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Abstract

This work takes the paradigm of projecting
annotations within labelled data into unla-
belled data, via a mapping, and applies it
to Semantic Role Labelling. The projec-
tions are amongst dependency trees and the
mappings are the Tai-mappings that under-
lie the well known tree edit-distance algo-
rithm. The system was evaluated in seven
different languages. A number of variants
are explored relating to the amount of in-
formation attended to in aligning nodes,
whether the scoring is distance-based or
similarity-based , and the relative ease with
which nodes can be ignored. We find that
all of these have statistically significantim-
pacts on the outcomes, mostly in language -
independent ways, but sometimes language
dependently.

Martin Emms
Trinity College Dublin
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and we will describe in this paper an SRL sys-
tem which works by projecting annotations over
an alignment. This paper extends results reported
by Franco-Penya (2010). In the remainder of this
section we give a brief overview of SRL. Sec-
tion 2 then describes our system, followed in sec-
tions 3 and 4 by discussion of its evaluation.

For a number of languages, to an existing syn-
tactic treebank, a layer gemantic roldnforma-
tion has been added: the evolution of the Penn
Treebank into PropBank is an example (Palmer et
al., 2005). Role-label inventories and annotation
principles vary widely, but our system has been
applied to data annotated along the same lines as
exemplified by PropBank. The example below il-
lustrates a PropBank role-labellifg.

[Revenuky; edged[up]as [3.4 Y442 [to $904
million] 44 [from $874 million] 43 [in last year's

1 Introduction third quartefrasp

. A lexical item (such asedgg, is given a
There are a number of pattern recognition scenar-
. - frameset of enumerated core argument roles (AO
ios that have the characteristics that one has some . .
.Ab). Inthe example, A3 is the start point of the

kind of structuredtest data (sequence, tree, graph, - .
. . . L e movement, and a minimal PropBank commitment
grid) within which some annotation is missing, . . :
. o . is that A3 and the other enumerated role identi-

and one wants to infer the missing annotation by,

exploiting fully annotated training data. A possi- fiers are used consistently across different tokens

ble approach is to seek to defiaignmentsbe- of edge Across different lexical items, commit-

tween training and test cases, and to use these p&ents concerning continuity in the use of the enu-

. . L merated arguments are harder to state — see the
projectannotation from the training to test cases.

; . . qonclusions in section 5. There are also named
This has been successfully used in computationa

. ) . ; roles (such as TMP above), whose use across dif-
biology, for example, to project annotation via se-

. rent items is inten nsistent.
guence alignments (Marchler-Bauer et al., 2002{«3 ent items is intended to be consistent
and graph allgnm_ents (Kolar et al., 2008). Se- To save space, this shows simply a labelling of sub-
mantic Role Labeling (SRL) can be seen as a furgequences, omitting syntactic information. Figure 2 shows

ther instance of this pattern recognition scenariannotation added to a syntactic structure.
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Arising from the CoNLL-2009 SRL evalua- S +— T, from the nodes of into the nodes off".
tion shared task (Hajic et al., 2009), for sevenlf S is role-labelled, such an alignment projects a
languages Gatalan, Chinese, Czech, English,  role for test tree argument! if it is aligned to
German, Japanese Spanish), there is data con- a training tree argumenus and the predicate
sisting of a role-annoation layer added to syntacnodesp® and p’ are ahgned the role 0&5 is
tic information. The syntactic information is ex- projected tou?. Such a role-projecting tree will
pressed as dependency trees. In some cases thig)is termed usable forT”. Fig. 2 shows an exam-
derived from a primary constituent-structure rep-ple alignment between subtrees, with the aligned
resentation (eg. English), and in other cases it isyp-trees shown in the context of the treand
the "native’ representation (eg. Czech). For eachr from which they come. Argument nod&s,
language, tree nodes have four kinds of syntacy; and7; would receive projected labell, A2,
tic information: FORM: a word form; LEMMA:  and A3 from S, Sy andSy3. The first two are

lemma of the word formpos part-of-speech tag correct, whilst77’s annotation should be A4.
(tag sets are language specifibgEPREL the de-
said 5

pendency relation to its head word (the relation- P
sets are language specific). Additionally in each Canada, [ypp

tree,7, a number of nodes are identified as pred- Statsties. ros.e =
icate nodes. Each predicate nog®, is linked s A
to a set of argument nodesrgs(p” ). For each NN NN IN
al e args(p”), thelink(p, a7 ) is labelled with output 7 f.’ﬁ 14 [fromas]
a role. The role-labeling follows the PropBank MW - Soa, 0 auv
approach. serche4 “\18 - »

5 August g . VED
2 An Alignment-based SRL system L Lrose s T
Sub-tree extraction A preliminary to the role- S
labelling process itself is to extract a sub-tree that 0 . ;0 ]
is relevant to a given predicate and its arguments. |
Wherep is a particular predicate node of a tree Sumitomo, Reality ,  &s 2170,
T, let sub_tree(T,p) stand for the relevant sub-
tree of 7. There is considerable latitude in how Figure 2: An example alignment.

to define this, and we define it in a simple way, A

via the least upper boundiub, of p andargs(p): ~ Algorithm outline Let [A]; be an equivalence
sub_tree(T, p) includes all nodes on paths down class, contains all training samples at distadce
from lub to p andargs(p). This is the same sub- to 7. The training set can be thought of as a
tree notion as used by Moschitti et al. (2008). Fig-sequence of equivalence clas§ag) ,[A]7 ... .,
ure 1 illustrates. Henceforth all trees will be as-for increasing distanceé. The algorithm works
sumed to have been extracted in this way. with a PANEL of nearest neighbours, which is
always a prefix of this sequence of equivalence
classes. Wher&" is defined by predicatp and
arguments; . . . a,, the algorithm to predict a la-
bel for eachy; is

1. make sorting of training trees and S&tNEL
of nearest neighbours to be first equivalence
class[A]},

Figure 1: Sub-tree extractionl, a2 = args(p), u =

lub(al, a2, p). 2. (i) make a set of predictions from tlhisable

members oPANEL (ii) if there is a most fre-

Alignment and Projection Let_an alignmentOf 20r alternatively a sequence of similarity equivalence
treesS andT be al-to-1, partial mappinga :  classes, at decreasing similaritiesito
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quent prediction, return i(iii) if there is a  with intuition, C®(z,y) < C®(z,z). Ad-
tie, or no usable members, add next equiv-ditionally, in this work, we also assume that
alence class t®ANEL if possible and goto  C®(z,)\) = C®(\,z) = 0.
(i), else return 'unclassified’ Besides ranking alternative alignments be-
tween fixedS andT’, the minimum distance align-
Tai mappings In this work, alignments are re- ment score defines a 'distancéy,(.S, T'), for the
stricted to be so-calledai mappings (Tai, 1979): pair (S,T'), and maximum similarity alignment
amongst all possible 1-to-1, partial mappingsscores define a 'similarity® (S, T'), and these are
from Sinto T, a : S — T, these are mappings used to rank alternative neighbours for a tree to
which respecteft-to-right order and ancestry?>  be labelled. The algorithm to calculate(S, T")
Thento select preferredalignment, a score is as- and ©(.S, T') follows very closely that of Zhang
signed to it. The definitions relevant to this which and Shasha (1989): although originally proposed
are given below follow closely those of Emms andin the context of 'distance’ and minimisation, it is
Franco-Penya (2012). straightforwardly adaptable to the context of 'sim-
Because a mapping is partial onS andinto ilarity’ and maximisation.
T, there is a seD C S ('deletions’), of those
i € S which are not mappetb anything and a
setZ C T (insertions”), of thosej € T which
are not mappettom anything, and the alignment
scorings make reference to the set$ andZ.
We consider both a 'distance’ scoring,(« :
S — T), whoseminimumvalue is used to select
the alignment, and a ’similarity’ scorin®(« :
S — T), whosemaximumvalue is used. The
'distance’ scoringA(« : S — T), is given by

Cost settings On this data-set the label is in
general a 4-tuple(p,d, !, f) of part-of-speech,
dependency-relation, lemma, and word form.
Four settings for the swap costs;?(z,y),
are considered: B(binary’), T(ternary’),
H(hamming’) and FT('frame ternary’), based on
the matches/mis-matches on these features. For
any given feature:, let o’ represent match/mis-
match ona, with 1 for mis-match and 0 for
match. The different swap settings are then
defined as below

Ay Y A (s A -y
Z ¢ (Z ) J )+ZC (Z 7)‘)+ZC ()‘aj ) CA(.%',y) values
(3,9)€a 1€D JET B p5 < 01
Here (.)7 gives the label of a node, and a func- T S’ + d°] 0, %, 1
tion C* is used to give label-dependent costs to  H  1[pd +d® + 19+ f°] 0,11 31
the members ofy, D andZ. This is the major FT P+ &+ fr° 0,3,1,3,2

paramet_er (;f the dr']_Stﬁnce scorlngdanddthe V:”For FT, fr refers to a synthesised attribute: for
ous setting for it which were considere are (_a'predicate nodesfr is the frame identifier, and
tailed below; at a general level, to accord mini-

v with intuition. it should al be th otherwisefr = _. The effect is thatfr’ = 1
ma'ly VAVIt Intuition, it s OUA aways eAt € CaS€f one node is a predicate and the other is not, or
that C=(z,y) > 0, andC>(z,y) > C=(x,x)

_ _ N _ if both are predicates but from different frames.
for non-ldentlcglx ‘?‘”dy- A similarity” scoring, Besides these swap settings, the deletion cost
Oa: 5= T), is given by C2(x,\) = C?(\z) was varied betweer
and0.5. From each swap setting* (z,y), two

DO, )=D 0O M=) CO(x,47)  similarity’ settings were derived by (z, y) =
(i,j)€a ieD jez § — C?(x,y), ford =1 or 2.
Some aspects of these choices are based on re-
where C® is a function defining costs for the sults concerning distance and similarity which we
members ofo, D andZ. To accord minimally previously established (Emms and Franco-Penya,

— 2012), where we showed that the conversion
More precisely, wherewnc(z,y) and left(z,y) de-

note the 'ancestor of and 'to the left of' relations, CO(z,y) = 2k — CA(z,y)

V(i,j) € aV(i',j') € «, the mapping must satisfy (i) CO(x,\) = C?(x,\) — K

left(i,d) iff left(4,7") and (i) anc(i, ") iff anc(j,5") Co\y) =C2\y) — K
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convertsC* to C® such that the same ordering 2>

is induced over the alternative alignments for any o
given pair(S,T). Call such settingé\-duals. For ~ 70%
a given choice from B/T/H/FT, the four above-
mentioned settings fof'® andC® thus stand in ~ 20%

the following A-duality relationships: ;8;
distance A-dual similarity 10% I
@C2(@,\) =1 (0)C%x,y) =2—C>(z,y) 0%

(b) C2(z,2) = 0.5 (d)C®(z,y) =1 - C*(z,y) (}\.\&"?’ g

For such dual settings, the labelling potential of

a given training sample is necessaritientical  Figure 3: Accuracy of Tree edit distance across the

under the two settings. However, this A-duality seven languages.

property is distinct, potentially, fronN-duality,

which is the property that the two settings in-

duce the same ranking of candidate neighbourgirSt bar) corresponds to the accuracy that would

{S1...Sy} to a givenT. Because the role- be attained by always choosing the label that is

labelling system is driven both by neighbour andmost frequent for that language.

alignment ordering, it is an empirical question Looking first at the H setting, the performance

whether or not A-dual settings will deliver the across the languages ranges frosfic(Czech) to

same outcomes. 84%(Chinese), which in all cases substantially
We will refer to settings (a) and (b) as out-performs the majority-class base line (which

'dist(del=1)" and 'dist(del=0.5)", and settings (c) iS in the range20(Spanish)40%(German)). The

and (d) as 'sim(2-swap)’ and 'sim(1-swap)’. other cost-settings also clearly out-perform this
_ base line. It also seems that the variation in ac-
3 Experiment Procedure curacies across the languages is not relatable to

The seven languages of the CONLL-2009 g the variation in this majority-class base line.

task were used (Haji¢ et al., 2009), with the same 1 h€ Performance under the B and T settings is
division into training sets and evaluation sets. ~ Perhaps surprising, when one recalls that these

Due to our computational limitations the En- WO Settings pay no attention at all to lexical
glish training data set was limited to the first differences between nodes, and refer only to

20,000 sentences and the Czech training data site dependency relations and the part of speech.
was limited to the first 10.000 sentences. Nonetheless, even in this setting of tolerance to

A simple labeling accuracy score is reported."0d€ €xchange, it seems that in concert with
When a two-way contrast is considered, the sigte Structure-respecting requirements of Tai map-

nificance of a difference in outcomes under the?iNgs: surprisingly high accuracies can be ob-
two settings was determined by the McNema/@in€d: _ _

test (McNemar, 1947), at levels of significance Chinese has the highest overall accuracy, with
p < 0.05andp < 0.001, as do Furstenau and €ven the very simplest settings reaching rela-

Lapata (2011) in their role-labelling work. tively high accuracy. It is interesting to note that
amongst the highest performing other systems
4 Results which have used the same data, performance on

. . the Chinese data-set has tended tdbwthat

41 Contrasting Swap Settings of other languages, with Che et al. (2009) and Dai
Figure 3 shows a graph with the accuracy for theet al. (2009) reporting over 81 F1 in all languages
seven languages on the evaluation data set, usingcept Chinese where the F1 reported was 76.38
the dist(del=1) setting.The languages are sorted and 76.23. It suggests that tree distance and la-
by the accuracy of the H setting. The baselinepelling by alignment methods may be especially
mle of values, including the 3 out-of-domain suitable for the Chinese data set.

cases, appears as the first column in Table 4. Japanese reports the worst results, especially
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for the B/T/FT settings. This is probably due relative performance of FT for Japanese is again

to the fact that, on inspection, the Japanese dafarobably a function of the uninformative nature

gives 96.1% of syntactic dependencies the samef its dependency annotation.

dependency relation, practically canceling the For all languages FT out-performs T, at the

contribution of thepEPREL feature. strictest significance level, with the margin aver-
The outcomes for the Spanish and Catalan dataging out to 7.1%. For German the margin is es-

sets are very similar to each other. This is notpecially large at 17.8%.

unexpected as for the most part one is a translation

of the other and they were annotated in the sam&.2 Contrasting Representations

way with the same set of labels.

. .. Table 2 compares the results obtained with trees
Table 1 summarises the outcomes of pair-wis

: . \ eto results obtained with Bnearisedversion, us-
comparisons of the swap settings. Under "tst .~ . |
ing just a node sequence corresponding to the se-

2nd’, !I,*m,™ n appears if there weredata-sets uences of words that spans the predicate and ar-
on which the 1st setting out-performed the ond? P P

setting, form of these the outcomes were signif- gument nodes. Encoding these as linear trees, the
icantlyidifferent p — 0.05), and forn of these tree-matching in this case reduces to the standard

the difference holds at a stricter significance IeveILeVenShteIn matching.

(p = 0.001).
Settings | Tree>Lev. Lev> Tree | avge Lev-Tree
B *8, **6 *0, 0 -2.83%
| Settings | 1st>2nd 2nd>1st | avge 2nd-1st] T *10, **10 *0, **0 -4.574%
B-T !4Y *2' **1 !6, *3, **3 0341% FT *10, **10 *0, **0 -7758%
B-FT | 10,%0,*0 110, *10, **10 7.45% H | 110,10  *0,*0 -8.113%
® B-H | !0,*0,*0 110, *10, **9 7.779%
S TFT | 10,*0,*0 10, *10, **10 7.109% Table 2: Comparing Tree and Levenshtein outcomes.
T-H | 10,*0,*0  110,*9, **9 7.438%
FT-H | 17,%6,*4  13,*3,+3 0.329%

As is evident, for all languages and all swap-
Table 1: Comparing swap-settings, for dist(del=1), onsettings, the alignment on the linear representa-
the 7 evaluation data-sets, and 3 out-of-domain datajon gives substantially poorer results than the
sets. alignment on the trees. For T/FT/H in each single

The T and B settinas t {10 di ther si experiment the tree version produce better score
€ I'and b setings turn outto give rather SiM-y. -, the linear version, and in B it was never de-

llar outcomes. Table 1 shows that T's margin OV€liacted a statistical advantage of the linear version

o .
B averages out to 0.341%. There are 3 StrICtIyover the tree version. This indicates that the Tai-

significant cases where T out-performs B, and ]mapping constraints on the tree-representation

case§ in the other dlrec'Flon. definitely leverage information that is beneficial
In its turn the H setting always out-performs ; inis labeling task.

the T setting, 9 times out of 10 at the strictest
significance level, with the average margin be—g0

ing 7.438%. Thus penalising lexical difference ©  haming
seems always to improve performance, and nearlso * :‘fergary ]
always substantially, though for the Chinese anc - — — line

out-of-domain English data sets, the margin for H’°[
over T falls to less than 1%.

The outcomes with FT are more language de:
pendent. FT out-performs H more often (7!,6%) sof
than H out-performs FT (3!,3*) and English is the
one data-set on which the two are notsignificantly4° Ch Ge oGe En oEn Ca Sp Cz oCz Ja
different. Japanese shows the highest margin in
favour of H (11.5%) whilst German shows the Figure 4: Tree vs Levenshtein distance (T & H).
highest margin in favour of FT (5.2%). The poor
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[ Setting | max(dist) max(sim)] difference | @ o FT
o B*™ | 8282%  83.46%! | 0.6459% 85y
©  T= | 83.98%! 83.86% | -0.1155% sol
S FT* | 85886  8553% | -0.3464%
H* | 85.06% 85.88%! | 0.8227% 751
S B* | 67.4Bk!  65.74% | -1.6/6% 2ol
g T* 68.2%%0! 65.74% -2.514%
& FT™ | 8771%!  85.01% 2.7% 651
H= | 81.38! 80.82% | -0.5587%
8§ B* | 695P6! 6750% | -1.926% 60r
E T 69.1%!  67.09% | -2.01% 55 A |
& FT* | 75486  73.03% | -2.429% Ch Ge oGe En oEn Ca Sp Cz oCz Ja
S  H= 72.7%  73.5%! | 0.8375%
s B¥ 69.34%  70.21%! | 0.8674% Figure 5: Distance outcomes compared to Similarity
£ T= | 7079%!  70.48% | -0.3092% outcomes (T and FT).
§ FT=| 7873  78.49% | -0.2619%
H* 78.72% 79.4%0! 0.7171%
5 B= | 63.08% 636%' | 05944% _ o _
D T= | 66266  65.14% | -1.119% at the strictest significance level, 6 times at the
W FT= | 69.8%!  69.51% | -0.3147% less strict level, there is no language where simi-
© H= | 66.68% 67.5%! | 0.8392% larity outperf dist dth
c B*™ 65.7%! 64.11% | -1.587% 5}“ y outpertorms dis a_nce, an | e average mar-
e 65.7%! 63.88% | -1.818% gin is 1.28%. For B, this trend is less clear, with
§ FT™ | 7935%!  77.75% | -1.596% just 2 cases where distance out-performed simi-
—_L DO 755 | 02217 larity at the strictest significance level. The mar
= B* | 655%!  64.23% | -1.268% ity : Ignii Vel It )
g T 65.7%! 63.98% | -1.717% gins are small and average out at 0.45% in favour
G FT™ | 77.25%!  76.2% | -1.049% of the distance setting.
= | 75.16%  75.6%! | 0.4736% _ _ _ _
— =T 66285T _ 6621% | 007138% For FT, this occurs 5 times at the strictest sig-
§ T | 666%%! 66% -0.6935% nificance level, 8 times at the less strict level,
O  FT* | 70.0%!  69.53% | -0.5226% : i .
He | 7405%  7477%! | 0.7138% there is no language where S|m|Iar|.ty_ outpeg
T B | 6442% G64O%! | 0497% forms distance, and the average margin is 1.29%.
g = | 65.09! 64.73% | -0.3529% German, Catalan, Spanish and Japanese show
*% 0p! 0, - 0, . . . .
5 Rl | D0 51006 L0oo% the largest margin, whilst Chinese, English and
(@  B= | 57.9%! 57.31% | -0.6207% Czech the smallest.
g I | Sr9r%!  55.86% | -2.106% For the H setting, overall the margin between
S FT* | 6L52%! 5894% | -2.577% . T S
S jw | 7534%1 71.32% | -4.025% distance and similarity is small, 0.04%. Similarity
= T 3,52 20.4545% out-performs distance 2 times at the strictest sig-
s T 6,**4  *0,*0 -1.276% nificance level and 4 times at the less strict level.
g FT | =5 0,0 -1.286% ) :
=y s %1 *4 %2 | 0.03983% Japanese is unusual, being the only case where the
all | *19,*12  *7 %4 | -0.7441% comparison is statistically significantly in favour

. . 0
Table 3: max(dist) vs max(sim): max(dist) is bestOf distance by a mérgln of 4'03/0'_ )
of dist(del=1) and dist(del=0.5), max(sim) is best of ~Recall from section 2 that the distance and sim-

sim(swap=2) and sim(swap=1). ilarity settings can be paired off as alignment-
duals, namely 'dist(del=1)’" with 'sim(2-swap)’
and 'dist(del=0.5)" with 'sim(1-swap)’. For such
dual settings the labelling potential of a given
Table 3 compares the best results of distance anwlining sample is necessarilgentical under the
similarity. In the case of distance, the best valugwo settings. We noted that this does not theo-
is between dist(del=1) and dist(del=0.5), and inretically guarantee identical system outcomes: A-
the case of similarity, the best value is betweerduality does not imply N-duality, that is identi-
sim(2-swap) and sim(1-swap). Figure 5 plots thecal neighbourordering. The experiments actu-
this contrast for the T and FT swap settings. ally show that it is indeed not the case for these
For the T overall the tree distance performs betdata-sets that the A-dual settings are also N-dual
ter than tree similarity. For T, this occurs 4 timessettings. Space precludes giving details of this,

4.3 Contrasting Distance and Similarity
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but it is implied by Table 3 and Fig. 5: for ac- other where the deletion cost is 0.5.

curaciesa; anday attained by the distance alter-  The main observation is that there is a tendency
natives, if N-duality held, the dual similarity set- for the del=0.5 setting to out-perform del=1. The
tings would also attain accuracies andag, and  differences are small, usually less than one per
we would observe no differences between maxicent. Figure 6 plots the outcomes for T and FT,
mum distance outcomes and maximum similarityand Figure 7 shows H outcomes.

outcomes. For B, 3 times del=0.5 was strictly statistically
better than del=1, but the converse was also the
case 2 times, with margin averaging out at 0.44%
in favour of del=1. For T, del=0.5 often out-

4.4 Contrasting two Distance settings

| Costsetting] del=1 del=5 | difference | _ C A
o B~ | 6214% 8202%! | 0.6745% performed del=1, anql S|_gn|f|cantly S0 (*6,**4),
2 T 83%  83.98%! | 0.9743% whilst del=1 never significantly out-performed
& FT™ | 8478% 8588%! | 1.093% del=0.5. Averaged over all the data-sets, there is
H* | 83.93% 8506%! | 1.129% " i for del=0.5: 0.48%
c B’ | 674D 6583% | -1583% a small margin for det=0.>: U.46%.
£ T= | 682%! 67.41% | -0.838% For FT, again del=0.5 often out-performed
Q@  FT* 86.03%  87.7%! 1.676% = iqnifi *@ *k i _
O Lo | sosow  813m! | 055879 dgl 1, e}nd S|g.n|f|cantly S0 (*6,**4), with the mar
= T ocPil & 6% | Loo% gins being a little Iarge_r than the case for T. For
E 7= | 6o.m6!  6884% | -0.2513% two of the out-of-domain data-sets (0-Cz and o-
O FT= | 7462%  75.480! | 0.8375% : : ; - Ty
& He | 70msn 7w | o01675% Enl? the r$_lat|or|13h|p reve;rseg, Wlt: del |—1 statisti
——5- T 69375 6918% | 01675% cally signi |capt y out—pgr orming t_ e_de =0.5 set-
2 T | 7012%  70.79%! | 0.6656% ting. Averaging there is a margin in favour of
< FT ** 77.98% 78.75%! 0.7687% - 0 i i
W L | e Temon | 11479 del O..5 of 0.723/0, with largest marg:)n shown by
5 =T 6308 63.0.% | 0 05993% Spanish (2.21%) and Catalan (2.57%). See Fig-
S = | 65.77%  66.266! | 0.4895% ure 6.
L FT* | 69.83%! 6839% | -1.434% i -
S5+ | 666861 649% | -1.783% For H, the effect of .svyltchlng from del=0.5 to
= B~ | 6512% 65.0%! | 05/64% del=1 follows a very similar pattern to that found
s T* | 6523%  65.%! 0.47% for FT and where del=0.5 exceeds del=1, the ef-
S FT* | 76.77%  79.35%! | 2.572% : : :
© Lw | 7476%  758%! 1038% fect |§ a little more pronounc_:e(_j than _|t vygs for
= BY | 6407% 5%l | 05243% FT, ywth 6 cases strlctly_statlstlgally significant.
S T™ | 648%%  657%! | 0.8118% Again for 0-Cz, the relationship is reversed, and
Q  FT* 75.04% 77.25%! 2.216% : .
B e | 73950 751006t | 1900% for the_ other_t_wo out-of-domain dgtg—sets_elt_her
— B~ | 6628%! 65.47% | 0.8158% d_el—l_ is significantly better or statistically indis-
§ T* | 6584% 666%%! | 0.8464% tinguishable. Averaged across all the data-sets the
O FT=| 69.99%  70.0%! | 0.06119% o op i _
He | 73280 7405%! | 0.7699% margin is 0..73/0 in favour of del. 0.5 for H.
£ B> | 6AA26  6321% | -121% Concerning the out-of-domain data-sets, one
ﬁ = | 64.73%  65.08! | 0.3457% could speculate that the reason why the del=0.5
) FT* | 69.24%!  68.19% | -1.044% : . _ L
S = | 725m61  72.23% | -0.3319% setting does not improve over the del=1 setting is
Wi =~ 157937 574% | -05266% that this makes swaps relatively more costly, and
§ 1* | 5669%  57.9%! 1.279% that the out-of-domain data-sets require a greater
S FT* | 60.43% 61.5%! | 1.091%
B ¥4,y %3, %3 -0.4356% )
= T | om0 %6 0.4793% 5 Conclusions and future work
g FT | *271  *6,*4 0.7837%
H | "L"0 *6,"6 | 07327% In an approach to projecting annotations over Tai-

Table 4: Tree distance with del=1 vs del=0.5.  Mappings, we have explored the effects of varia-
tions of possible parameters. We have considered

Table 4 contrasts the two tree-distance seta number of settings concerning the costing of
tings’, one where the deletion cost is 1 and an-swaps, referring to greater and lesser amounts of

5The higher of the two values is used in table 3 for max(dist).
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different lexical items, PropBank aimed for no
continuity of use of enumerated core arguments,
intuition would suggest that in these B and T set-
tings, performance should be very low. Concern-
ing the AO and Al roles, PropBank commits to
some consistency concerning possession of proto-
typically agent and patient properties, and for
other enumerated roles, to consistency within cer-
tain verb groups. One direction for future re-
Ch Ge oGe En oEn Ca Sp Cz oCz Ja search would be to investigate what aspects of
performance are due to consistent use across lex-
Figure 6: Comparing dist(del=1)to dist(del=0.5) (T ical items, by automatically introducing inconsis-
and FT). tency by permutations amongst the identifiers for
a particular item.
There has been little comparable work using
N o E 32:22-5 | an alignment approach to SRL an exception be-
ing Furstenau and Lapata (2011), though there are
significant differences: they work with FrameNet
(Fillmore et al., 2004), and use an alignment not
constrained by ancestry or linear order. Also,
rather than taking each unlabelled iteffi, in
turn, and using its nearest labelled neighbours,
65f ‘ ‘ : ‘ L N {S1,...,5,}, their aim is to take each labelled
Ch Ge oGe En oEn Ca Sp Cz oCz Ja exemplar,S, from a framelexicon in turn, and
use it to project annotation to its nearest neigh-
Figure 7: Comparing dist(del=1)to dist(del=0.5) (H). bours{Ty,...T,} in an unlabelled corpus. For
all of these reasons, we cannot at the moment

the available information. With the H setting, us- Make any meaningful quantitative comparisons
ing syntactic and lexical information, the perfor- With their work. Nonetheless, it seems reason-
mance across the languages ranges ffdffi to able to expect the contrasts we have described
85%, and the performance under the B and T setconcerning cost settings and distance versus simi-
tings, which attend to no lexical information was 1arity to apply to the kind of data-set expansion
also substantial. The linearised representatio§cenario they discuss and investigating whether
was shown to be clearly out-performed by the tredhis is so is a potential avenue for further research.
representation. Distance- and similarity-based=onversely it would be interesting to see how our
alignment scoring were shown to give different findings are effected if we were to replace our no-
outcomes, with distance overall out-performingtion of alignments which must be Tai mappings,
similarity on the B, T and FT settings, but with with the notion of alignment from their work.
this no longer the case for the H setting. _ Acknowledgements

There were also some language-specific find-
ings, amongst them that Japanese results withll calculations were performed on the Lonsdale
B/T/FT settings were noticeably poor, almost cer-cluster maintained by the Trinity Centre for High
tainly due to that data-set’s lack of variation in de-Performance Computing. This cluster was funded
pendency labels, and that whilst mostly loweringthrough grants from Science Foundation Ireland.
the cost of deletion improved performance, this This research is supported by the Science
was not the case for the out-of-domain data-setsFoundation Ireland (Grant 07/CE/I1142) as part

The non-negligible performance under the Bof the Centre for Next Generation Localisation
and T settings, which attend to no lexical infor- (www.cngl.ie) at Trinity College Dublin.
mation is perhaps worth further scrutiny. If across
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