Edge-Based Best-First Chart Parsing
Sharon Goldwater

Department of Computer Science
Brown University

Providence, Rhode Island 02912

CS-98-04
May 1998






Edge-Based Best-First Chart Parsing

Sharon Goldwater*

May 1, 1998

Abstract

Natural language grammars are often very large and full of am-
biguities, making standard computer parsers too slow to be practical
for many tasks. Best-first parsing attempts to address this problem
by preferentially working to expand subparses that are judged “good”
by some probabilistic figure of merit. We explain the standard non-
probabilistic and best-first chart parsing paradigms, then describe a
new method of best-first parsing which improves upon previous work
by ranking subparses at a more fine-grained level, speeding up parsing
by approximately a factor of 20 over the best previous results. More-
over, these results are achieved with a higher level of accuracy than is
obtained by parsing to exhaustion.

1 Introduction

Natural language processing is a subfield of artificial intelligence which deals
with trying to get computers to handle human language in a useful way.
Having computers which could understand human language would simplify
human-computer interaction and allow computers access to the huge amount
of information available in text. In general, knowing a sentence’s structure
is a prerequisite to finding its meaning, which makes parsing— finding the
syntactic structure of sentences— one of the basic tasks in natural language
processing. Knowledge of sentence structure also has the potential to im-
prove performance on more specialized tasks which are the focus of current
research, including automatic translation, document summarization, dicta-
tion, and voice-activated interfaces.
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Unfortunately, right now many of these applications do not make use of
much sentence structure, in part because parsing is often very slow. There
are standard parsing algorithms (e.g. chart parsers) which are cubic in the
length of the sentence, but real sentences can reach 40 or more words in
length, and the huge size of many natural language grammars introduces
large constant factors into the time bound. In addition, the usefulness of
these parsers is questionable, since they find every possible parse of a sen-
tence (that is, they are exhaustive), but most of these parses are nowhere
close to the parse (or handful of parses) a human would propose, and a stan-
dard computer parser provides no information about which parses are better
than others. Rather than producing all possible parses, the ideal computer
parser would be able to produce one, or a few, of the “best” parses— those
which correspond to a human’s intuition.

A common approach to the latter problem is to adopt a probabilistic
framework, using a probabilistic context-free grammar (PCFG) where each
production rule A—By...B, is labeled with a probability as to how likely
nonterminal A is to expand in this way. This allows the likelihood of a
complete parse to be evaluated by multiplying the probabilities of the rules
which generated the parse. An exhaustive probabilistic parser is still very
slow, but at least it is able to decide which parses are better than others.

The probabilistic framework can be exploited further by using it to ad-
dress the problem of speed as well. Parsing is essentially a search problem
with the goal of finding a good parse (or the best parse) in the space of
all possible parses. As such, we can build a parser which uses statistics
to guide the search, thus speeding up the parsing process. In “Best-first”
probabilistic parsing, introduced by Bobrow [1] and Chitrao and Grishman
[5], partial parses are ranked according to some probabilistic figure of merit
(FOM), and higher ranked subparses are given priority in the search— that
is, the parser preferentially works to expand subparses with higher FOMs.

Naturally, the speed of a best-first parser and the correctness of its results
depend on the FOM used to rank constituents. Several FOMs have been
proposed for this purpose [12, 9, 10]. One of the more extensive comparisons
is presented by Caraballo and Charniak [2] (referred to henceforth as C&C).
Our work relies heavily on C&C’s results, which are described in section 3.
Recent work by Goodman [7] uses an FOM which is similar to C&C’s, but
probably more accurate. His FOM requires a beam search for parsing, and
thus cannot be applied here, but we will briefly compare our results to his
in section 5.



2 Standard Chart Parsing

Before elaborating on the idea of best-first parsing and describing our re-
search, we will first explain the basic chart parsing algorithm on which our
work is based. Chart parsing is a dynamic programming algorithm which
can be used to find a possibly exponential number of different parses in
O(n?) time by reusing information stored in a chart. The chart is an n by n
array whose entries are terminal and nonterminal symbols in the grammar
(constituents). Each entry is indexed by its start position in the sentence
and its length. For example, if cell [3,2] contains the symbol NP, this means
the parser has found a two-word-long noun phrase starting with the third
word in the sentence.

A chart parser has two other major components: the agenda, a list or
stack of items which are waiting to be entered into the chart, and a set of
edges. An edge is a rule which can be applied to chart entries, combining
them to form new entries. Each edge keeps track of which grammar rule
it corresponds to, which of the constituents on the right hand side of that
rule have been found already, and which constituents must still be found in
order to complete the left hand side constituent. For example, the edge

VP —VP NP o PP PP

indicates that the parser has found a verb phrase and a noun phrase, and will
complete a larger verb phrase if it finds two prepositional phrases following
the noun phrase. The edge

VP —VP NP PP PP o

indicates that the parser has found all the constituents on the right hand
side of the rule, and therefore has completed the VP on the left.

For each edge, the parser also stores its starting point (the starting po-
sition of the first constituent on the right side of its rule), its ending point
(the ending position of the last constituent before the o), and a list of the
actual constituents in the chart which correspond to the right hand side of
the rule. This list is used when we wish to reconstruct the parse tree of the
sentence. Each completed constituent also stores such a list.

The basic chart parsing algorithm is shown in Figure 1. For a full simu-
lation of the algorithm on an example sentence, see section 1.4 of [3].



Figure 1: The Chart Parsing Algorithm

Loop until the agenda is empty:

1.

2.

Remove a constituent, A, from the agenda. Let ¢ be A’s type.

If a constituent, B, also of type 7 and with the same start and end
points as A, is already in the chart, append the edge list of A to the
edge list of B, and return to step 1. (We have just found a new parse
for this constituent)

. Add A to the chart.

. For each grammar rule where the first symbol on the right hand side

is of type i, add an edge for that rule to the chart.

. For each edge in the chart which has a symbol of type ¢ immediately

following the o, create an extended edge and add it to the chart.

. For each newly completed edge (if any), add a constituent to the

agenda with the appropriate type, start and end points, and edge
list.

To extend an edge e with constituent A:

1.

Create a new edge €', where ¢’’s rule looks like €’s rule, but with the
o shifted one place to the right.

Set the start position of €’ to the start position of e.

. Set the end position of €’ to the end position of A.

. Set the list of right-hand-side constituents of €’ to that of e, with the

addition of A.



Figure 2: N;k
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3 Constituent-based Best-first Chart Parsing

It is easy to modify the standard chart parser to implement a best-first
approach, simply by replacing the agenda list with a priority queue sorted by
the chosen figure of merit. Constituents with higher FOMs are now popped
off the agenda and added to the chart before those with lower FOMs. After
the parser has found a full parse (or a small number of parses), the algorithm
simply terminates, and all items remaining on the agenda are discarded.

This approach is exactly the one adopted by C&C, whose paper describes
a series of experiments with a best-first probabilistic chart parser using var-
ious figures of merit. We call their work “constituent-based” because their
FOMs are used to rank completed constituents only. Incomplete edges are
always extended as soon as an appropriate constituent is popped off the
agenda and added to the chart. Note that in both their work and ours, the
parser is not given the actual words in the sentence as input, and uses only
their tags (parts of speech).

C&C begin by proposing an “ideal” FOM to use for ranking each con-
stituent:

PN} i | ton) (1)

where g, is the sequence of tags to through ¢,_; which make up the sen-
tence, and N;k is a nonterminal of type ¢ which roots the subtree whose
leaves are the tags t;,...,tx_1 (see Figure 2). So the merit of a particular
constituent corresponds to its probability given the entire sentence.
Unfortunately, the above FOM is not computable until the sentence has
been completely parsed, so the remainder of C&C is devoted to evaluating
various approximations to p(N;k | to,n). The approximation which yields



their best results is based on the equation

P(N;,k | tj—l)ﬁ(N;,k)P(tk | N]lk)
p(tietr | tj-1)

(2)

P(NG i o) &

where ﬁ(N]’k)7 the inside probability of constituent N?, is defined to be the
probability that N? generates tags tio.tg—t:

BN ) = p(tin | N ). (3)

Essentially, Equation 2 approximates p(N;k | ton) by using ﬁ(N;k) to
give the probability of N;k in isolation, and p(N;k | t;—1) and p(t | N;7k)
to approximate the effects of its context in the sentence.

The derivation of Equation 2 is as follows:

Using the definition of conditional probability,
p(N;kv tO,n)
p(tO,n)
Since p(to) is just the joint probability of all the tags, we can rewrite

it as p(to j, tj ks thy tht1,n). We then apply the chain rule and cancel p(to ;):
PN}y, | o)

p(N]l:7k7 tO,j7 tj,]m tk7 tk-l—l,n)

P(to,js Lk thy thti,n)
P(to))p(NS i [ to)p(tin | Nij to)p(te | Njpstosstik)Ptrtin | Ni o to s tins t)

p(NG i [ton) =

P(to,)p(tik+1 | to)P(thsin | tok+1)
P(NG i 1t )Ptk | Njgsto )p(te | NS gy to ) P(tktin | NG g tok+1)
i+t [ to)p(tktin | togs1) '

To simplify the equation, we assume that the sequence of tags generated
by a nonterminal depends only on that nonterminal, and that ¢z, are
independent of N;k given tg p4+1. We now have:

P(N;,k | to,5)p(tik | N;,k)]’(tk | N;7k7t0,k)p(tk+1,n | to,k+1)
P(tik+1 [ to,)P(tktin | tokt1)
P(N]i,k | to,j)ﬁ(N;,k)P(tk | N;7k7t0,k)
p(tjk+1 | to,)

Q

PN | ton)




We now assume that p(N;7k) depends only on the probability of the pre-
ceding tag, and similarly, that the probability of the following tag depends
only on p(N;k). In addition, we simplify the denominator by disregarding
the effects of tg j_1, so p(t;kt+1 | to;) = p(tjk41 | tj—1). This gives us the
approximation in Equation 2.

We approximate the joint probability in the denominator of Equation 2
with a bitag model— that is, we assume each tag depends only on the

previous tag:
k

(i) = [ ot [ tim). (4)
i=j
It is now easy to calculate the denominator by simply collecting the bitag
probabilities from the training data and multiplying them. The “boundary
statistics” p(N;k | t;—1) and p(ty | N;7k) can also be collected from the train-
ing data, as described in C&C.
As for the inside probabilities, the value of 3( ]k) is given by

> Ble) (5)

7
€&k

where & ks the set of completed edges which can be used to create N* Tk
and fe) is the probability of the grammar rule r. associated with e tlmes
the product of the inside probabilities of all the constituents on the right

hand side of r.:
pley=p(re) JI  BX2) (6)

X;uerhs(re)

We can’t compute this number exactly without parsing to exhaustion to
find every member of 5;7,6, but we can compute an estimate online, updating
it as new constituents are added to the chart. We are given a sequence of
tags as input, so we begin by setting § to 1 for each tag. As each new
constituent N’k is formed, we set its [ value to G(e), where e is the rule
expansion used to create N]l,k- If, at some later time, a more probable parse
for N;7kis found using rule €', we update 5 to be §G(e’). Thus, ﬁ(N]’JC) is
always approximated by

max [(e). (7)
865‘;‘7]6

This estimate differs from that of C&C, who estimated ﬁ(N’ ) by summing
the probabilities of all the parses found so far for N7 ,. Our estimate, though



not as accurate, is simpler to update, and it seems reasonable to use an
estimate based on the most probable parse, since this is the parse we are
searching for.

Given our methods for collecting the statistics used in the FOM, a prob-
lem arises. We collect statistics on the probabilities of tag sequences in two
different ways. In the numerator, the tag sequence probabilities used in 3
come from the PCFG model, whereas in the denominator, the probabilities
are generated by a bitag model. This introduces some discrepancy between
the numerator and the denominator of the fraction. In particular, the bitag
model tends to assign higher probability to a sequence of tags than does the
PCFG model. This fact is not mentioned in C&C’s paper, although they
noted it at the time.

We have found experimentally in our training data that the bigram model
probabilities are approximately 1.3 times as high as the PCFG probabilities.
For single tags, this is a fairly small discrepancy, but as the sequence of tags
becomes longer, the denominator becomes increasingly large in comparison
to the numerator, thus devaluing larger constituents and delaying the parser
from finding a full parse. In order to correct this problem, we assign a
probability of n > 1 to each known tag in the PCFG model, rather than
a probability of 1. This has the effect of multiplying /5( ]l,k) by 7*77. In
section 5 we show results for n between 1.0 and 2.4.

4 Conversion to Edge-based Parsing

We extend the work of C&C by using their FOM to rank not only complete
constituents, but edges as well. A simple way to implement this extension
is by modifying the grammar to obtain an equivalent PCFG containing only
binary and unary rules. By equivalent, we mean that the new grammar,
(1, produces exactly the same strings with the same probabilities as the old
grammar, Gg. Given a grammar with only binary and unary rules, we no
longer need to use incomplete edges at all. Anytime we add a constituent to
the chart, we need only look to its immediate left and right for constituents
to combine with and put any new constituents formed on the agenda. (This
is essentially the CKY parsing algorithm, modified to handle unary rules.)

To obtain G; from Gy, we apply the technique of left-factoring, intro-
duced by Hopcroft and Ulman [8]. In the original grammar, we have rules
of the form A — By...B,, : ¢, where ¢ is the probability of the production
A = By...B,. For any rule of this type where n > 2, we create a new set



of binary rules:

A — <Ban_1>Bn i q
<Bo...Bn_1> — <Bo...Bn_2>Bn_1 : 1.0
<BoBl> — BoBl : 1.0

Here, each of the (By...B;) is a new nonterminal symbol in Gy which cor-
responds to the incomplete edge A—DBy...B; o By ...B, in Gg.
As an example, the rule

VP—V NP PP PP :.004

becomes
VP — (VP NP PP) PP :.004
(VP NP PP) — (VP NP) PP : 1.0
(VP NP) — VP NP : 1.0

and the new constituent (V NP PP) is equivalent to the old edge
VP — V NP PP o PP.

By assigning a probability of 1 to all the rules with (By...B;) on the
left, we ensure that the probability pg of expanding A into a tree with leaves
By ...B, using Gp is the same as the probability p; of the same expansion
in G1. Since the probability of a tree is the product of the probability of the
rules used to produce that tree, we have

and

o= p(A—><BO .. Bn_1>Bn)p(<Bo .. .Bn_1>—><BO .. .Bn_2>Bn_1) .. p(<BoBl>—>BoBl)

= ¢(1.0)...(1.0)
= 9

Now suppose we have a full parse tree T obtained from Gy. The corre-
sponding tree 77 from G will have the same probability, since each single
rule expansion in Ty has a corresponding subtree in 77 with the same proba-
bility. Multiplying the probabilities of all these subtrees will yield the same
result as multiplying all the rule expansion probabilities in Tj. Finally, since



the probability of a string is the sum of the probabilities of all possible parses
of that string, and we know that each parse has the same probability in each
grammar, we know that Gg and G are in fact equivalent.

Once we have Gy, switching to an edge-based best-first parser is simple.
In constituent-based parsing, edges are stored in the chart, and when we
add a constituent to the chart, we extend all possible edges immediately.
Now, when we add a constituent to the chart, we combine it with items on
either side (if possible), but instead of leaving the new items in the chart, we
rank them and place them on the agenda. By using the FOM on lower-level
items, the parser can rule out bad constituents even before completing them,
enabling it to concentrate on better constituents and reach a parse faster.

5 Experimental Results

For our experiment, we used a tree-bank grammar induced from sections
2 - 21 of the Penn Wall Street Journal text [11], with section 22 reserved
for testing. All sentences of length greater than 40 were ignored for testing
purposes as done in both C&C and Goodman [7]. We applied the left-
factoring technique described above to the grammar.

The accuracy of our parser is reported in terms of precision and re-
call. The precision of a parsed sentence is the number of constituents the
parser identified correctly (correct start and end points, and correct label)
divided by the number of constituents in the hand-parsed version. Recall is
the number of constituents identified correctly divided by the total number
identified. The trees in the treebank tend to be a bit flatter than those
produced by our parser, so the average precision over the test corpus is
generally slightly higher than the average recall. However, the difference
is fairly small, so for simplicity we will sometimes combine precision and
recall into a single measure. Henceforth, the term accuracy will refer to the
quantity (precision 4+ recall)/2.

We chose to measure the amount of work done by the parser in terms of
the average number of edges popped off the agenda before finding a parse.
This method has the advantage of being platform independent, as well as
providing a measure of “perfection”. Here, perfection is the minimum num-
ber of edges we would need to pop off the agenda in order to create the
correct parse. For the left-factored grammar, where each popped edge is a
completed constituent, this number is simply the number of terminals plus
nonterminals in the sentence— on average, 47.5. (At the other extreme, ex-
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Figure 3: n vs. Popped Edges
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Figure 4: 5 vs. Precision and Recall
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haustive parsing of these sentences requires an average of about 1.2 million
edges per sentence.)

Our algorithm includes some measures to reduce the number of items on
the agenda, and thus (presumably) the number of popped edges. Each time
we add a constituent to the chart, we combine it with the constituents on
either side of it, potentially creating several new edges. For each of these
new edges, we check to see if a matching constituent (i.e. a constituent with
the same head, start, and end points) already exists in either the agenda or
the chart. If there is no match, we simply add the new edge to the agenda.
If there is a match but the old parse of N;k is better than the new one, we
discard the new parse. Finally, if we have found a better parse of N;k, we
add the new edge to the agenda, removing the old one if it has not already
been popped.
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We tested the parser on section section 22 of the WSJ text with various
normalization constants 7, working on each sentence only until we reached
the first full parse. For each sentence we recorded the number of popped
edges needed to reach the first parse, and the precision and recall of that
parse. The average number of popped edges to first parse as a function of
1 is shown in Figure 3, and the average precision and recall are shown in
Figure 4.

In these two figures, we see that the number of popped edges decreases
as 7 increases from 1.0 to 1.7, then begins to increase again, while the
precision and recall decrease steadily as 7 increases. (Note that, because we
used a left-factored grammar for parsing, the trees produced by the parser
are structured and labeled differently from those in the treebank. In order
to calculate precision and recall, we applied a simple tree transform to the
parser’s output to reverse the left-factoring, then calculated the figures as
usual.)

At first glance, Figure 3 seems at odds with our predicted optimal nor-
malization factor, 1.3. However, as explained earlier, the higher 7 is, the
higher merit longer constituents receive. Therefore, letting n = 1.3 balances
out the numerator and denominator of our FOM, but a higher  will push
the parser toward longer constituents, thus allowing it to find a full parse
more quickly. The sharp drop-off in precision and recall when n > 1.3 is
consistent with this hypothesis, since the parser is apparently focusing on
longer constituents to the detriment of smaller constituents which are in fact
more probable.

This interpretation suggests an investigation into whether we can gain
accuracy with higher n by letting the parser continue past the first parse
(i.e. pop more edges). To answer this question, we ran the parser again,
allowing it to continue parsing until it had popped 20 times as many edges
as needed to reach the first parse. The results of this experiment are shown
in Figure 5, where we plot accuracy as a function of edges.

Note that the accuracy of the parse increases given extra time for all
values of 7, but that this effect is much more pronounced for n > 1.3. In
every case, all of the increase is achieved with only 1.5 to 2 times as many
edges as needed for the first parse. For n between 1.0 and 1.2, the highest
accuracy is almost the same, about 75.2%), but this value is reached with an
average of slightly under 400 edges when n = 1.2, compared to about 650
when 7 = 1.0. The predicted optimal value of 1.3 does not do quite as well
in terms of highest accuracy, though it reaches 74.5% in about 200 edges.
As 1 increases past 1.3, the first parse is reached only slightly faster and
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with much poorer accuracy, and highest accuracy drops as well.

One interesting property of these results is that as we continue to pop
more edges, the accuracy begins to drop again. In fact, for 5 below 1.4, even
the first parses score better on average than the parses obtained by exhaus-
tive parsing, even though the exhaustive parses are strictly more probable.
One possible explanation for these phenomena is that our figure of merit
may cause the parser to prefer constituents which are probable given their
surrounding preterminals, whereas the maximum likelihood parse does not
take this information into account. Another possibility is that our FOM is,
in effect, partially imitating Goodman’s “Labeled Recall” parser [6], which
tries to maximize labeled bracket recall with the test set, rather than re-
turning the maximum likelihood parse.

In any case, probably the most remarkable feature of these results is
the small number of edges needed to find a good parse. Our most accurate
results can be achieved with only ten times as many edges as the the average
number required, 47.5. And with a small sacrifice in accuracy, we are able
to find a parse with as few as three times the required number.

The significance of these numbers becomes apparent when comparing
our results to those achieved by Goodman [7] and C&C. It is difficult to
fully compare Goodman’s results to ours, since he measures processor time

13
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Figure 6: Edges vs. Sentences Parsed
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Table 1: Edges vs. Sentences Parsed

% Sentences Parsed | Our Edgecount | C&C Edgecount

40 90 2000
71 150 3000
82 220 4000
91 320 6000
95 490 9000
96 520 10000
100 1760

rather than edges, but in one case he does give a measure of edges per
second. Combining this with his figures for parsing time suggests that his
parser uses tens of thousands of edges per sentence, as compared to a few
hundred for our parser. C&C do give results in terms of edges, reporting the
percentage of sentences of length 18-26 which have been parsed as a function
of the number of edges used. We performed this same experiment with our
own parser, setting 7 = 1.2. Both sets of results are displayed in Figure 6.
It is clear from the graph that our parser uses an order of magnitude or so
fewer edges than C&C’s. For exact numbers, see Table 1.

6 Conclusion

The advantages of adopting an edge-based technique in best-first chart pars-
ing using C&C’s figure of merit are clear: this method reduces the number
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of edges needed to find a first parse by approximately a factor of 20, giving
parses which use as few as three times the optimal number of edges, and
produces parses which are more accurate than those produced by exhaustive
parsing. Furthermore, it is easy to convert a standard best-first parser to
an edge-based model by left-factoring the grammar.

As a final note, it is important to realize that although this work was
done with a parser which had access only to the tags in the sentence and
using a grammar induced directly from the Penn Treebank, it should be
possible to apply the same techniques to best-first parsers using other types
of statistics, some of which are much more accurate than the one used here.
For example, Charniak’s lexicalized parser [4] uses word-based statistics in
addition to tag-based statistics, achieving accuracy levels in the mid 80%
range. The methods used here to speed up the tag-based parser ought to
work for the lexicalized parser as well, and more research in this area seems
warranted.
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