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Abstract

We extend discriminant-based disambiguation techniqués6 gram-
mars. We present the design and implementation of lexicatphological,
c-structure and f-structure discriminants for an LFG-lgsarser. Chief con-
siderations in the computation of discriminants are capguall distinctions
between analyses and relating linguistic properties ta&or the string. Our
work is mostly tested on Norwegian, but our approach is iedejnt of the
language and grammatr.

1 Introduction

The use of linguistically motivated handwritten grammarsdalistic applications
is dependent on the capacity to automatically resolve amitigg produced by the
grammar. Statistical techniques for disambiguation bg@aanking require train-
ing of the parser on a previously analyzed and disambiguaigalis—a treebank.
Quiality controlled treebanks that can serve as gold stdsdannot be constructed
without considerable manual effort towards ambiguity hason. Intelligent ways
of minimizing these efforts have been the subject of earéieearch in the context
of different tasks and formalisms (Carter, 1997; Van derlkBsteal., 2002; Oepen
et al., 2004). In our work on treebanking by automaticallyspay a corpus with an
LFG grammar, we have employed and further developed subhitpges.

In this paper we explain in depth how discriminants can beredéd to LFG
grammars and how we have implemented them. The paper istsgda@s follows.
First we present previous work on discriminants. Then weries our design of
various types of discriminants for LFG grammars. These béllillustrated and
motivated with examples parsed with the Norwegian gramneseldped at the
University of Bergen within the Parallel Grammar projectu{Bet al., 2002). Fur-
thermore, we describe their implementation, i.e. the cdatfmn of discriminants
from linguistic structures. Finally, we discuss the préatton and use of discrimi-
nants. The.FG Parsebanker, a toolkit developed at the University of Bergen in the
TREPIL! andLOGON? projects, implements the computation and presentation of
LFG discriminants.

2 PreviousWork on Discriminants

Discriminant-based disambiguation was first presenteddne€(1997) as a time-
saving method for treebanking. Carter’'s aim was to traimgulistic analyzer for
several domains and tasks, each one requiring a separdigeahand disam-
biguated corpus. In this context, it is clearly desirablepiimize the efficiency

TThis work was supported in part by a grant from the Researai€bof Norway. We would
like to thank John Maxwell at PARC for his help with implematibn issues.
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of manual disambiguation. Inspecting full analyses protethe “a tedious and
time-consuming task”. In contrast, a few lexical or struatiproperties are often
sufficient to distinguish the one intended analysis from ynather analyses. Ex-
amples of properties that involve relatively simple cheiaee PP attachment, word
senses, and the arity of predicates. Calling such distihing propertiesliscrim-
inants Carter implemented their identification and presentaitionis TreeBanker
tool. He designed various discriminants, including cdosftits, semantic triples,
word senses, sentence types, and grammar rules used.

In the TreeBanker’s graphical interface, the user can ldisetiminants as ei-
ther good or bad, or can leave them undecided. Carter definetidd inferencing
rules based on these decisions. If a discriminant is markeddouser as bad, then
all analyses that contain this property are rejected, vaseiea discriminant is
marked by the user as good, then only analyses that contaia kept. Thus, the
set of analyses is narrowed down, until only one analysisanesn Furthermore,
a discriminant that is true only of analyses that have ajrdsbn rejected must
be bad. Conversely, a discriminant that is true of all thié wtidecided analyses
must be good (assuming there is at least one good analysitje Icases where a
discriminant is inferred to be either good or bad for all geas, it loses its dis-
criminatory power, i.e. it is trivial, and hence it need netfresented to the user,
who can thus concentrate on more relevant choices.

Carter pays special attention to “user-friendly” discriamts which are easy for
humans to judge and are prominent in the display. The effigiehthis method, as
compared to presenting all the full analyses to the usetheappreciated from the
fact that a combination of a small number of local ambigsitan result in a large
number of analyses. Carter mentions an example with 154 samlfor which 318
discriminants are computed, yet only two discriminant cheiare necessary to
select the correct analysis.

Discriminants have also been used in at least two other gimpjpoth HPSG-
based. In the context of the Alpino project (Van der Beek et2002), a large
treebank was built using manual disambiguation based oteGaprinciples but
with a different design. Lexical discriminants, repregamptambiguities that re-
sult from lexical analysis, are always presented to the @mofirst, because it is
claimed that lexical decisions are easy to make. Furthepmamstituent discrim-
inants represent alternative groupings of words in caretits, and dependency
triples represent alternative paths in a dependency tieeselcan be compared to
our c-structure and f-structure discriminants, which w#l presented in sections
3.2 and 3.3 respectively.

The LinGO Redwoods project (Oepen et al., 2004) was aimediftity a
dynamic treebank as a testbed for grammar developmente $imenmar devel-
opment presupposes frequent automatic reparsing of agaeptomatic redisam-
biguation is highly desirable. This was achieved by stotimg annotator’'s dis-
criminant choices and reapplying them when reparsing. T&oowledge, LinGO
Redwoods was the first project to closely integrate treebgn&nd grammar de-
velopment in this way. Properties related to constituargsfse of a grammar rule



over a specific substring), lexical items (part of speedathantics (primary pred-
icate) and node labeling were used as discriminants. Wahhtip of a suitable
tool for identifying and presenting these discriminants aanotator performance
of about 2000 sentences per week was achieved.

In all work with discriminants, Carter’s rules for narrowirdown the set of
analyses based on the annotator’s choice of discriminaatsell as his rules for
narrowing down the set of discriminants so that only the raat ones are kept,
are essential. But even though, by means of Carter's rufemjgh discriminant
choices will eventually lead to a single analysis, this gsialis not necessarily the
correct one. There may be no correct analysis among the baethe parser pro-
duced, or a wrong discriminant choice could have eliminéitedcorrect analysis.
To assist the annotator in making the right choices, a stiphied, user-friendly
tool that identifies and presents discriminants togeth#r gpecific analyses is in-
dispensable. Both the TreeBanker and the discriminans taséd in Alpino and
LinGO Redwoods aim to provide such assistance in the coofeie grammars
and parsers they operate with. However, the types of digtaims, their compu-
tation, and even their presentation are not universal, pendd on the grammar
formalism, the parser, and on user-oriented and systeamed design choices.
To our knowledge, there has been no previous work on degjgtigtriminants for
LFG grammars and implementing them for an LFG-based pauséras the Xerox
Linguistic Environment (XLE) (Maxwell and Kaplan, 1993).

3 Designing Discriminantsfor LFG

The number of analyses of realistic sentences provided bgrargar may run into
the thousands. In such cases, disambiguation by the s&guespection of in-
dividual structures is prohibitively time consuming. XLEopides packed c- and
f-structures which are compact representations of allrifarination in all analy-
ses. In XLE’s native interface it is possible to disambiguateractively by choos-
ing between alternatives indicated in the packed strustuf¢hile an important
property of packed structures is that they are concise fropmgputing standpoint
(Maxwell and Kaplan, 1993), this property is neverthelekétibe help towards
efficient manual disambiguation, since for sentences witlitiple ambiguities,
packed structures may become too unwieldy for a human to wdghe Disam-
biguation with discriminants does not suffer from the coaxpily issue that packed
structures have, since each discriminant is local and mahbsen independently
of all others.

There are often a large number of elementary propertiesateatot shared by
all analyses, such as local c-structure node configuratiaddabels or f-structure
attributes and values. Any such elementary property is didate for being a dis-
criminant, for all such properties actually discriminatdvieeen analyses. However,
in many cases it is impossible for a human disambiguatordio @it such elemen-
tary properties in isolation. In order for them to be reliat#cognizable as proper-



ties of the intended analysis, they must be related to werdss string. This is a
crucial point in the design of discriminants.

The present work on discriminants is focused on how they neageined and
used in an optimal way for LFG grammars. Discriminants stiéwel designed so as
to automatically identify all possible distinctions betmeanalyses and make these
recognizable to the annotator. It is important that therdisoants contain enough
information to make it possible to uniquely identify thenot little enough infor-
mation that they remain elementary local properties. Tialys representing the
c-structure and f-structure must be fully traversed to filhgh@ssible distinctions
between structures. We have defined four major types ofidiswants for LFG
grammars: lexical discriminants, morphological discriamits, c-structure discrim-
inants and f-structure discriminants.

3.1 Lexical and Morphological Discriminants

We agree with Van der Beek et al. (2002) that lexical ambigsiiare often the
easiest to resolve. Two types of discriminants are mearittmaesolving lexical
ambiguities: lexical discriminants and morphologicalcdisiinants.

A lexical discriminantis a word form with its lexical category. Consider the
Norwegian sentence in example (1) and its two c-structurdigure 1.

(1) Glade fisker svgmmer.
Glad fish swim/swimmer

“Glad fish swim.” / “Glad ones fish a swimmer.”

ROOT ROOT
P PERIOD P PERIOD
NP . NP I’ .
|
AP N Vfin AP Vfin S
| | | |
A fisker svgmmer A fisker VPmain
| | |
glade glade NP
!
|
svgmmer

Figure 1: Two analyses for example (1), the left one corredpm to ‘Glad fish
swim’, the right one to ‘Glad ones fish a swimmer’



In this example, botliskerandsvgmmemay be either a noun or a verb, and
because of this there are two quite different c-structufé® entire c-structures
need not be examined, however, since determining the lesitagory of either
of these words is enough to determine which c-structureeisrttended one. The
relevant subtrees containing preterminal and terminakaddr example (1) are
shown in figure 2. Table 1 illustrates the representatiomxithl discriminants for

this example.

N Vfin N Vfin

fisker fisker svgmmer svgmmer

Figure 2: Subtrees defining lexical discriminants for exkn{f)

Table 1: Representation of lexical discriminants for exengp)
‘fisker’: N
‘fisker’: Vfin
‘svgmmer’: N
‘svgmmer’: Vfin

The lexical category specified in the discriminant is somes simply the tra-
ditional part of speech (e.g. N), sometimes a more fine-gthtategory (e.g. Vfin).
Whatever preterminal node label occurs in the subtree willhe category in the
discriminant.

Sometimes a word form may be ambiguous between differeetres or be-
tween different forms of one lexeme within the same part eésp. This is the case
in the present example. Even after the category N has beaeiclny selecting the
first discriminant in table 1, the word forfiskermay still be an inflected form of
the nounfisk “fish” or of the nounfiske“fishing”. Since lexical discriminants are
not sufficient for the disambiguation of lexical ambigustiave also define mor-
phological discriminants. Anorphological discriminanis a word with the tags it
receives from morphological preprocessing. The two mdaggical analyses for
the nounfiskerare illustrated in figure 3, which shows a simplified versidithe
sublexical trees not usually displayed by XLE. The morpgwmal discriminants
for this example are represented as in table 2.

Table 2: Morphological discriminants fdiskerin example (1)

fisk+Noun+Masc+|ndef+PI\
fiske+Noun+Neut+|ndef+P|




N N

/r\ /\\
BASE SUFF SUFF SUFF SUFF BASE SUFF SUFF SUFF SUFF
| | | | \ | | | | \

fisk  +Noun +Masc +Indef +PI fiske +Noun +Neut +Indef +PI

Figure 3: Two morphological analyses fiigsker

Neither lexical nor morphological discriminants alone sufficient for the full
disambiguation of lexical ambiguities. As shown in the ab@xamples, lexical
discriminants cannot distinguish between different wanahfs that have different
features and/or base forms but the same lexical categotlyisliexample, full lexi-
cal disambiguation could have been achieved through s#sdeanly morphological
discriminants. This is not always the case, however, siotalhwords go through
morphological preprocessing. For some words, morphostiatéeatures may be
directly encoded in the lexical entry. Therefore both lakemnd morphological dis-
criminants are necessary for lexical disambiguation. @lae also cases where
lexical ambiguities remain after all lexical and morphotad discriminants have
been chosen; we will return to these in section 3.3.

3.2 C-structure Discriminants

C-structure discriminantare important for the disambiguation of syntactic am-
biguities. Their design aims at selecting an elementargllpcoperty of a tree.
They are therefore based on minimal subtrees, a minimatemibeing defined as
a mother node and her daughters. Since identical subtregoocar more than
once in the same analysis, these need to be related to theirsgibsat they dom-
inate. Example (2) involves two different PP attachmentad®) as shown in the
c-structure trees in figure 4. The substring which is relef@nthe disambiguation
of this example is shown with its bracketing in example (DeBimple break-
down of the substring into its immediate constituents isnshan the unlabeled
bracketing in (3a), and the two different PP attachmentshosvn in the labeled
bracketings in (3b) and (3c).

(2) Vi fanget fisk med stang.
We caught fish with fishing-rod

“We caught fish with a fishing rod.”

3) (@) [[fisk][ med stang]]

(b) [vemain[ne fisk ] [pp med stang ] ]
(©) [np[n fisk] [pp med stang ] ]



ROOT ROOT

IP PERIOD IP PERIOD
| T
PRONP . PRONP "o
PRON Vfin S PR‘ON Vfin S
v‘i fanget VPr‘nain v‘i fanget VPr‘nain
N |
NP PP NP
VAN
N P NP N PP
| IVZAN
fisk med N fisk P NP
stang m‘ed IL
stang

Figure 4: Two PP attachments for example (2)

C-structure discriminants are of two subtypes. An unlabé&bp-level bracket-
ing of a constituent substring iscanstituent discriminantA top-level bracketing
of a constituent substring labeled by the rule which indulcasbracketing is aule
discriminant The c-structure discriminants for this example are shawmable 3.

Table 3: C-structure discriminants for the PP attachmentigure 4

fisk || med stang |
VPmain— NP PP
NP — N PP

The top row in this table shows the representation of thetitaest discrimi-
nant corresponding to the bracketed string in (3a). Instéantiicating the bracket-
ing by enclosing the constituents in square brackets, thetitoents are separated
by two vertical bars. The second and third rows of the talilstilate the repre-
sentation of rule discriminants, with the second row cqoasling to (3b) and the
third row corresponding to (3c). The representation of dideriminants is simply
expressed as a grammar rule, but this rule must be intedpastthe labeled brack-
eting of the string in question. Since rule discriminants alkvays displayed in a



table cell underneath the corresponding constituentidigtant, it is always clear
which substring the rule applies to.

Both types of c-structure discriminants can be useful: dmas it is possible
for an annotator to decide on the labeling as well as the btagk while in other
cases one may wish to commit to a bracketing but not to a odehgling. In the
case in table 3, however, the constituent discriminanttisadly trivial. Since both
analyses share this constituent structure, the brackffisg] [med stang]] does
not discriminate between analyses.

3.3 F-structure Discriminants

A c-structure may project more than one f-structure. In g¥ar4), the constituent
hver timemay function as eithepBJ or ADJUNCT.

(4) Vi spiser hver time.
we eat  every hour

“We eat every hour.”

F-structure discriminantsre based on partial paths through f-structures. For f-
structures it is not so apparent as for c-structures how teeroeal properties eas-
ily identifiable in discriminants, since the string is ngbresented in the f-structure.
Therefore, the design of f-structure discriminants crliciexploits PRED values,
which typically provide the most direct connection to wordghe string. An f-
structure discriminant is a minimal path through the f-ctinie from aPREDvalue
to anotherrRED value or to an atomic value, a minimal path being one that does
not cross any intermediatRED values and does not contain cycles.

PREDCSpise<[1:Vi], [2:time]>NULL') PREDCSpise<[1:Vi]>NULL’)
PRED'VI ./ PRED'YI’
SUBJ | CASEjOm SUBJ |CASEnom
1| PRON-TYPEpers 1| PRON-TYPEpers
| PregCime)) S [ |preg(time)
e i |4 d1-"
SPECI:QUANT [PRED‘hver’H ADJUNCT SPEC{QUANT [PRED‘hVGI"H
2 CASEobI CASEnom
TOPIC[l] TOPIC[l]

Figure 5: Simplified f-structures for example (4)

Table 4 represents some relevant f-structure discrimsnfontthe example in
figure 5. The empty brackets in tiRRED values show the arity of the predicate.
The first discriminant may thus be reathe two-place predicate ‘spise’ has an



object whoseREDVvalue is ‘time; while the second discriminant may be retie
one-place predicate ‘spise’ has a set of adjuncts, one oflwhas theeRED value
‘time’. ThePREDattributes themselves are omitted in the discriminantgrevity.

Table 4: Some f-structure discriminants for example (4)

‘spise<[],[]>NULL’ OBJ‘time’
‘spise<[]>NULL’ ADJUNCT > ‘time’

The path in an f-structure discriminant is, however, noesisfromPREDvalue
to PRED value. The wordarnin example (5) is ambiguous between singular and
plural, and the morphology tells us that not by assigningetéht morphological
subtrees but by assigning a single &igrepresenting both singular and plural. For
this single tag, the rules in the grammar assign two diffevafues, as shown in
the packed f-structure in figure 6, where parentheses udrthe alternate values
for the number attribute. Since there are neither lexicahmarphological discrim-
inants in cases like this, we must let f-structure discramiis describe paths from
PREDVvalues to atomic values, as shown in table 5.

(5) Vi liker barn.
We like child-sG/PL

“We like child/children.”

[PRED‘like<[3:vi], [5:barn]>NuULL "]
PRED'VI’
SUBJ |CASENnom
3| PRON-TYPE per

PRED‘barn’

OBJ a pl
NUM 1P
5 az sg

| ToPIC [3}

Figure 6: Simplified packed f-structure for example (5)

Table 5: F-structure discriminants with atomic valueskarn

‘barn’ NUM sg
‘barn’ NUM pl




Moreover, as mentioned earlier, not all words go throughphological pre-
processing. Some words receive multiple features dirgbtigugh a disjunction
in the lexicon. An example iden which can either be a demonstrative meaning
“that” or an article meaning “the”. A simplified partial lecdl entry for this word
is shown in example (6).

(6) den D {(jSPEC DET DE¥TYPE) = demon
| (TSPEC DET DETTYPE) = article}

Since both have the category D (determiner) there are ncdediscriminants,
and since this word does not go through morphological prgssing, there are no
morphological discriminants either. This ambiguity caertfore only be resolved
in the f-structure. Two of the f-structure discriminants denare shown in table 6.

Table 6: F-structure discriminants with atomic valuesden

‘den’ DET-TYPE demon
‘den’ DET-TYPE article

The previous two cases have shown the necessity of allowstgifture dis-
criminants based on a minimal path frorRRED value to an atomic value. Since in
general we do not know what atomic values will provide theyankéans of resolv-
ing an ambiguity for any grammar and any language, we havlow avery path
from a PRED value to an atomic value to be a discriminant candidate. iviss
rise to a very large number of discriminants with a high degferedundancy. Nev-
ertheless, the disadvantage of the large number of distaims is outweighed by
the assurance of having discriminants for all possiblérdibns® Furthermore,
the number of redundant discriminants quickly diminishesliacriminant choices
are made.

3.4 Discriminant Anchors

Each type of discriminant is designed so that it relatesulistic properties to words
in the string in order to make it easy to recognize the degiregerties. However,

3There are marginal cases where two differing c-structurdsstructures will have no discrim-
inants, but these cases are very unlikely to occur with ageahmar. In concrete terms, the two
(sub-)c-structures A~ B — A — Xand A— B — A — B — A — X are different but cannot be
distinguished by discriminants; it is easy to see that dieptases are extensions of this example.
A simple example of two differing f-structures that cannetdistinguished by (our) discriminants
is given by the following pair] A 1x | and|A x|. All other non-cyclic examples have in common

B [1] B X

with the given minimal one that the tree expansions of bastrdetures are identical, that is, the
f-structures only differ in whether two attributes shareithvalues or have (distinct) values with

identical expansions. The situation with f-structurestaiming cycles is somewhat more compli-
cated, but comparable.




the same word or substring may occur more than once in the saimg. In order to
allow the correct identification, and hence, disambigumta identical substrings,
discriminants areanchoredto their string positions in terms of character count
(which for technical reasons is the least problematic toudate).

Consider the repeated wofitkerin example (7). If we did not take string
position into account, these two occurrences of the samd feom would result
in identical discriminants. By anchoring the discrimirgim string positions as
illustrated in table 7, identical substrings can always isambiguated correctly.
The anchord 0 and31 refer to the position of the first character in the wésiker
in its two occurrences.

(7) De store fisker spiser de
you/they/the/thatbig fishN/fishingN/fishy eatem/eaty the/that
sma fisker.

small fishN/fishingN/fishv
“The big fish eat the small fish.”/ “The small fish, the big fish."#4Those
big fish eat the small fish.”/etc.

Table 7: Anchored morphology discriminants for the wistterin example (7)

10 | ‘fisker: N
10 | ‘fisker’: Vfin
31| fisker: N
31 | ‘fisker’: Vfin

In some cases, a single anchor is not sufficient to ensureig@tminants that
should be distinct actually are distinct. Consider agaiangxe (7), and assume
that the noun discriminants have been chosen for both cauees ofisker Since
Norwegian is a V2 language, we are still left with an ambigai to which NP is
thesusJand which is thedBJ. The f-structure discriminants shown in table 8 have
two anchors. The first anchor refers to the position of the spiserwhich projects
thePREDValue ‘spise<[],[]>NULL’. The second anchor refers to the position of the
nounfiskerwhich projects theeRED value ‘fisk’. Doubly anchored discriminants
are those which are paths framRED value toPRED value.

Table 8: Doubly anchored f-structure discriminants forregée (7)

17:10| ‘spise<[],[[>NuLL’ suBJ‘fisk’
17:31| ‘spise<[],[[>NuLL’ suBJ‘fisk’
17:10| ‘spise<[],[]>NuLL’ oBJ‘fisk’
17:31| ‘spise<[],[]>NuLL’ oBJ‘fisk’




4 Calculation of Discriminants

Discriminants are calculated on the basis of packed c- atdi€tures, which are
internally represented as directed (not necessarily mdygriaphs, where each node
is labeled with the context (the set of solutions) for whitksivalid. This means
that the c- and f-structures for a given solution may be remxV by discarding all
nodes whose context does not contain that solution. It isgkier, crucial to note
that neither the discriminants themselves nor the algorithat computes them
depends on the solutions being packed; the algorithm usgé®gaolutions solely
for efficiency reasons and could easily be modified to operatenpacked c- and
f-structures.

In XLE a context is represented as a set of (compatible) elsoithe choices
corresponding to a packed structure are organizeahin/OR graphs, and each
solution corresponds to a maximal selection of compatibleices. A maximal
selection can be characterized as a choice of a maximalmpadthanD branch of
the choice tree. Non-maximal selections correspond ta$stsiutions? A typical
choice graph looks like figure 7, where= AND and VvV = OR, and a possible
selection corresponding to a single solution is giver{dycs, e;, by), wherec; is
redundant. The graph encodes 12 solutions.

A
/\
V V
/\\‘x /’\
a ap by by
| °
V
C2 C1/
: 2
V V
R
d d e e

Figure 7: Choice tree with a highlighted path to a single tsmfu

The solutions encoded in a choice graph can easily be entedef@nd thus
ordered) using a depth-first multi-traversal of the grapid a given context can
thus be mapped to a bit vector that encodes solutions thatcetained in the
context by ones and solutions not contained in the contextdogs. For easier
processing, all node contexts in the packed structurescangeted to solution bit
vectors.

As a first step in the calculation of discriminants, the padcgeaphs are tra-
versed, and all relevant local properties are computedh ebthem being associ-

4Note that not every solution set can be represented by aiseled compatible choices.



ated with the context in which it is valid. These local prdjeer (together with their
contexts) are callediscriminant candidates

Since we want to keep apart discriminant candidates withtic& local prop-
erties that are related to different positions in the sostdag, we also record the
string position from which the local property originatesg(anchor of the discrim-
inant). This is straightforward for c-structure discrimirts calculated on the basis
of c-structure graphs (lexical, morphological and c-dticee discriminants) since
c-structure lexical nodes are directly associated witingtpositions. In the case
of f-structure discriminants, however, one first has to iifigithe c-structure node
the semantic form of the predicate was projected from. Theritinant anchor is
then given by the string position associated with the leftiiexical node below
that node.

If discriminant candidates originating from different fsaof the graph have
identical patterns (i.e. express the same local propgried have the same an-
chors, we combine them into one new discriminant candiddtese context is
the union of the original candidates’ contexts. Many of thkeglated discriminant
candidates may be trivial, as their local properties mighvalid for all solutions.
Removing these trivial discriminant candidates yields sbeof proper discrimi-
nants.

Let us consider a simple example. In figure 8, we see the pacletaicture
and the choice tree for the four-way ambiguous string in extar(8).

(8) Det regnet.
thatD/it.PRONIt.PRONexpl rain/rained/calculated

“That rain.” / “It calculated.” / “That (one) calculated.”lt rained.”

ROOT v
/’\
[a] [az-ag] a & as
\
v
DP PERIOD IP
N
b: by
D NP . [b1] [as]  [b2]
det N PRONP I PRONexpl DP

regnet PRON Vfin det D

det regnet det

Figure 8: Packed c-structure and choice tree for example (8)

Following the algorithm outlined above, we obtain the a:sture rule and con-
stituent discriminant candidates in table 9. All the rulgatiminant candidates are



different, thus each of them is a proper discriminant. Trepeisted constituent
discriminants, however, are trivial, since the contextédehtical candidates add
up to the context containing all solutions. A grouping of tlesulting discrimi-
nants by identical constituents is presented in table 1@ M@t despite the name
rule discriminant this kind of discriminant is computed exclusively on thaeibaf
the structures, while access to the grammar rules thatresskitpose structures is
not required.

Table 9: C-structure rule and constituent discriminantiidetes for example (8)

anchor | labeled bracketing | substring bracketing | context | solution vector
1 ROOT — DP PERIOD det regnet . ay 1000
1 ROOT— IP PERIOD det regnet . ap—a3 0111
1 DP — D NP det| regnet a 1000
1 IP — PRONP I det| regnet b1 0100
1 IP—-DP/I det| regnet by 0010
1 IP — PRONexpl I det| regnet as 0001

Table 10: Grouping of c-structure discriminants for exaen(8))

anchor | discriminant | # of solutions | solution vector
1 det regnet . (4) 1111
1 ROOT— DP PERIOD 1 1000
1 ROOT — IP PERIOD 3 0111
1 det| regnet (4) 1111
1 DP — D NP 1 1000
1 IP— PRONP I’ 1 0100
1 IP—DPI 1 0010
1 IP — PRONexpl I 1 0001

The lexical and morphological discriminants are also caeghdrom the c-
structure. In table 11 the lexical discriminant candidéegxample (8) are shown.
Two of the discriminant candidates (those in boldface) hdeatical patterns and
anchors, so they must be combined to give a proper discrithina

The computation of morphological discriminants, too, isdzaon the packed
c-structures; this time, however, the sublexical subtoddise c-structures are con-
sidered. Each morphological feature (including the basa)of an analyzed word
gives rise to a branch of a sublexical subtree. A candidata foorphological dis-
criminant is then the concatenation of the base form ane@alufes that can be read
off of the sublexical nodes for a given word (or, equivalgntbr a given anchor
position) and solution.



Table 11: Lexical discriminant candidates for example (8)

anchor | lexical rule | context | solution vector
1 ‘det’ : D Q1 1000
1 ‘det’ : PRON by 0100
1 ‘det’ : D by 0010
1 ‘det’ : PRONexpl ag 0001
5 ‘regnet’ : N a1 1000
5 ‘regnet’ : Vfin a—ag 0111

The wordfiskerin example (9) is ambiguous between a verb and a noun. Thus,
the wordfisker has two morphological analyses, which surface in the sidaex
subtrees in figure 9. We can read off the two discriminant icktes in table 12.

(9) Jeg fisker.
I fishermami/fish.v
“I am fishing.” / “I, (a) fisherman.”

(1]
[au] [a2]
RO‘OT ROOT
II‘3 AppP
PRONP I PRON NP
PRON Vfin jeg IL

jeg BASE SUFF SUFF jeg BASE SUFF SUFF SUFF SUFF

jeg fiske +Verb+Pres fisker +Noun+Masc+Indef +Sg

Figure 9: Packed c-structure including sublexical nodegfample (9)

It is important to bear in mind that only those words that assigned mor-
phological features via XLE's morphology module will haventrivial sublexical
subtrees and thus potentially give rise to morphologicsdrifininants. Readings of
ambiguous words which are directly listed in the LFG lexiaam still be disam-
biguated using lexical discriminants if their lexical q@deies are different.



Table 12: Morphological discriminant candidates for ex&n{p)

anchor | morphology | context | solution vector
5 fiske+Verb+Pres a1 10
5 fisker+Noun+Masc+Indef+S a 01

To exemplify the computation of f-structure discrimingm® consider the sen-
tence in example (4) and its f-structures in figure 5. Thesegleparts of the packed
f-structure are shown in figure 10. In the packed f-structatigibute values are an-
notated with the choices for which they are valid. This secgeis ambiguous,
as apparent from choicesy and ap, the ambiguity being manifest solely in the
f-structure. An attribute in a packed structure may haveeartban one possible
value, but the choices for those values have to be mutualijusive, such that
only one value or no value remains for each single solutiersuch cases, for ex-
ample the alternativeRED values indexed by; anda, in figure 10, the set of
values is enclosed in parentheses.

ap ‘spise<[l:vi]>NuLL’

PRED‘VI’
SUBJ
1| PRON-TYPE per

PRED ‘time’

PRED(al spise<[1:vi],[2:time]>NuLL )

oBJ L
SPEC|QUANT [PRED hver}
2

ADJUNCT{az [2}}

_TOPIC [1}

Figure 10: Simplified partial f-structure for example (4)

Applying the algorithm for f-structure discriminants, whtain the candidates
in table 13, which are all proper discriminants.

5 Display and Use of Discriminants

As mentioned above, a large number of discriminants may beuated for a sen-
tence. This guarantees that there will be enough discrimsnfor virtually every
distinction between structures, so that full disambiguatan always be achieved.



Table 13: F-structure candidates for example (4)

anchor | f-structurepath | context | solution vector
0 _TOP ‘spise<]],[]>NULL a1 10
0 __TOP ‘spise<[]>NULL az 01
4 | ‘spise<[],[]>NULL SUBJ ‘vi’ a1 10
4 | ‘spise<[],[[>NULL TOPIC ‘vi’ a1 10
4 ‘spise<][],[][>NULL OBJ ‘time’ a1 10
4 | ‘spise<[]>NULL SUBJ ‘vi’ a 01
4 | ‘spise<[]>NULL TOPIC ‘vi’ a 01
4 ‘spise<[][>NULL ADJUNCT ‘time’ az 01

By considering every node in the c-structure and f-strgcturd filtering out those
that are the same for every analysis, one essentially ab#dlidiscriminants. If, in
spite of computing all discriminants, several analysededtéut no discriminants,
then, disregarding marginal cases like those discussaibtndte 3, there must be
a spurious ambiguity in the grammar and the analyses mustie¢ical.

However, the annotator usually does not need to use alligigznts in the
disambiguation process. In fact, in many cases just a fegvidigrant choices are
needed to select the correct analysis amongst many. Thefeeis considerable
redundancy, because many discriminants are not indepeatietiers. In order to
make the annotator's choices easier, it is therefore isti@geto at least rank and
perhaps also filter the discriminants that are presentduktarinotator. Annotators
will choose those that are the easiest and most useful to. lBemsystem keeps
track of which discriminants are chosen. With this inforimiat the display can
be optimized so that, for instance, discriminants which aften chosen can be
displayed first, and those that are not needed can be hidolerttie display. Much
work is still to be done in this area since it must be based oisiderable testing
in actual practice.

We have developed a toolkit that computes all discriminamd which is a
testbed for optimizing their displa)LE-Web is a web-based interface to XLE
with packed c- and f-structures and discriminants. TR& Parsebanker is like
XLE-Web, but also stores analyses and discriminant choices, ambagsearch in
the stored analyses. For further details on this work, wer tefearlier publications
(Rosén, Meurer, and De Smedt, 2005; Rosén et al., 2005; RbgeBmedt, and
Meurer, 2006).

We currently display lexical and morphological discrimigfirst for several
reasons. It has been pointed out that lexical ambiguitieo#ien easier to decide
on than others (Van der Beek et al., 2002; Oepen et al., 280vhptator decisions
on lexical ambiguities also tend to be very reliable dedisjcsince they require
little knowledge of the grammar. Decisions on lexical aniitigs are likely to be



safer than decisions on syntactic ambiguities becausealeand morphological
discriminants contain such a small amount of informatiaurtiiermore, decisions
on lexical ambiguities are highly likely to be reapplicable reparsing with a new
version of the grammar, since part of speech changes andefianmorphological
analysis will be rare.

With respect to syntactic ambiguities, different branglirare very intuitive
(at least for linguists) and require little knowledge of irammar. In many cases,
branchings are quite independent of the grammatical theseg. For these rea-
sons, we present both constituent and rule discriminarttseetannotator.

Although not every discriminant is equally easy to decidetba human dis-
ambiguator usually has enough choices of where to begimthisaation that this
does not really matter. Even though discriminant choiceslm made indepen-
dently, the discriminants themselves are not always inufggret. Choices also nor-
mally cause the resolution of other, dependent local anitiidgumaking the disam-
biguation process even more efficient. Furthermore, aidigtant’s applicability
does not depend on the grammatr, but only on the structurébasdiscriminants
can often be reused in an incremental parsebanking approach

Discriminants can be exploited in various ways. The firstfaneimost applica-
tion is in efficient manual disambigation to supplement th@matic parsing of a
corpus, an approach also known as parsebanking. Parsebafférs quality ben-
efits over the manual construction of a treebank, includirgatvoidance of formal
errors, consistency within the treebank and consistenty avgrammar.

Another use of discriminants is in stochastic parse disgodtion. This ap-
proach uses properties of c- and f-structures as featuctidms to train a stochastic
parse ranking model (Riezler et al., 2002). XLE has propemyplates that can be
used for this purpose. We have done experiments using airirdisants instead of
the property templates. Preliminary testing of these twaragches has provided
results that are better for discriminants than for prop&typlates (Oepen et al.,
2007).

6 Conclusion

In creating discriminants for LFG grammars, we have beedeagliby two impor-
tant design principles. One principle is that enough disitrants must be com-
puted to distinguish between all analyses. This means thabdes in both c-
structures and f-structures must be examined for possibdeimiinant candidates.
The other main principle is that all distinctions must beresented in such a way
that an annotator can easily relate them to words in thegstfiihis ensures that
disambiguation can be achieved quickly and efficiently.

Another important consideration has been our objectiveaking our method-
ology language and grammar independent. Our independenrtephrticular lan-
guages and grammars follows from our approach which onlidéwn formal
properties of representations. It would be possible torekisur design of LFG



discriminants to other projections. Although the Norwegigammar has an MRS
projection, and discriminants could be calculated on MR#erties, we have cho-
sen not to do so. Since all LFG grammars have both c-strictamd f-structures,
complete disambiguation on these levels will be possibteafty grammar and
language.

One consequence of computing discriminants for all diftns between rep-
resentations is the large number of resulting discrimma@iften, however, indi-
vidual structural differences are not independent of otliéerences. Rather than
trying to eliminate some redundant discriminants by explgilanguage specific
interdependencies in their computation, we prefer to lanellundancy in their
presentation. We have begun work on discriminant presentat the context of
the LFG Parsebanker, but this will be the focus of future research on how annota-
tors use the tool. With the help of th&G Parsebanker, the discriminants make it
feasible to create large parsebanks for languages thatahlak@ad coverage LFG
grammar, something that until now has been impossible ictiggbecause of the
difficulty of disambiguating.
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