An Information-Theory-Based Feature Type Analysisfor the
Modelling of Statistical Parsing

SUl zhifang ™, ZHAO Jun ', Dekai WU '

"Hong Kong University of Science & Technology
Department of Computer Science
Human Language Technology Center
Clear Water Bay, Hong Kong

* Peking University
Department of Computer Science & Technology
Institute of Computational Linguistics
Beijing, China
suizf @icl.pku.edu.cn, zhaojun@cs.ust.hk, dekai @cs.ust.hk

Abstract

The paper proposes an information-theory-
based method for feature types analysis in
probabilistic evaluation modelling for
statistical parsing. The basic idea is that we
use entropy and conditional entropy to
measure whether a feature type grasps some
of the information for syntactic structure
prediction. Our experiment quantitatively
analyzes several feature types power for
syntactic structure prediction and draws a
series of interesting conclusions.

1 I ntroduction

In the fidd of dtatigtical parsing, various
probabilistic evaluation models have been
proposed where different models use different
feature types [Black, 1992] [Briscoe, 1993]
[Brown, 1991] [Charniak, 1997] [Collins, 1996]
[Callins, 1997] [Magerman, 1991] [Magerman,
1992] [Magerman, 1995] [Eisner, 1996]. How to
evaluate the different feature types effects for
syntactic parsing? The paper proposes an
information-theory-based feature types anadysis
model, which uses the measures of predictive
information quantity, predictive information
gain, predictive information redundancy and
predictive  information summation  to
guantitatively analyse the different contextual
feature types or feature types combination's
predictive power for syntactic structure.

In the following, Section 2 describes the
probabilistic evaluation model for syntactic trees;
Section 3 proposes an information-theory-based

feature type anaysis model; Section 4
introduces several experimental issues; Section 5
guantitatively analyses the different contextual
feature types or feature types combination in the
view of information theory and draws a series of
conclusion on their predictive powers for
syntactic structures.

2 The probabilistic evaluation model
for statistical syntactic parsing

Given a sentence, the task of statistical syntactic
parsing is to assign a probability to each
candidate parsing tree that conforms to the
grammar and select the one with highest
probability asthefinal analysisresult. That is:

Thet =A'GMAXP(T|S) (1)
T

where S denotes the given sentence, T denotes
the set of all the candidate parsing trees that
conform to the grammar, P(T|S) denotes the
probability of parsing tree T for the given
sentence S

The task of probabilistic evaluation model in
syntactic parsing is the estimation of P(T|S). In
the syntactic parsing model which uses rule-
based grammar, the probability of a parsing tree
can be defined as the probability of the
derivation which generates the current parsing
tree for the given sentence. That is,

P(T1S) =P(r,r2,--. 1 | 9)
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Where, rq,r5,--,1;1 denotes a derivation rule
sequence, h, denotes the partial parsing tree
derived from rq,rp,-++ 1.

In order to accurately estimate the parameters,
we need to select some feature types
Fi,Fy,--,Fy, depending on which we can
divide the contextual condition h,S for
predicting rule r; into some equivalence classes,

thatis, h,sOBB0™ [h,S], sothat

[1PCi Ih,S) = []PCi [[h.SD)  (3)
i=1 i=1

According to the equation of (2) and (3), we
have the following equation:

P(T 1) = [P Ih.S]) (4)
=1

In this way, we can get a unite expression of
probabilistic evaluation model for Statistical
syntactic parsing. The difference among the
different parsing models lies mainly in that they
use different feature types or feature type
combination to divide the contextual condition
into equivalent classes. Our ultimate aim is to
determine which combination of feature typesis
optimal for the probabilistic evaluation model of
statistical syntactic parsing. Unfortunately, the
state of knowledge in this regard is very limited.
Many probabilistic evaluation models have been
published inspired by one or more of these
feature types [Black, 1992] [Briscoe, 1993]
[Charniak, 1997] [Collins, 1996] [Coallins, 1997]
[Magerman, 1995] [Eisner, 1996], but
discrepancies between training sets, algorithms,
and hardware environments make it difficult, if
not impossible, to compare the models
objectively. In the paper, we propose an
information-theory-based feature type analysis
model by which we can quantitatively analyse
the predictive power of different feature types or
feature type combinations for syntactic structure
in a systematic way. The conclusion is expected
to provide reliable reference for feature type
selection in the probabilistic evaluation
modelling for statistical syntactic parsing.

3 The infor mation-theory-based
feature type analysis model for statistical
syntactic parsing

In the prediction of stochastic events, entropy
and conditional entropy can be used to evaluate

the predictive power of different feature types.
To predict a stochastic event, if the entropy of
the event is much larger than its conditional
entropy on condition that a feature type is
known, it indicates that the feature type grasps
some of the important information for the
predicted event.

According to the above idea, we build the
information-theory-based feature type analysis
model, which is composed of four concepts:

predictive information quantity, predictive
information  gain, predictive information
redundancy and  predictive  information
summation.

® Predictive Information Quantity (PI1Q)

PIQ(F;R), the predictive information quantity
of feature type F to predict derivation rule R, is
defined as the difference between the entropy of
R and the conditional entropy of R on condition

that the feature type F is known.
PIQ(F;R)=H(R)-H(R|F)

P(f,r)
= P(f,r)log—————
fDFz,rDR P(H)P() (5
Predictive information quantity can be used to
measure the predictive power of afeaturetypein
feature type analysis.

® Predictive Information Gain (PIG)

For the prediction of rule R,
PIG(F,;RIF,F,,...,F), the predictive information
gain of taking F, as a variant model on top of a
baseline model employing F,,F,,...,F, as feature
type combination, is defined as the difference
between the conditional entropy of predicting R
based on feature type combination F,,F,,...,F
and the conditional entropy of predicting R
based on feature type combination F,,F,,...,F;,F,.
PIG(F;RIF,+, F)=H(R|F- F) ~H(RIFR, -, F,F)
P(fy, fi fxo 1) o PCfL--, i)
P(fy, - fi, ) P(f, 1)

= 3 P fi, fr)log
f1l0Fy
fi0F
fyOFy
rOR

If PIG(F;R|F,F, -, ) > PIG(Fy;R| F, Fo,--, )
then F, is deemed to be more informative than
F, for predicting R on top of F,F,,...,F, no
matter whether PIQ(F;R) is larger than
PIQ(F,;R) or not.
® Predictive Information Redundancy(PIR)

Based on the above two definitions, we can
further draw the definition of predictive

(6)



information redundancy as follows.
PIR(F,{F,F,....F};R) denotes the redundant
information between feature type F, and feature
type combination {F,,F,,...,F;} in predicting R,
which is defined as the difference between
PIQ(F;R) and PIG(F,;R|F,,F,,....F). That is,

PIR(Fx {F1,Fo,-,F}iR) 7
=PIQ(Fy; R - PIG(Fy; R|Fy,Fp, -+, F) )

Predictive information redundancy can be
used as a measure of the redundancy between
the predictive information of a feature type and
that of afeature type combination.

® Predictive Information Summation (P1S)
PISF,F,,...F,R), the predictive information
summation of feature type combination
F.F,,....,F,, is defined as the total information
that F,,F,,...,F, can provide for the prediction of
aderivation rule. Exactly,
PIS(F1,F2,,Fm: R)
n ®
=PIQ(F; R) + 3 PIG(F;;R|Fy,-+, Fiq)
i=2

4  Experimental Issues

41 The classfication of the feature
types

The predicted event of our experiment is the
derivation rule to extend the current non-
terminal node. The feature types for prediction
can be classified into two classes, history feature
types and objective feature types. In the

S

NP

NP

following, we will take the parsing tree shown in
Figure-l as the example to explain the
classification of the feature types.

In Figure-1, the current predicted event is the
derivation rule to extend the framed non-
terminal node VA, the part connected by the
solid line belongs to history feature types, which
is the dready derived partia parsing tree,
representing the structural environment of the
current non-terminal node. The part framed by
the larger rectangle belongs to the objective
feature types, which is the word sequence
containing the leaf nodes of the partia parsing
tree rooted by the current node, representing the
final objectives to be derived from the current
node.

4.2 Thecorpusused in the experiment

The experimenta corpus is derived from Penn
TreeBank[Marcus,1993]. We semi-
automatically assign a headword and a POS tag
to each non-terminal node. 80% of the corpus
(979,767 words) is taken as the training set, used
for estimating the various co-occurrence
probahilities, 10% of the corpus (133,814 words)
is taken as the testing set, used to calculate

predictive information quantity, predictive
information  gain, predictive information
redundancy and predictive  information

summation. The other 10% of the corpus
(133,814 words) is taken as the held-out set. The
grammar rule set is composed of 8,126 CFG
rules extracted from Penn TreeBank.
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Figure-1: The classification of feature types



4.3 The smoothing method used in the
experiment

In the information-theory-based feature type
analysis model, we need to estimate joint
probability P(fq, fy,---, f;,r). Let F,F,,....F; be
the feature type series selected till now,
fi0F, fo, OF,,---, f{ OF,rOR, we use a
blended probability  P(fy, f5,--, f;,r) to
approximate probability P(fq, fo,---, fj,r) in
order to solve the sparse data problem[Bell,
1992].

P(fy, fo,e, fiu1)

i 9
=W_gP (1) +WoRy(r) + ) w;P(fy, o, fj.1)
=

In the above formula,

P4(r)=

1
Z c(r) (10

rorR

c(r) 11
S o) (11)
ror
where c(r) is the total number of time that r has
been seen in the corpus.

According to the escape mechanismin [Bell,
1992], we define the weights w, (-1<k<i) in

the formula (9) asfollows.

Po(r) =

i
w, =(1-ey) e , —-l<k<i
k k s=|:|+1$ (12)

Wi :1—e,

where g, denotes the escape probability of
context (fq, fp,---, fy) , that is, the probability
inwhich (fy, f,, ..., f, r) isunseen in the corpus.
In such case, the blending model has to escape
to the lower contexts to approximate
P(fq, fo, -, fi,r) . Exactly, escape probability is
defined as

—, 0<k<i
ek:DZc(fl, fo,e ficoF) (13)
=
M , k=-1

where
i ot T BP0 gy
At T2 D =0 e i 6y fk,r):O( )

In the above blending model,
probability P (r) =

a specid
;A is used, where al
> ()

rr
derivation rules are given an equa probability.

As a result, P(fy, fp,, f;,r)>0 as long as

c(f)>0.
5 The infor mation-theory-based
featuretype analysis

The experiments led to a number of interesting
conclusions on the predictive power of various
feature types and feature type combinations,
which is expected to provide reliable reference
for the modelling of probabilistic parsing.

51 The analysis to the predictive
information quantities of lexical feature
types, part-of-speech feature types and
constituent label featuretypes

® Goa

One of the most important variation in statistical
parsing over the last few years is that statistical
lexical information is incorporated into the
probabilistic evaluation model. Some statistical
parsing systems show that the performance is
improved after the lexica information is added.
Our research aims at a quantitative anaysis of
the differences among the predictive information
guantities provided by the lexical feature types,
part-of-speech feature types and constituent
label feature types from the view of information
theory.

® Data

The experiment is conducted on the history
feature types of the nodes whose sructura
distance to the current node is within 2.

In Table-1, “Y” in PIQ(X of Y; R) represents
the node, “ X" represents the constitute label, the
headword or POS of the headword of the node.
In the following, the units of PIQ are bits.

® Conclusion

Among the feature types in the same structura
position of the parsing tree, the predictive
information quantity of lexical feature type is
larger than that of part-of-speech feature type,
and the predictive information quantity of part-
of-speech feature type is larger than that of the
constituent label feature type.



Table-1: The predictive information quantity of the history feature type candidates

PIQ(X of Y; R) X= constituent label | X=headword | X= POS of
the headword
Y = the current node 2.3609 3.7333 2.7708
Y = the parent 1.1598 2.3253 1.1784
Y = the grandpa 0.6483 1.6808 0.6612
Y = thefirst right brother of the current node 0.4730 1.1525 0.7502
Y = the first left brother of the current node 0.5832 21511 1.2186
Y = the second right brother of the current node 0.1066 0.5044 0.2525
Y = the second left brother of the current node 0.0949 0.6171 0.2697
Y = the first right brother of the parent 0.1068 0.3717 0.2133
Y =thefirst left brother of the parent 0.2505 1.5603 0.6145

5.2 The analysis to the influence of the
structural relation and the structural
distance to the predictive information
guantities of the history feature types

® Goal:

In this experiment, we wish to find out the
influence of the structura relation and structural
distance between the current node and the node

that the given feature type related to has to the
predictive information quantities of these feature
types.

® Data

In Table-2, SR represents the structura relation
between the current node and the node that the
given feature type related to. SD represents the
structural distance between the current node and
the node that the given feature type related to.

Table-2: The predictive information quantity of the selected history feature types

PIQ(constituent label | SR= parent relation SR= brother relation SR= mixed parent and
of Y; R) brother relation
SD=1 1.1598 0.5832 0.2505
(Y = the parent) (Y=thefirst left brother) (Y =thefirst left brother
0.4730 of the parent)
(Y= thefirst right brother)
SD=2 0.6483 0.0949 0.1068
(Y= the grandpa) (Y = the second left brother) (Y=thefirst right
0.1066 brother of the parent)
(Y = the second right brother)

® Conclusion

Among the history feature types which have the
same structural relation with the current node
(the relations are both parent-child relation, or
both brother relation, etc), the one which has
closer structural distance to the current node will
provide larger predictive information quantity;
Among the history feature types which have the
same structural distance to the current node, the
one which has parent relation with the current
node will provide larger predictive information
quantity than the one that has brother relation or
mixed parent and brother relation to the current
node (such asthe parent's brother node).

53 The analysis to the predictive
information quantities of the history

feature types and the objective feature
types

® Goa

Many of the existing probabilistic evaluation
models prefer to use history feature types other
than objective feature types. We select some of
history feature types and objective feature types,
and quantitatively compare their predictive
information quantities.

® Data

The history feature type we use here is the
headword of the parent, which has the largest
predictive information quantity among all the
history feature types. The objective feature types
are selected stochagtically, which are the first



word and the second word in the objective word
sequence of the current node (Please see 4.1 and

Figure-1 for detailed descriptions on the selected
feature types).

Table-3: The predictive information quantity of the selected history and objective feature types

Class Feature type PIQ(Y;R)
History feature type Y = headword of the parent 2.3253
Objective feature type Y = the first word in the objective word sequence 3.2398
Y = the second word in the objective word sequence 3.0071

® Conclusion

Either of the predictive information quantity of
the first word and the second word in the
objective word sequence is larger than that of
the headword of the parent node which has the
largest predictive information quantity among all
of the history feature type candidates. That is to
say, objective feature types may have larger
predictive power than that of the history feature

type.

54 The analyss to the predictive
information quantities of the objective
features types selected respectively on the
physical postion information, the
heuristic information of headword and
modifier, and the exact headword
infor mation

® Goal

Not alike the structura history feature types, the
objective feature types are sequential. Generally,
the candidates of the objective feature types are
selected according to the physica position.
However, from the linguistic viewpoint, the
physical position information can hardly grasp
the relations between the linguigtic structures.
Therefore, besides the physica position
information, our research try to select the
objective feature types respectively according to
the exact headword information and the heuristic
information of headword and modifier. Through
the experiment, we hope to find out what
influence the exact headword information, the
heuristic information of headword and modifier,
and the physical position information have
respectively to the predictive information
guantities of the feature types.

® Data:
Table-4 gives the evidence for the claim.

Table-4: the predictive information quantity of the selected objective feature types

the information used to select the objective | PIQ(Y;R)
feature types
the physical position information 3.2398

(Y= thefirst word in the objective word sequence)

Heurigtic information 1. determine whether a
word has the possibility to act as the headword of
the current constitute according to its POS

3.1401

(Y= the first word in the objective word sequence
which has the possibility to act as the headword of
the current constitute)

Heurigtic information 2: determine whether a
word has the possibility to act as the modifier of
the current constitute according to its POS

3.1374

(Y= the first word in the objective word sequence
which has the possibility to act as the modifier of the
current constitute)

Heuristic information 3: given the current
headword, determine whether a word has the
possihility to modify the headword

2.8757
(Y= the first word in the objective word sequence
which has the possibility to modify the headword)

the exact headword information

3.7333
(Y = the headword of the current constitute)

® Conclusion

The predictive information quantity of the
headword of the current node is larger than that

of a feature type selected according to the
selected heuristic information of headword or
modifier, and larger than that of a feature type
selected according to the physical positions; The



predictive information quantity of afeature type
selected according to the physical positions is
larger than that of a feature types selected
according to the selected heuristic information
of headword or modifier.

5,5 The selection of the feature type
combination which has the optimal
predictive information summation

® Goal:

We am at proposing a method to select the
feature types combination that has the optimal
predictive information summation for prediction.
® Approach

We use the following greedy algorithm to select
the optimal feature type combination.

In building a model, the first feature type to
be sdected is the feature type which has the
largest predictive information quantity for the
prediction of the derivation rule among all of the
feature type candidates, that is,

F1 =argmax PIQ(Fi; R) (15)
FOQ

Where Q isthe set of candidate feature types.

Given that the model has selected feature type
combination F,F,,---,F;, the next feature

type to be added into the model is the feature
type which has the largest predictive information
gain in al of the feature type candidate except

F,,F,,---,F,, on condition that F,F,,---,F,
isknown. That is,

Fi.a= argmax PIG(Fj;R|Fy,Fp,--,Fj) (16)
FiDQ
RO FLFo.-Fi}
® Data:

Among the feature types mentioned above, the
optimal feature type combination (i.e. the feature
type combination with the largest predictive
information summation) which is composed of 6
feature types is, the headword of the current
node (typel), the headword of the parent node
(type2), the headword of the grandpa node
(type3), the first word in the objective word
sequence(typed), the first word in the objective
word segquence which have the possibility to act
as the headword of the current constitute(typeb),
the headword of the right brother node(type6).
The cumulative  predictive  information
summation is showed in Figure-2
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Figure-2: The cumulative predictive information summation of the feature type combinations

6 Conclusion

The paper proposes an information-theory-based
feature type analysis method, which not only
presents a series of heuristic conclusion on the
predictive power of the different feature types

and feature type combination for syntactic
parsing, but also provides a guide for the
modeling of syntactic parsing in the view of
methodology, that is, we can quantitatively
analyse the different contextual feature types or
feature types combination's effect for syntactic



structure prediction in advance. Based on these
analysis, we can select the feature type or feature
types combination that has the optimal
predictive information summation to build the
probabilistic parsing model.

However, there are still some questions to be
answered in this paper. For example, what is the
beneficial improvement in the performance after
using this method in areal parser? Whether the
improvements in PIQ will lead to the
improvement of parsing accuracy or not? In the
following research, we will incorporate these
conclusionsinto areal parser to see whether the
parsing accuracy can be improved or not.
Another work we will do is to do some
experimental analysis to find the impact of data
sparseness on feature type analysis, which is
critical to the performance of real systems.

The proposed feature type anaysis method
can be used in not only the probabilistic
modelling for statistical syntactic parsing, but
also language modelling in more general fields
[WU, 19993 [WU, 1999b].
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