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Abstract for these two-stage parsers was eclipsed by the ad-
vent of one stage parsers with much higher accu-
racy (about 90% vs about 60%), the now-popular
treebank-based parsers including (Charniak, 2001,

1 Introduction Collins, 1999) and many others. Currently, many

For decad ional linauists h , ddifferent “deeper” levels are being manually anno-
or decades, computational linguists have paired gqy 5ng automatically transduced, typically using

surface syntactic analysis with another analysis ins'urface parsing and other processors as input. One
te}nded _to reprgsent Sor_”e‘h'”g deeper”. ':']he Wlfrgf the most popular, Semantic role labels (annota-
° hHami (Harr|§, 1:51’ kHarrls, 1968), C Omi Ytion and transducers based on the annotation) char-
(Chomsky, 1957; Chomsky, 1981) and many ot 13 cterize relations anchored by select predicate types
showeq that_one could use these deeper analyse_sii&% verbs (Palmer et al., 2005), nouns (Meyers et
rﬁgularlze.glfféerences 'be_twelzen V\r/]a)gs ofhexpressmfg_, 2004a), discourse connectives (Miltsakaki et al.,
t € same ide -For statistical methods, these _reg_u_'2004) or those predicates that are part of particular
larizations, in effect, reduce the number of S'gn'f"semantic frames (Baker et al., 1998). The CONLL
cant differences between observable patterns in dqtc?sks for 2008 and 2009 (Suraeanu e't al., 2008) has
and raise ‘h‘? frequency of each @fference. Patter_%‘cused on unifying many of these individual efforts
are thus easier to learn from training data and easigy produce a logical structure for multiple parts of
to recognize in test data, thus somewhat compensgbeech and multiple languages

ing for the spareness qf data. In adqliti_on, deeper Our approach is much like the CONLL shared
analyses are often considered semantic in nature kPEL’Sk. We link particular surface levels to particu-

cause conceptually, two expressions that share ti}:ler logical levels and we do this for three languages.
same regularized form also share some aspects I%wever there are several differences:

meaning. The specific details of this “deep” anal-
ysis have varied quite a bit, perhaps more than thel. The logical structures produced automatically
surface syntax. by our system can reasonably be expected to
In the 1970s and 1980s, Lexical Function Gram-  be superior to the comparable CONLL systems.
mar's way of dividing C-structure (surface) and F-  As we will explain, this expectation primarily
structure (deep) led to parsers such as (Hobbs and relates to the level of granularity of our seman-
Grishman, 1976) which produced these two lev- tic roles. Our Engllsh result achieved asignif-
els, typically in two stages. However, enthusiasm  icantly higher F-score (89.9% on News, 76.3%
Litis not possible to give a full list of references for this idea to 90.3% on other text, including spoken lan-
guage transtripts) than the best CONLL 2008

as it has existed in one form or another for thousands of years, 0 0
e.g., Panini's karaka from 2000 years ago provide yet another  System (81.8% on News, 69.1% on the Brown

way of regularizing different expressions of the same idea. Corpus). The CONLL 2009 task for English,



Japanese and Chinese has not been comple@tammar and the Zelig Harris style goal of attempt-
as of this date. ing to regularize multiple ways of saying the same

. thing into a single representation. Our approach dif-

- Bach O,f the_ Ia_mguages In our s_ystem USes ﬂ?grs from LFG F-structure in several ways: we have
Same Ilngwsjuc framework, using the SaM&nore than two levels; we have a different set of re-
types of relat_|ons, same analyses of COMPargsiional labels; and finally, our approach is designed
ble constructions, etc. (name and referencqg be compatible with the Penn Treebank framework

omitted for blind submission). In one case, this, | 4 therefore. Penn-Treebank-based pafsers
required a conversion from a different frame- ’ '

work to our own. In contrast, the 2009 CONLL
task puts several different frameworks into on
compatible input format.

For each sentence, we generate a feature struc-
éure representing a phrase structure-based instanti-
ation of our full analysis. We then distill this into
an Dependency Representation representing a sub-
3. The logical structures produced by our sysset of this information and making certain theoreti-

tem typically connect all the words in the sen<al assumptions, e.g., about identifyifgnctorsof

tence. While this is true about some of thephrases. In our framework, each dependency is be-

CONLL 2009 languages, e.g., Czech, but it isween a functor and an argument, where functor is

not true about all the languages. In particulargither the head of a phrase, a conjunction (in the case

the CONLL 2009 English and Chinese logicalof conjoined structures), or function words like com-

structures only include noun and verb prediplementizers in the case of special constructions in

cates. which the termheaddoes not clearly identify a child
that can represent the whole phrase for purposes of

K2 and term f ducing XXXX outout selecting the phrasal category or selectional restric-
;’(V;)(;(X an _‘3 Sys :am_ olr p;ro tucm? Enaii ﬂugﬁ_' tions. For many applications, this dependency anal-
provides a logical structure for english, - ysis is sufficient (references omitted) other applica-

nese and Japanes_e with an F-score that IS W'th'nti%ns have been designed to use the feature struc-
few percentage points of the best parsing results f%re representation (references omittédfhe de-

that language. Like LeX|'caI Function _Gramm,arspendency representation describes each sentence as
(LFG) F-structure, our logical structure is less fine

ined th £ th : ic role | a set of 23 fields (23-tuples), such that each 23-tuple
grained than many of the popular semantic role "Tepresents upto three relations between two words: a

beling schemes, but _al_so has tW(_) main ad_vgntag RFACE relation which essentially labels the rela-
over these schemes: it is more reliable and it is more

o : n between a functor and an argument in the parse
comprehensive in the sense that it covers all parts 8?a sentence; a LOGICL1 relation which regularizes

speech and the resulting logical structure is a OBy various lexical and syntactic phenomena, e.g.

nected graph. passive, relative clauses, infintival subjects, paren-
2 The XXXX framework theticals, etc.; and a LOGIC2 relation which corre-
sponds to relations in PropBank, Nombank and the

Our system creates a multi-tiered representation Penn Discourse Treebank (PDTB). While the full
the XXXX framework, a framework which com- output has all this information, we will limit this pa-

bines the theories underlying the Penn Treebank fefer to a discussion of the LOGIC1 relations. Fig-

English (Marcus et al., 1994) and Chinese (Xue &jre 1 gives a 5 tuple subset of the 23 tuple XXXX
al., 2005) (which is heavily influenced by Chom-

skian linguistics of the 1970s and 1980s) with Re- 3For example, it is possible to derive a Penn Treebank style

lational Grammar’s graph-based way of represengarse from our XXXX representation, which would for exam-
ing “levels” as sequences of relations, feature strule, include all part of speech correction and phrase structure
tures in the style of Head-Driven Phrase Structur@@nges made as part of our processing. .

The choice of representation used by applications relates
2We use the name XXXX for the framework to facilitate to specifics of our system and has nothing to do with intrin-
blind review of this paper. In a similar vein, we will use YYYY sic properties of dependency versus phrase structure represen-

and ZZZZ7 to represent other internal systems or frameworks. tations.

In this paper, we will describe the XXXX frame-



L1 Surf L2 Func | Arg Who
NIL SENT | NIL Who | was
PRD PRD NIL was | eaten
COMP | COMP | ARGO | eaten| by
OBJ NIL ARG1 | eaten| Who
NIL OoBJ NIL by Grendel
SBJ NIL NIL eaten| Grendel

Figure 1: 5-tuples fowWho was eaten by Grendel

eaten
analysis of the sentend&/ho was eaten by Gren- COMP
del? The tuples listed are: logicl label, surface ARGO
label, logic2 label, functor and argument. NIL in-
dicates that there is no relation of that type. Figure 2 L-SBJ
represents this as a graph. For edges with two la- by
bels, the ARGO or ARG1 label indicates a LOGIC2 !
relation. Edges with an L- prefix are LOGIC1 la-  S—OBJ
bels (the edges are curved); edges with S-prefixes \:/
are SURFACE relations (the edges are dashed); and Grendel

other (thick) edges bear unprefixed labels represent-

ing combined SURFACE/LOGIC1 relations. Delet- Figure 2: Graph o¥Who was eaten by Grendel

ing the dashed edges yields a LOGIC1 representa-

tion; deleting the curved edges yields a SURFACE _ _
representation; and a LOGIC2 representation is cré{—erb'al' While a subset of these are available for
ated by only including the nodes connected by thgvery yerb, Frame_Net a.nd PropBank_cIearIy ma_ke
ARGO and ARG1 relations, with the proviso thatflner distinctions, including those which are lexi-

when an argument is a preposition, complementiz&ally specific. For example, both PP arguments of

or other function word that takes exactly one argugonsultedn the following sentence bear COMP re-

ment: an NP or an S, one should include the NP ¢ftions with the verb in XXXX, but would have
S as part of the argumehtiogether, the SURFACE different ARG numbers in PropBank or different
relations for a sentence form a tree: the LOGIC1 rd2/€ names in FrameNedohn consulted with Mary
lations form directed acyclic graph: and the LOGICAPOUt the project Thus one would expect Semantic
relations form directed graphs which may includd?°l€ Labeling to be more difficult than recognizing

some cycles and, due to PDTB relations, may atj:'-Oqul r.elatlc?nse.
tually connect this sentence to previous ones, e.g., 5€9inning with Penn Treebank Il, Penn Treebank

adverbs likehowever take the previous sentence agnnotation includes Function tags, hyphenated addi-
one of their arguments. tions to phrasal categories which indicate their func-

LOGIC1 relations (based on Relational Gram-tlon' There are several types of function tags:

mar) are designed to regularize across grammati-
cal and lexical alternations, but not to make fine
grained distinctions. For example, subcategorized
verbal arguments include: SBJect, OBJect and IND-
OBJ (indirect Object), COMPIlement, PRT (Parti-

cle), PRD (predicative complement); other verbal

modifiers include AUXilliary, PARENthetical, AD-

e Argument Tags such as SBJ, OBJ, 10 (IND-
0OBJ), CLR (COMP) and PRD-These are lim-
ited to verbal relations and not all are used in
all treebanks. For example, OBJ and IO are
used in the Chinese, but not the English tree-
bank. These labels can often be directly trans-

EXXXX includes relations in which all parts of speech are
SAdditional provisos are needed to handle other specigredicates, not just verbs. However, space limitations prevent
structures, e.g., coordination, named entities, etc. us from going into detail for most of these relations.



L1 Surf L2 Func Arg the prepositional objects under them, elogag of
NIL SBJ ARGL1 | is ketchup | sandwichess edible, because sandwiches are edi-
PRD PRD ARG2 | is nutritious | ble even though bags are not. These features are
SBJ NIL NIL nutrious | Ketchup | marked in the NOMLEX-PLUS dictionary (Meyers
ADV ADV NIL nutrious | very et al., 2004b).
N-POS| N-POS | NIL ketchup | Banana The above description most accurately describes
NIL PAREN | NIL is claims English XXXX. However, Chinese XXXX has most
SBJ SBJ ARGO | claims | agency of the same properties, the main exception being
Q-POS| Q-POS | NIL agency | the that PDTB arguments are not currently marked. For
COMP | NIL ARG1 | claims | is Japanese, we have only a preliminary representation
) of LOGIC2 relations and they are not derived from
Figure 3: 5-tuples forBanana Ketchup, the agency

PropBank/NomBank/PDTB. More complete XXXX
specifications are available online (website omitted
for blind review).

claims, is very nutritious

lated into XXXX LOGIC1 relations.
2.1 Scoring the LOGIC1 Structure

Eor purposes of scoring, we chose to focus on
. OGIC1 relations, our proposed high-performance
single LOGIC1 tag (ADV). However, some of level of semantics. We scored with respect to: the

these also correspond to LOGICL argumenti’OGICl relational label, the identity of the functor

In particular, some DIR and MNR tags are re- o
alized as LOGIC1 COMP relations (based Oﬁamd the argument, and whether the r.elatlo_n is trans-
dictionary entries). The fine grained Semanparent or not. If the system output differs in any of

L S ; these respects, the relation is marked wrong. The
tic distinctions are maintained in other feature?ollowin sections will briefly describe each system
that are part of the XXXX description. 9 y y

and present an evaluation of its results.
In addition, XXXX treats Penn’s PRN phrasal cat- _
egory as a relation rather than a phrasal categor%a English XXXX
For example, given a sentence lilBanana ketchup, we generate English XXXX output by applying a
the agency claims, is very nutritiouthe phrase¢he  procedure that combines:
agency claimss a sentence in XXXX bearing a (sur-
face) PAREN relation to the main clause. Further- 1. The output of the 2005 version of the Charniak

e Adjunct Tags such as ADV, TMP, DIR, LOC,
MNR, PRP-These tags often transate into

more, the whole sentence is a COMP of the verb
claims Since PAREN is a SURFACE relation, not

a LOGICL1 relation, there is no LOGIC1 cycle as

shown by the set of 5-tuples in Figure 3.

Another important feature of the XXXX trans-
parency is transparency. A relation between two
words is transparent if: the functor fails to charac-
terize the selectional properties of the phrase, but
its argument does. For example, relations between
conjunctions (e.g.and, or, buj and their conjuncts
are transparent CONJ relations. Thus althoagd 2
links togetherdohnandMary, it is these dependents
that determine that the resulting phrase is noun-like
(an NP in phrase structure terminology) and sen-
tient (and thus can occur as the subject of verbs like
say). Another common example of transparent rela- 3.
tions are the relations connecting certain nouns and

parser described in (Charniak, 2001). While
the cited paper cites label precision and recall
scores in the 85% range, we believe the up-
dated version of the parser seems to perform
closer to 90% on input similar to the Penn Tree-
bank Wall Street Journal corpus, and perform
lower on other genres. That performance would
reflect reports on other versions of the Char-
niak parser for which performance statistics are
available (Foster and van Genabith, 2008).

. Named entity tags from the YYYY NE sys-

tem (citation omitted), which achieves F-scores
ranging from X% for Z genre to Z% for
Newswire on ACE data.

Several Machine  Readable dictionar-
ies including COMLEX (Macleod et



al., 1998) and the dictionaries that Genre | Prec Rec F
come with NomBank http://nlp. NEWS | 151 =89.7%| 5> =90.0%| 89.9%

1 12
cs. nyu. edu/ neyer s/ nombank/ BLOG é?j =83.4% zjg‘é =78.3%| 80.8%
t hose- ot her - nonbank- di cti onaries. | LETT | 252 =90.3% 419 = 87.3%) 88.8%
pdf . TELE | 32 =78.1%| 512 =77.4%| 77.8%

6]
NARR | 22 = 76.3% % =75.9%| 76.1%

4. A sequence of hand-written rules (citations

omitted) such that: (1) the first set of rules con- Table 1: English Aggregate Scores
vert the Penn Treebank into a Feature Structure

reprsentation; and (2) each ruleafter the first | Corpus | Prec | Rec | F Sents
rule is applied to an entire Feature Structure NEWS | 90.5%| 90.8% | 90.6% | 50
that is the output of rulév — 1. BLOG | 84.1%| 79.6% | 81.7% | 46

hi | dth lish ‘ LETT | 93.9%| 89.2% | 91.4% | 46
For this paper, we evaluated the English outputfar-e| = | 81 4% | 83.20% | 84.9% | 103

several dlff_erent genres, all of which approxma_ltel) NARR | 77.1%| 78.1%| 79.5% | 100
track parsing results for that genre. For writtem
genres, we chose between 40 and 50 sentences. Table 2: English Score per Sentence
For speech transcripts, we chose 100 sentences—we

chose this larger number because a lot of so-called . .
ger. . . ?unctlon tags of the Penn Treebank with 89% ac-
sentences contained text with empty logical de- . :
e . . curacy and empty categories (and their antecedents)
scriptions, e.g., single word utterances contain no

. . with varying accuracies, the meaningful categories
relations between pairs of words. Each text comes . ying ’ 9 9

0, 0 i -
from a different genre. For NEWS text, we used 5$2n9ing from 82.2% to 96.3% accuracie¢2) Cur
. . rent systems that generate LFG F-structure such as
sentences from the aligned Japanese-English d%%
1

created as part of the JENAAD corpus (Utiyam agner et al., 2007) which achlevg an F score of
and Isahara, 2003): the web text (BLOGS) was 1 on the F-structure PRED relations, which are
) -7 Similar to our LOGICL relations.
taken from some corpora provided by the Linguistic
Data Qonsortium through the GALEh(tp: 4 Chinese XXXX
[/ projects.|dc.upenn. edu/gal e/) pro-
gram; the LETTer genre (a letter from Good Will)The Chinese XXXX program takes a Chinese
was taken from the ICIC Corpus of Fundraisinglreebank-style syntactic parse as input, and attempts
Texts (Indiana Center for Intercultural Communito determine the relations between the head and its
cation); Finally, we chose two spoken languagéependents within each constituent. It does this by
transcripts: a TELEphone conversation fronfirst exploiting the structural information and detect-
the Switchboard Corpush{tp://ww. | dc. ing six broad categories of syntactic relations that
upenn. edu/ Cat al og/ readne_fil es/ hold between the head and its dependents. These
swi t chboar d. readne. ht M ) and one NAR- arepredication modification complementatiorco-
Rative from the Charlotte Narrative and Conversaerdination auxiliary, andflat. Predication holds at
tion Collection fttp://newsout hvoi ces. the clause level between the subject and the pred-
uncc. edu/ cncc. php). In both cases, we icate, where the predicate is considered to be the
assumed perfect sentence splitting (based on Peh@ad and the subject is considered to the dependent.
Treebank annotation). The ICIC, SwitchboardModification can also hold mainly within NPs and
and Charlotte texts that we used are part of th¥Ps, where the dependents are modifiers of the NP
Open American National Corpus (OANC), inhead or adjuncts to the head verb. Coordination
particular the shared subcorpus designated dbelds almost for all phrasal categories where each
scribed athttp://nl p.cs. nyu. edu/wi ki/ non-punctuation child within this constituent is ei-

cor puswg/ ULA- OANC- 1 (Meyers et al., 2007). "They get nearly perfect accuracy for null complementizer

Comparable work for English iOCIUdeS: (1) (Gabyetection. Itis unclear, in our view, what role null complemen-
bard et al., 2006), a system which reproduces thiers play (if any) in the interpretation of sentnences.



ther conjunction or a conjunct. The head in a cd-  Type | Prec | Rec F
ordination structure is underspecified and can be ei- No Function Tags Version

ther a conjunct or a conjunction depending on the Aggreg| {5z =59.7%| {5 = 61.3%| 60.5%
grammatical framework. Complementation holds Average 60.0% 61.5% | 60.5%
between a head and its complement, with the com- Function Tags Version

plement usually being a core argument of the head. Aggreg | 5.5 = 71.0%| {2 = 74.8%] 72.8%
For example, inside a PP, the preposition is the headverage 70.1% 72.6% | 72.2%

and the phrase or clause it takes is the dependent. An

auxiliary structure is one where the auxiliary takes daPle 3: Chinese Results on 48 Sentences from the 2?77
VP as its complement. This structure is identified sH€WSWire Corpus

that the auxiliary and the verb it modifies can form a

. Type Prec Rec F
verb group in the XXXX framework. Flat structures Aggr?ag 51 = 91.0% | 752 = 90.6% | 90.8%
are structures where a constituent has no meaning '”Average 843 90'7% 840 90.6% 90.6%

internal structure, which is possible in a small num
ber of cases. After these six broad categories of reaple 4: Japanese Results on 40 Sentences from the JE-
lations are identified, more fine-grained relation caNAA Corpus

be detected with additional information. The same

set of relations are used for Chinese as with the En-

glish system. For example, a temporal adjunct of 8UtpUt)
VP is in an ADV relation with the verb. The fact . V€ Scored Japanese XXXX on forty sentences of

that it is temporal is encoded elsewhere in the feawe Japanese side of the JENAA data (25 of which

ture structure and will be omitted from the simplifiedare parallel V\_"th the English sentences spored).
representation provide here. Figu#@is a sample (Kurohashi and Nagao, 1998) — describes KNP
4-tuple for the Chinese sentence ???? which means(NorO_et gl., 20095)

59995 KNP is listed as 96.9% accuracy for segmenta-
R take example from answer key and en- tion, 91.32% for dependency, 60.07% for sentence

code it in the same tuples format as the English 3-. KNP parser (per user.manual) Copyright Univer-
tuples abovesss sity of Tokyo 2005. Version 2.0 dated September 7,

Description of some additional routines borrowed? 005.
f_rom the I_Engllsh system, especially the incorporag  ~pnclusion
tion of Chinese NE

cite the Harper parser, especially the functiocknowledgments
tagged version (**** references ****)

— possibly include comparison with and without
function tags??? C. F. Baker, C. J. Fillmore, and J. B. Lowe. 1998. The

Chinese parsing: — GALE paper: Recall 81.8, Berkeley FrameNet Project. Rroceedings of Coling-

precision 82.2, F score: 82.0 — Other paper: 84.1 ACL98: The 17th International Conference on Com-
86.3 85.2 84 2 853 84.8 " putational Linguistics and the 36th Meeting of the As-

5% site BW " di th ¢ sociation for Computational Linguisticpages 86—90.
stte paper regarding another system Eugene Charniak. 2001. Immediate-head parsing for

that uses these function tags, but | can’t really site language models. IMeeting of the Association for
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