Building Surface Realizers Automatically from Corpora *

Huayan Zhong and Amanda J. Stent
Department of Computer Science
Stony Brook University
Stony Brook, NY 11794-4400 USA
{huayan, stent} @cs.sunysb.edu

Abstract

Inthis paper, we evaluate the feasibility of automat-
icaly acquiring surface realizers from corpora us-
ing general-purpose parsing tools and lexicons. We
present a basic architecture for acquiring a genera-
tion grammar, describe a surface realizer that uses
grammars developed in this way, and present a set
of experiments on different corpora that highlight
possible improvementsin our approach.

1 Introduction

The purpose of surface redlization (SR) is to generate sen-
tences or phrases from input semantic or syntactic representa-
tionsthat: a) preservetheinput meaning; and b) are grammat-
ical. To thisend, it may select content words, insert function
words, arrange words in order, and perform morphological
inflection.

We are interested in modeling aspects of lexical and syn-
tactic variation and lexical/synactic adaptation directly in the
surface realizer (cf. [Creswell, 2003; Purver and Kempson,
2004]). 1t will be easier to do thisif our surface realizer is di-
rectly acquired from data. In this paper, we explorethe possi-
bilities of automatically acquiring a domain-specific surface
realizer from unlabeled data using general-purpose parsing
tools and lexicons. We use our surface realizer in spoken and
multimodal dialog systems with a variety of architectures, so
we chose as our input format logical forms in which content
words can, but need not be, specified. For this type of ap-
plication, we are also concerned about speed of generation,
so we looked at the possibility of eliminating a second-stage
ranker.

In Section 2 we discuss previous approaches to surface re-
alization. We describe our data in Section 3. In Section 4
we describe our approach to acquiring a generation grammar
and our surface realizer. In Sections 6 and 5 we present the
results of evaluations of several automatically-acquired gen-
eration grammars, and highlight areas for improvement.
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2 Reated Work

Most existing surface realizers use hand-written grammars
or templates. FUF/SURGE [Elhadad, 1993; Elhadad and
Robin, 1997] uses a complex unification grammar to gener-
ate sentences. The sentences it generates are of high qual-
ity. However, it can take quite a long time to generate a sen-
tence[Callaway, 2003]. Genesis-11 [Baptist and Seneff, 2000]
and YAG [Channarukul, 1999] use hand-written templatesin
the air travel domain. Template-based surface realizers work
faster than grammar-based surface realizers. However, they
are domai n-specific so must be changed for each new domain.

Two-stage surface realizers, e.g. [Langkilde, 2002; Oh
and Rudnicky, 2002; Ratnaparkhi, 2000] use a hand-written
grammar to generate potential outputs, and then a language
model to rank these outputs. These surface realizers can pro-
duce output of quite high quality without the coding effort re-
quired to write acomplex grammar by hand [Callaway, 2003].

Most statistical surface realizers are trained on annotated
data (e.g. [Rambow and Bangalore, 2000; Marciniak and
Strube, 2004; Pan and Shaw, 2004; S. Corston-Oliver and
Moore, 2002]). FERGUS [Rambow and Bangalore, 2000] is
atwo-stage statistical surface realizer. It takes a dependency
tree with content words specified as input, and realizes it by
selection and combination of TAG derivation trees automati-
cally acquired from an annotated corpus. It then generates a
word lattice for the trees, and uses alanguage model towalk a
highly probable path through the lattice, producing an output
sentence. Marciniak and Strube report on a statistical surface
realizer that generates from logical formsto output sentences
[Marciniak and Strube, 2004]. This surface realizer consists
of a set of eight classifiers trained on a set of 70 manually
annotated texts.

Amalgam is a surface redlizer trained on automatically
parsed data and takes a logical form as input, so is perhaps
closest to oursin style [S. Corston-Oliver and Moore, 2002].
It uses a classification-based approach. We are interested,
however, in a direct representation of the mappings between
semantics, syntax and realization so that we can manipulate
these mappings on-the-fly to produce variation, so we use a
probabilistic grammar instead. Our goal isto look at whether
it is possible to create a framework in which domain-specific
surface realizers can be acquired automatically from unanno-
tated data using general-purposetools and resources and then
adapted during interaction.



Corpus total # sents total # words
(unique sents) (unique words)
EXPL 5435 (5403) 86584 (9432)
CALO 4255 (2977) 65886 (4317)
WSJ 43411 (43162) | 1044265 (40876)
Table 1: Size of corpora
3 Data

We used three corpora for these experiments. WSJ, EXPL
and CALO (Table 1). The first, the Penn Wall Street Jour-
na Treebank [Marcus et al., 1993], we selected to allow us
to compare performance with systems like FERGUS [Ram-
bow and Bangalore, 2000] and HA L ogen [Langkilde, 2002],
aswell as to identify performance gains if there is " perfect”
parsing. The second, EXPL, is a corpus of text explanations
for children [howstuffworks, 2003], that we selected because
of therelative simplicity of its sentence structures. Finally, we
selected the CALO corpus, a collection of corporaof spoken
dialog in purchasing domains, in order to allow us to ook at
performance gains if there are domain-specific lexicons and
ontologies. Because of the small size of this corpus, we also
report results for a grammer acquired from a combination of
this corpus with the Penn Treebank. We randomly assigned
90% of each corpus as training data, and 10% as testing data.

4 Grammar Acquisition

Our grammar acquisition pipeline is shown in Figure 1. We
use the following genera -purposetool s and resources. the LT
TTT tokenizer [Grover et al., 2000], the Brill part-of-speech
tagger [Brill, 1992], the Collins parser [Collins, 1999], Word-
Net [Fellbaum, 1998], and VerbNet [Kipper et al., 2000].
Domain-specific replacements for any of these tools or re-
sources can be made at any time. For example, in some of
our experiments, we added the ontology and lexicon created
for the TRIPS system [Dzikovskaet al., 2003].

Input text is automatically regularized, split into sentences
and tokenized. Sentences containing quotations are removed.
Then, the text is part-of-speech tagged and parsed, giving
a set of parse trees, some with errors. We retain only the
most likely parse for each sentence. Sentences that cannot be
parsed are dropped from further processing.

A set of transformations are applied to the parse trees to
convert all sentencesto active, declarativeformwith onemain
verb only (clauses joined by a coordinating or subordinating
conjunction are split).

We then try to identify the semantic roles in the sentence.
Considerable research has been done on semantic role label-
ing (e.g. [Gildea and Juraksky, 2002; Pradhan et al., 2004]);
for thisinitial work, we simply look up the main verb of the
sentence in VerbNet [Kipper et al., 2000] and the hypernyms
of the verb’s arguments in WordNet [Fellbaum, 1998]. If the
restrictions of the roles in a verb frame for the verb match
the hypernyms of the verb’s arguments in the sentence, we
add semantic features to the parse tree, annotating the main
verb with the verb frame and the verb’s arguments with the
semantic roles and hypernyms. A sentence can lead to mul-
tiple annotated trees if multiple verb frames match. Figure
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Figure 2: Aninitia tree for “the cat went to the garden”

2 shows a sample sentence tree extracted from the sentence
“The cat went to the garden”.

Finally, we extract initial and auxiliary trees from the an-
notated parse trees. Initia tree typesinclude S, NP, VP and
PP; auxiliary treetypesinclude NP, VP, PP, ADJP, ADVPand
QP. We cluster these trees by their semantics and assign rel-
ative frequencies to each tree. Table 3 shows the number of
initital trees we collected for each corpus. The grammars we
obtain are probabilistic lexicalized tree-adjoining grammars
with semantic features [Abeille and Rambow, 2000].

Table 2 showsthe number of failuresin our grammar acqui-
sition process after parsing, after verb lookup and after verb
frame matching. Note that the fact that the parser found a
parse for 100% of the sentencesin our corporadoes not mean
that it found a correct parse. We examined the 330 sentences
from our CALO corpusfor which there were no verb frames,
and labeled them by hand as primarily spelling/tokenization
(25), fragmentary (150), conventional (33), containing id-
iomatic language (16), containing highly unsyntactic lan-
guage use (70), containing named entities that were prob-
lematic (15), or "other” (39). (The total sums to more than
330 because some sentences exhibited multiple phenomena.)
We concluded that for this dialog corpus, some sentencesjust
should not be included in the generation grammar. A simi-
lar examination of our EXPL corpus (469 'failure’ sentences)
gave 4 spelling/tokenization, 194 fragmentary, 6 idiomatic,
36 highly unsyntactic, 13 problematic named entities, and
230 other irregularities (mostly unusual verbs or unusual sub-
ject/verb combinations like 'react’, 'typify’ and 'integrate’).
In this corpus, most of the fragments are titles or advertising.

The steep drop in dataretention that results from an inabil-
ity to find amatching verb frameis sometimes due to the lack
of a suitable verb frame in our knowledge resources, some-
times due to the fact that the verb in question is a stative and
sometimes due to parsing errors leading to misidentification
of the verb. However, the majority of these errors are due to
mismatches between the WordNet hypernyms of words fill-
ing sentential roles, and the semantic roletypeinformationin
VerbNet. We were initially surprised to see such a steep rise
in performance for our non-CALO corpora when the TRIPS
lexicon and ontology are added, but with this lexicon and on-
tology these mismatches are not present. This type of mis-
match is one of the largest problems with the use of general-
purpose knowledge resources created by different researchers
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Figure 1: Architecture of grammar acquisition process

Corpus || % parsed

% has verb frames | % into grammar |

Speciaized
EXPL 100.00% 88.88% 53.02%
CALO 100.00% 89.80% 62.61%
WSJ 100.00% 64.35% 42.32%
NoParse || 100.00% 71.87% 50.91%
Genera

EXPL 100.00% 57.22% 41.95%
CALO 100.00% 57.24% 43.87%
WSJ 100.00% 40.06% 30.99%
NoParse || 100.00% 48.94% 37.32%

Table 2: Grammar acquisition: Sources of dataloss

for different purposes. In the future, wewill use statistical se-
mantic role labeling as described by [Gildea and Juraksky,
2002] to overcome the problem of type mismatches, and the
smaller problem of missing verbs or missing verb frames.

5 Surface Realizer

We implemented a surface realizer for these grammars that
uses a chart to efficiently compute all possible realizations of
an input semantic form. The input is a logical form. Con-
tent words may be specified in the input; any lexical selection
that needs to be done during surface redlization is done using
WordNet. We find al the initial or auxiliary trees covering
each part of the input semantics and place them in the chart.
We then fill in the chart with possible combinations of these
trees using adjunction and substitution. Finally, we read off
those treesthat cover all or most of theinput logical form and
arerooted at S.

We use the same transformation rules used during gram-
mar extraction to transform the resulting syntax treeif thein-
put semantics specify a non-declarative sentence type. These
transformation rules, and (if used for dialog) a small num-
ber of templates covering conventional utterances (greetings,
thanks, acknowledgments) are the only hand-written rules
used in any of our surface realizers [Stent, 1999]; for the
experiments reported below, we excluded templates covering
conventional forms from the surface realizer.

Our surface redlizer has a second stage that assigns mor-
phological inflection. We can rank sentences directly us-
ing the relative frequencies assigned to trees in the acquired

grammars. Using an independence assumption, we simply
multiply the probabilities of all the trees that go into pro-
ducing the sentence. However, this method of computing the
probability of a sentence ignoresword likelihoods. If the sur-
face realizer is doing lexical selection using a lexicon that is
not domain-specific, the use of a third-stage language model
can also be used to rerank sentences.

6 Experiments

We performed three sets of experiments. Our first experi-
ment (General) was designed to look at performance when
using only general -purposetool s and resources. We used only
VerbNet and WordNet as our knowledge resourcesand weig-
nored the parse trees in the Penn Treebank, instead re-parsing
those sentences. Our second experiment (NoParse) was de-
signed to look at performance gains when using a treebank
with general-purpose resources. We used the Penn Treebank
only for this experiment. In our third experiment (Special-
ized), we added to our knowledge resources a specialized | ex-
icon and ontology from the TRIPS dialog system [Dzikovska
et al., 2003]. For each set of experiments we report results
when running our surface realizer both with and without a
second-stage language model. For these experiments, we
used a trigram language model trained on the Brown corpus
to avoid artificialy boosting performance on the Wall Street
Journal with aWall Street Journal-trained language model.
We used the same test input for each experiment. We con-
structed test input semi-automatically from the test data from
each corpus. We used the same procedure used to acquire



Corpus #unique | #np | #vp | #pp | #adip | #advp | #qp
initial trees
CALO 3206 133 | 57 1643 28 18 12
WSJ 25024 175 | 199 | 17705 95 63 47
EXPL 6345 101 | 89 4224 35 21 24

Table 3: Number of initial trees and auxiliary trees extracted from each corpus

Corpus | General | Specialized |
EXPL 80.60% 89.69%
CALO 78.61% 88.72%
WSJ 77.39% 86.67%
NoParse 75.41% 86.97%
CALO+WSJ || 78.61% 88.89%

Corpus 1stage | 2stages
EXPL 47155 | 52759
CALO 48/7.60 | 52/7.63
WSJ 45/.55 | .50/.58
NoParse A457.49 | 49/ .52
CALO+WSJ || .48/.60 | 52/.62

Table 4. Coverage of generation grammars (number of sen-
tences generated over number of inputs to generators)

our grammar (tokenize, part-of-speech tag, parse, annotate
with semantic information), and then stripped off the logi-
cal form from the resulting tree. We retained content words
(stemmed), but permitted the surface realizer to perform lex-
ical selection of function words.

For each experiment, we eval uated using automatic and hu-
man evaluation. For comparison with previous work ([Call-
away, 2003]), we report simple string accuracy (SSA) [Ban-
galore et al., 2000]. We also report performance using
Melamed’s F measure [Turian et al., 2003], which we have
found to be somewhat more highly correlated with human
judgments than the BLEU score [Stent et al., 2005]. How-
ever, neither of these metrics works very well in the absence
of multiple reference sentences. Therefore, we aso con-
ducted a human evaluation, for which we used the approach
described in [Stent et al., 2005].

6.1 Performance and Coverage

Our system was competitive in terms of performance. The
average time taken to generate a single sentence for the one
stage generation system is 48.41 milliseconds, while the av-
erage time for the two stage generation system is 58.72 mil-
liseconds (cf. [Callaway, 2003]). Increasing the size of the
grammar does slow this down somewhat, but we use very ef-
ficient storage of initial and auxiliary trees and can also resort
to chart pruning if the chart becomes too large.

Data losses during grammar acquisition are reported ear-
lier in this paper. These same loss rates apply to our testing
data. We show the coverage of our acquired generation gram-
mars, excluding these loss rates, in Table 4. These coverage
results again reflect the potential gainsfrom using targeted or
specialized lexicons and ontol ogies.

6.2 Automatic evaluation

We compare the generated sentences with their referrence
sentences using SSA and Melamed's F-measure. We show
these results in Table 5 for the General experiment, and in
Table 6 for the Specialized experiment.

Thisperformanceis significantly lower than that of HALO-
GEN run with a similar setup (.81) and SURGE (.89) [Call-

Table5: General: SSA / Melamed'sF for different generation
grammars

Corpus lstage | 2stages
EXPL 731.76 | 751.77
CALO .74/.80 | .76/ .81
WSJ J17.76 | 727177
NoParse .68/.72 | .70/.73
CALO+WSJ || .74/.80 | .767.80

Table 6: Speciaized: SSA / Melamed's F for different gener-
ation grammars

away, 2003; Langkilde, 2002]; however, most errorswere due
to gaps and inconsistencies in our lexicons and vocabulary
gaps between testing and training data.

Overall, the generator could not find a matching tree in the
grammar for 10.3% of constituents in the testing sentences.
We looked more closely at the CALO+WSJ case; without the
WSJ, 9.6% of constituents in the CALO data did not have a
matching tree in the grammar, while with it, 9.3% did not.
We conclude that the use of this extra data does not help; as
long as the training data covers most phenomena that might
occur, increases in data size will only help refine the relative
frequencies on treesin the grammar.

6.3 Human Evaluation

We selected 156 sentences from our testing data at random.
We ran them through our one-stage and two-stage genera-
tors, with and without the TRIPS lexicon and ontology, ob-
taining four output sentences for each testing sentence. An
evaluator rated the sentences for fluency and adequacy using
the method described in [Stent et al., 2005]; the evaluator
was blind to the source of the sentence. The evaluator also
marked several types of error that could occur in each sen-
tence: missing verb, incorrect modal verb, absent negation,
incorrect preposition, morphology error. Finaly, the evalua-
tor also rated the reference sentence for fluency only.

Tables 7 and 8 show the results of our human evaluation.
The average score for fluency for the reference sentences was
4.6 (18 had afluency score of 1). For the candidate sentences,
the overall average scorefor accuracy was 2.5 and for fluency
was 2.3 (61 had 5 for both scores; 262 had 1 for both scores).



Corpus 1stage | 2 stages
EXPL 16/17 | 1.8/18
CALO 31/32 | 31/34
WSJ 13/14 | 13/14
NoParse 11/12 | 14/15
CALO+WSJ | 15/16 | 1.6/19

Table 7: General: Average fluency and accuracy for different
generation grammars

Corpus 1lstage | 2 stages
EXPL 3474 34/4
| CALO | 3/34 | 3/34 ]
| WSJ [ 30/34]33/38]
[ NoParse [25/26]29/29]
|

CALO+WSJ | 15/13 | 15/14 |

Table 8: Specialized: Average fluency and accuracy for dif-
ferent generation grammars

Where the reference sentence was length 20 or more (28 sen-
tences), the average candidate sentence scores were 2.1 for
adequacy and 1.9 for fluency. Where the reference sentence
had length 19 or less (128 sentences), the average candidate
sentence scores were 2.5 for adequacy and 2.3 for fluency.

There were 87 instances of a missing verb, 43 of an in-
correct preposition, 8 of a missing negation, 36 of an incor-
rect modal (usually 'can’ being replaced by 'will’), and 24
morphology errors (some duplicates). Other issues noticed
by the evaluator included dropped passive forms, questions
written as declarations, missing phrasal modifiers and rela-
tive clauses, and a few reference sentences that were near-
guotations. However, because the test input was constructed
using our imperfect generator acquisition pipeline, it is not
clear for some of these errors (missing negation, incorrect
modals, missing verbs, missing modifiers) whether the se-
mantic content was included in the input logical form.

We conclude from this evaluation that in addition to im-
proving our generator acquisition methodology, we should
work on our transformation rules and on negation.

6.4 Discussion

We were surprised to find no performanceimprovement from
using treebanked data. We think this result can be explained
by the fact that these sentences were longer than those in the
other corpus. We noticed during human evaluation that in
long sentences, there were phrases that were coherent, but
these phrases were arranged in incoherent ways.

We were also surprised to find no performance gains from
adding WSJ datato our CALO surfacerealizer. We had hoped
that thisadditional datawould take care of phenomenaunseen
in the much smaller CALO corpus. Looking at our human
evaluation, we now think that it served indeed to augment the
number of trees, but not to augment the number of helpful
trees.

From both the automatic and the human evaluation, we can
see that there are substantial performance gains when using
a grammar acquired with targeted lexicons and ontologies.

Also, there are performance gains from using a 2-stage sur-
face realizer, although the size of these gains decreases dra-
matically in the Specialized case. We think that with some
more effort, we can acquire domain-specific grammarswhose
performance is not significantly different without a second
stage sentence ranker.

7 Conclusions and Future Work

In this paper, we evaluated the possibility of using general-
purposetoolsand resourcesto acquire probabilistic grammars
for generation from unannotated data. We found that mis-
matches between semantic category labels restricts the utility
of general-purpose resources like WordNet and VerbNet, but
that when a little domain-specific information is added per-
formance improves dramatically.

In future work, we plan to improve our pipeline by the ad-
dition of statistical semantic role labeling and improved pars-
ing. We will also correct logical form representation failings
highlighted by our human evaluation. We are currently ex-
ploring knowledge-free approaches to this same task, includ-
ing a classifier-based approach and a graph-based approach,
that will also let us meet our goals of: high-quality domain-
specific surface realization without treebanks, modeling of
genre- and domain-specific variation; and on-line adaptation
indialog.
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