed in [2] and is not discussed further here.

The other asp ect of Equation 2 that is not standard

deleted in terp olation is the term ^ p( s j c h; t; l ) . The idea

here is to cluster the heads h according to ho w they

b eha v e in ^ p( s j h; t; l ) and then compute the probabilit y

of s based not on the head of the paren t, h, but on h's

cluster c h . W e do not describ e the clustering metho d

here except to note that it uses a sc heme something

lik e that in [7].

T o giv e some idea of ho w Equation 2 w orks in prac-

tice, w e giv e here the v alues of the v arious empirical

distributions used therein when estimating the prob-

abilit y of \pro�ts" giv en \rose" p(prf j rose ; np; s) and

of \corp orate" giv en \pro�ts" p(crp j prf ; adj; np).p(prf j rose ; np; s) p(crp j prf ; adj; np )p̂( s j h; t; l ) 0 0.2449p̂( s j c h; t; l ) 0.00352223 0.0149821p̂( s j t; l ) 0.0006274 0.00533p̂( s j t) 0.000556527 0.004179

F or example, the probabilit y of \pro�ts" giv en only

that it is the head of a np is .00056. If w e add the con-

ditioning information that it is under an s no de (whic h

almost alw a ys means the np is the sub ject of the sen-

tence), the probabilit y is sligh tly higher. If w e add the

fact that the main v erb is \rose" the observ ed proba-

bilit y is zero, indicating that the training corpus did

not ha v e a sen tence with \pro�ts" as the sub ject of

\rose." On the other hand, if w e consider the cluster

of v erbs similar to \rose," \pro�ts" w as a reasonably

common sub ject, with a relativ ely high probabilit y of

.0035. The v arious probabilities for \corp orate" are

ev en more orderly | as w e add more conditioning in-

formation, the observ ed probabilit y is alw a ys higher.

No w w e turn to the second ma jor probabilit y in our

mo del, the probabilit y of the form of the constituen t

giv en its head, or more formally , the probabilit y that

a constituen t c is expanded using the gramm ar rule r
giv en that c is of t yp e t, is headed b y h, and has paren t

of t yp e l , p( r j h; t; l ) . W e smo oth this probabilit y using

deleted in terp olation with the form ulap( r j h; t; l ) = �1 ( e) ^ p ( r j h; t; l ) (3)

+ �2 ( e) ^ p( r j h; t) + �3 ( e) ^ p( r j c h; t)

+ �4 ( e) ^ p( r j t; l ) + �5 ( e) ^ p ( r j t)

As an example of ho w this w orks in practice, consider

the probabilit y of the gramma r rule np ! adj plural-n
(as used in the np \corp orate pro�ts") and ho w it v aries

dep ending on the conditioning ev en ts:p̂( r j h; t; l ) p̂( r j h; t) p̂( r j c h; t) p̂( r j t; l ) p̂( r j t)

0.1707 0.1875 0.1192 0.0176 0.0255

Because this is a relativ ely common example, w e see

that with t w o small exceptions the more precise the

conditioning ev en ts, the higher the probabilit y .



The Algorithm

W e no w consider in more detail ho w the probabilit y

mo del just describ ed is turned in to a parser.

Before parsing w e train the parser using the pre-

parsed training corpus. First w e read a con text-free

grammar (a tree-bank grammar) o� the corpus, as de-

scrib ed in [3]. W e then collect the statistics used to

compute the empirically observ ed probabilit y distribu-

tions needed for Equations 2 and 3.

W e parse a new (test) sen tence s b y �rst obtaining

a set of parses using relativ ely standard con text-free

c hart-parsing tec hnology . No attempt is made to �nd

all p ossible parses for s. Rather, tec hniques describ ed

in [1] are used to select constituen ts that promise to

con tribute to the most probable parses, where parse

probabilit y is measured according to the simple proba-

bilistic con text-free grammar distribution p( r j t). Be-

cause this is not the o�cial distribution describ ed b y

Equations 2 and 3, w e cannot just �nd the most proba-

ble parse according to this distribution, but the sc heme

do es allo w us to ignore improbable parses. The result-

ing c hart con tains the constituen ts along with informa-

tion on ho w they com bine to form parses.

W e next compute for eac h constituen t in the c hart

the probabilit y of the constituen t giv en the full distri-

butions of Equations 2 and 3.

1
The parser then pulls

out the Viterbi parse (the parse with the o v erall high-

est probabilit y) according to the full distribution as its

c hoice for the parse of the sen tence. In testing this is

compared to the tree-bank parse as describ ed in the

next section.

In one set of tests w e attempted to assess the util-

it y of unsup ervised training so w e used the parser just

outlined to parse ab out 30 milli on w ords of unparsed

W all Street Journal text. W e treated the Viterbi parses

returned b y the parser as \correct" and collected sta-

tistical data from them. This data w as com bined with

that obtained from the original parsed training data to

create new v ersions of the empirical distributions used

in Equations 2 and 3. This v ersion also used class in-

formation ab out the attac hmen t p oin ts of pp s. The

e�ect of this mo di�cation is small (ab out .1% a v erage

precision and recall) and discussion is omitted here.

Results

W e trained our parser on sections 02-21 (ab out one mil-

lion w ords) of the P enn W all Street Journal T reebank

and tested the parser on section 23 (50,000 w ords).

Preliminary testing w as done on section 24, to a v oid

rep eated testing of section 23 with the risk of uncon-1
F or e�ciency w e �rst reduce the n um b er of constituen ts

b y computing p( c j s) and remo ving from consideration an yc for whic h this is less than .002. The equations for this

are reasonably standard. Again, this is according to the

distributi on p( r j t). The abilit y to do this is the reason w e

�rst compute a set of parses and only later apply the full

probabili t y mo del to them.

sciously �tting the mo del to that test sample. This ar-

rangemen t w as c hosen b ecause it is exactly what w as

used in [4] and [5]. The next section compares our

results to theirs.

After training w e parsed the testing corpus using

�v e v ersions of our system. In eac h case the program

pulled out the most probable parse according to the

probabilit y mo del under consideration. The mo dels

for whic h w e tested the system are: PCF G (no statis-

tics other than the probabilities asso ciated with eac h

probabilistic con text-free rule p( r j t)), Minimal (addsp̂( r j h; t; l ) to the probabilit y mix), No Classes (uses

all of the probabilities in Equations 2 and 3 exceptp̂( r j c h; t; l ) and p̂( s j c h; t; l )), Basic (uses Equations

2 and 3) and F ull (the basic mo del plus statistics based

on unsup ervised learning on ab out 30 millio n w ords of

W all Street Journal text).

W e giv e results according to sev en �gures of merit:

LR ( labeled recall | the n um b er of correct non-

terminal lab eled constituen ts divided b y the n um b er

of suc h constituen ts in the tree-bank v ersion) LR2

(LR, but using the sligh tly idiosyncratic de�nition of

correctness used in [4]), LP ( labeled precision | the

n um b er of correct non-terminal lab eled constituen ts di-

vided b y the n um b er of suc h constituen ts pro duced b y

the parser), LP2 (LP , but using the de�nition of cor-

rectness from [4]), CB (the a v erage n um b er of cross-

brac k ets p er sen tence), 0CB (p ercen tage of sen tences

with zero cross-brac k ets), and 2CB (p ercen tage of sen-

tences with � 2 cross-brac k ets).

A non-terminal lab eled constituen t pro duced b y the

parser is considered correct if there exists a constituen t

in the tree-bank v ersion with (1) the same starting

p oin t, (2) the same ending p oin t, and (3) the same la-

b el (e.g., vp). T o allo w b etter comparison to previous

w ork, w e also giv e results using the sligh tly di�eren t

de�nition of correctness used b y Collins and Magerman

(see LP2 and LR2). This di�ers from the standard def-

inition in that (a) the non-terminal lab els advp and prt
are considered the same and (b) mistak es in p osition

that only put punctuation in the wrong constituen t are

not considered mistak es. Since an ything that is correct

according to the traditional measure is also correct ac-

cording to this less ob vious one, w e w ould exp ect the

LP2 and LR2 to b e sligh tly higher than LP and LR. As

in previous w ork, w e giv e our results for all sen tences

of length � 40 and also those of length � 100.

The results are sho wn in Figure 2. In the next sec-

tion w e compare these results to those ac hiev ed b y pre-

vious systems. F or no w w e simply note a few p oin ts.

First, most of this data is as one w ould ha v e exp ected.

Restricting consideration to sen tences of length � 40

impro v es p erformance, though since almost all the sen-

tences are in this length category , the di�erence is not

large. Second, as w e giv e the system more information

its p erformance impro v es. Third, the di�erences b e-

t w een the t w o lab eled constituen t precision measures

(LP and LP2) and those for lab eled constituen t recall



LR LR2 LP LP2 CB 0CB 2CB

� 40 w ords (2245 sen tences)

PCF G 71.2 71.7 75.3 75.8 2.03 39.5 68.1

Minimal 82.9 83.4 83.6 84.1 1.40 53.2 79.0

No Cls 86.2 86.8 85.8 86.4 1.14 59.9 83.4

Basic 86.3 86.8 86.6 87.1 1.09 60.7 84.0

F ull 86.9 87.5 86.8 87.4 1.00 62.1 86.1

� 100 w ords (2416 sen tences)

PCF G 70.1 70.6 74.3 74.8 2.37 37.2 64.5

Minimal 82.0 82.5 82.6 83.1 1.68 50.6 75.7

No Cls 85.4 86.0 84.9 85.5 1.37 57.2 80.6

Basic 85.5 86.0 85.6 86.2 1.32 57.8 81.1

F ull 86.1 86.7 86.0 86.6 1.20 59.5 83.2

Figure 2: Results for sev eral v ersions of the parsing

mo del

(LR and LR2) are small and almost un v arying, alw a ys

b et w een .5 and .6%. F ourth, all of the p erformance

measures tell prett y m uc h the same story . That is,

they all go up and do wn together and with only one or

t w o exceptions they go up b y the same relativ e amoun t.

One asp ect of this data migh t not ha v e b een an tici-

pated. It is clear that adding a little bit of information

(the \minim al " system) impro v es p erformance quite a

bit o v er a pure PCF G, and that all additions o v er and

ab o v e are m uc h less signi�can t. F or example, consider

the sequence of v alues for (lp2 + lr2)/2:

PCF G Minimal No Classes Basic F ull

73.75 83.75 86.6 86.95 87.45

W e can see that grouping w ords in to classes for pur-

p oses of smo othing adds relativ ely little (.35%), as do

the more heroic metho ds suc h as unsup ervised learning

on 30 million w ords of text (.5%). This seems to sug-

gest that if our goal is to get, sa y , 95% a v erage lab eled

precision and recall, further incremen tal impro v emen ts

on this basic sc heme ma y not get us there.

Previous W ork

While the quan tit y of w ork on English parsing is h uge,

t w o prior pieces of w ork are su�cien tly close to that

describ ed here that it b eho o v es us to concen trate on

that w ork at the exp ense of all the rest. In particu-

lar, w e designed our exp erimen ts to conform exactly

to those p erformed on t w o previous statistical parsing

systems that also used the P enn W all Street Journal

T reebank to train parsers, those of Magerman [5] and

Collins [4]. Th us our training and testing data are ex-

actly the same sets of sen tences used in this previous

w ork, as are the testing measuremen ts. In this section

w e describ e these earlier parsers, and then describ e ex-

p erimen ts designed to shed ligh t on the p erformance

di�erences among the three systems.

The three systems ha v e m uc h in common. In all

cases the program starts with relativ ely little kno wl-

edge of English and gathers the statistics it needs from

the training corpus. In eac h case the system has a pre-

de�ned notion of the lexical head of a phrase and uses

this information in its statistics. F urthermore, all three

systems seem to restrict head information to t w o lev els

| i.e., they ha v e statistics that tak e in to consideration

the head of a constituen t and the head of its paren t,

but not the head of the grandparen t. Finally , all three

systems pic k as the correct parse the parse with the

highest probabilit y according to the smo othed proba-

bilit y distribution they de�ne.

Before discussing the di�erences among the three

systems, let us �rst note their p erformance:

LR2 LP2 CB 0 CB 2CB

� 40 w ords (2245 sen tences)

Magerman 84.6 84.9 1.26 56.6 81.4

Collins 85.8 86.3 1.14 59.9 83.6

Charniak 87.5 87.4 1.0 62.1 86.1

� 100 w ords (2416 sen tences)

Magerman 84.0 84.3 1.46 54.0 78.8

Collins 85.3 85.7 1.32 57.2 80.8

Charniak 86.7 86.6 1.20 59.5 83.2

It seems fair to sa y that no matter what measure one

considers, the three systems are at roughly the same

lev el of p erformance, though clearly later systems w ork

b etter than earlier ones and the 18% error reduction

of our system o v er Magerman's is not negligible.

W e no w consider the di�erences among the three sys-

tems, with particular emphasis on teasing out whic h

of them migh t b e resp onsible for the di�eren t lev els of

p erformance. The most ob vious di�erences are: (1)

What o v erall probabilit y is calculated? (2) Ho w is

part-of-sp eec h tagging done? (3) T o what degree do es

the system use an explicit grammar? (4) What statis-

tics are gathered? (5) Ho w are the statistics smo othed?

and (6) W as unsup ervised training used? The results

in Figure 2 sho w that unsup ervised training accoun ts

for ab out .4% of the the di�erence b et w een the p er-

formance of our system and the other t w o. Ho w ev er,

the results there clearly indicate that there m ust b e

other di�erences as w ell, since ev en without unsup er-

vised training our system outp erforms the earlier ones.

In the remainder of this section w e lo ok at the other

di�erences. W e argue that of all of them, those that

ha v e the most impact on p erformance are statistics and

smo othing, with statistics b eing the most imp ortan t

and smo othing imp ortan t only insofar as it a�ects the

statistics gathered.

As noted ab o v e, the system describ ed here computesp( s; � ). Both Magerman and Collins, ho w ev er, com-

pute p( � j s) . The statistic w e compute is, of course,

more general than that used b y Magerman and Collins,

in that giv en p( s; � ) one can easily compute p( � j s) ,

but not vice v ersa. The di�erence in statistic could b e

imp ortan t if one w ere going to attac h these parsing sys-

tem to a sp eec h- or c haracter-recognition system and

use the parser as a language mo del. Our statistical cal-

culations could compute the o v erall probabilit y of the

sen tence, the statistic computed b y a language mo del,



whereas the other t w o could not. On the other hand,

as long as the only in tended use is parsing, this di�er-

ence should ha v e no e�ect since in all cases one pic ks

as the b est parse that with the highest probabilit y for

the sen tence.

If w e turn to part-of-sp eec h tagging, the di�erences

are p erhaps more apparen t than real. Our system has

no explicit tagging step. If a w ord could b e more than

one part of sp eec h, the system considers all of them

and the \correct" tag is simply the one that app ears in

the \correct" parse. Magerman has an explicit tagging

step, but his system stores all p ossible taggings along

with their probabilities and considers all of them when

deciding on the b est parse. Th us his system to o de�nes

the correct tag as the one used in the correct parse.

Collins describ es his system as ha ving a distinct tag-

ging phase pro ducing a single tag that is used during

the rest of the parse. This w ould b e a real distinction.

Ho w ev er, the v ersion of his system that w ork ed b est

(and pro duced the results rep orted ab o v e) ga v e up on

this and instead mo v ed to a sc heme more lik e Mager-

man's, with an explicit tagging phase, but one in whic h

all probabilities are k ept and then in tegrated with all

the other probabilities a�ecting the o v erall probabil-

it y of the sen tence. It is in teresting to note that this

increased his system's a v erage precision/recall b y .6%,

suggesting that pretagging is a bad idea when deal-

ing with parsers p erforming at this lev el of accuracy .

A t an y rate, all three systems are e�ectiv ely tagging

in prett y m uc h the same w a y , and none of the p erfor-

mance di�erences are lik ely to b e the result of tagging.

The role of grammar is probably the most glaring

di�erence among the three sc hemes. In this regard our

system is the most traditional, in that it is the only

one of the three with an explicit grammar. Mager-

man's system has a sub comp onen t that for an y p os-

sible constituen t in a parse computes the probabilit y

that this no de (a) starts a new constituen t, (b) ends

a constituen t, (c) is in the middle of a constituen t, or

(d) b oth starts and ends a (unary) constituen t. This

sc heme could b e though t of as, in e�ect, making up

grammar rules on the 
y , but this is appro ximate at

b est. Collins's sc heme is ev en more radical. Included

in his probabilit y mix is the probabilit y that a phrase

headed b y lexical item s with part of sp eec h t is di-

rectly under a phrase headed b y h with non-terminal

lab el n. T o get an idea of ho w far this statistic is from

a gramma r, observ e that it con tains nothing requir-

ing constituen ts ev en to b e con tin uous; Collins instead

adds this requiremen t to the algorithm that searc hes

for the b est parse.

W e susp ect that our decision to use a formal gram-

mar has b oth adv an tages and disadv an tages, and that

the net result is a w ash. The adv an tages stem from

the �ner lev el of con trol a v ailable using a grammar.

F or example, Collins in discussing of future impro v e-

men ts notes the problem of v alency | ho w particular

w ords get used in particular syn tactic constructions.

A canonical example is ho w \giv e" can tak e b oth a di-

rect and indirect ob ject, as in \Sue ga v e the b o y the

pizza." Other v erbs, lik e \put", or \eat," cannot. As

b est w e can tell, neither Collins nor Magerman can

represen t suc h facts. Our system can b ecause it has

the t w o probabilities p̂( vp ! verb np np j giv e) = .25

and p̂( vp ! verb np np j put) = 0.

Balanced against this, ho w ev er, is the comparativ e

lac k of co v erage of the tree-bank grammar w e use.

The standard assumption ab out tree-bank grammars

is that they lac k co v erage b ecause man y uncommon

grammar rules are not encoun tered in the particular

corpus used to create the grammar. As noted in [3],

this problem is not as bad as p eople exp ect, and the

tests therein sho w ed that lac k of co v erage w as not a sig-

ni�can t problem. Ho w ev er, in [3] parsing is done using

only tag sequence information, whic h, as the PCF G re-

sults in Figure 2 sho w, is a p o or system. W e estimate

that lac k of co v erage due to the use of a tree-bank

grammar lo w ers p erformance somewhere b et w een .5%

and 1% in b oth precision and recall. While this is not

m uc h in a program with 74% precision and recall, it

lo oms m uc h larger when the program's p erformance is

87.4% and only 1% b etter than its comp etitors. Since

the use of a tree-bank gramma r has b oth b ene�ts and

costs, w e exp ect that o v erall it comes out neutral.

This lea v es t w o imp ortan t di�erences among the sys-

tems, the statistics used and smo othing. W e com bine

these t w o b ecause Magerman's system uses a particular

kind of smo othing that has a signi�can t e�ect on the

statistics. Magerman's system do es not use individual

statistics lik e those com bined in our Equations 2 and 3,

but rather a decision-tree sc heme for smo othing. F or

example, supp ose y ou w an t to lab el a particular non-

terminal no de. Rather than directly computing the

probabilit y of a particular lab el giv en the exact lo cal

con text, the data for whic h is inevitably quite sparse,

his system �nds whic h questions ab out the con text giv e

the most information ab out the decision and then fash-

ions a decision tree around these questions. A t the

leaf no des of the tree one then �nds a probabilit y dis-

tribution o v er the p ossible answ ers. In the case of a

decision tree for lab eling non-terminals, the leaf no des

w ould sp ecify the probabilit y of all p ossible lab els giv en

the set of questions and answ ers that lead to that leaf

no de. Note that eac h question in the decision tree is

binary , and th us questions ab out individual w ords are

recast as questions ab out classes of w ords. Naturally ,

the decision tree stops long b efore the questions com-

pletely de�ne the con text in order to get the required

smo othing. Giv en the n um b er of p ossible w ords in eac h

con text, it is plausible to assume that the decision-tree

questions hardly ev er de�ne the w ords completely , but

rather dep end on classes of w ords.

Collins's system uses ra w w ord statistics and some-

thing quite similar to deleted in terp olation, m uc h lik e

our Equations 2 and 3. On the other hand, in direct op-

p osition to Magerman, he do es not use classes of w ords.



Th us Collins uses nothing lik e the terms p̂( s j c h; t; l )

and ^ p( r j c h; t; l ) in our Equations 2 and 3 resp ectiv ely .

Also, Collins nev er conditions an attac hmen t decision

on a no de ab o v e those b eing attac hed. Th us he has

nothing corresp onding to the probabilit y p̂( r j h; t; l ) ,

where l is the the lab el of the no de ab o v e that b eing

expanded b y r .

W e ha v e gone in to this lev el of detail ab out the

probabilities used b y the three systems b ecause w e b e-

liev e that these are the ma jor source of the p erfor-

mance di�erences observ ed. T o test this conjecture w e

p erformed an exp erimen t to see ho w these di�erences

migh t a�ect �nal p erformance.

As indicated in Equations 2 and 3, probabilities of

rules and w ords are estimated b y in terp olating b et w een

v arious submo dels, some based up on classes, others

up on w ords. Giv en our b elief that these probabili-

ties are the ma jor di�erences, w e h yp othesize that one

could \sim ulate" the p erformance of the other t w o sys-

tems b y mo difying the equations in our system to b et-

ter re
ect the probabilit y mix used in the other systems

and then see ho w it p erforms.

Th us w e created t w o probabilit y com binations

sho wn b y listing the v arious empirical distributions

used in Equations 2 and 3 and indicating whether a

particular distribution is included or not in the Collins

mo del (indicated b y a y es/no in the SimCollins col-

umn) and the Magerman mo del (SimMagerman):

SimCollins SimMagermanp̂( s j h; t; l ) Y es Nop̂( s j c h; t; l ) No Y esp̂( s j t; l ) Y es Nop( s j t) Y es Y esp̂( r j h; t; l ) No Nop̂( r j h; t) Y es Nop̂( r j c h; t) No Y esp̂( r j t; l ) Y es Y esp̂( r j t) Y es Y es

The basic idea is that w e remo v ed all statistics based

up on individual w ords in SimMagerma n, while for Sim-

Collins w e remo v ed the statistics based up on w ord

classes, as w ell as p̂( r j h; t; l ) , whic h, as noted ab o v e,

do es not corresp ond to an ything that Collins collects.

So, for example, the table indicates that the Magerman

mo del do es not include p̂( r j h; t) , the probabilit y of a

rule r giv en the sp eci�c head h and the non-terminal t
that is b eing expanded (since this is a statistic condi-

tioned up on a particular w ord).

The results of these exp erimen ts are:

LR2 LP2 CB 0CB 2CB

Magerman 84.6 84.9 1.26 56.6 81.4

SimMagerman 84.0 84.9 1.32 54.4 80.2

Collins 85.8 86.3 1.14 59.9 83.6

SimCollins 86.0 86.1 1.20 58.1 81.9

The ro ws sho w Magerman's results, the results of

our Magerman mix, Collins' results, and our Collins

mix. So SimMagerman has lab eled precision/recall of

84.9/84.0, while the real system had 84.9/84.6.

The corresp ondences are not bad and supp ort to

some degree our conjecture that the probabilit y mix

is the ma jor determinan t of p erformance in the three

systems. They also suggest t w o other conclusions:

� All else equal, statistics on individual w ords out-

p erform statistics based up on w ord classes, and this

ma y b e su�cien t to accoun t for the di�erence in p er-

formance b et w een Collins and Magerman.

� When dealing with a training corpus of sligh tly un-

der a million w ords of parsed text, it is w orth col-

lecting statistics on some more detailed con�gura-

tions (e.g., p̂( r j h; t; l ) ) as w ell as less detailed ones

(in particular, statistics based up on w ord classes).

These statistics probably accoun t for the di�erence

in p erformance b et w een Collins's system and that

describ ed here.

Conclusion

W e ha v e presen ted a parser in whic h the gramm ar

and probabilistic parameters are induced from a tree

bank and ha v e sho wn that its p erformance is sup erior

to previous parsers in this area. W e also describ ed

an exp erimen t that suggests that its sup eriorit y stems

mainly from unsup ervised learning plus the more ex-

tensiv e collection of statistics it uses, b oth more and

less detailed than those in previous systems.
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