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Abstract
This work studiesthe viability of performingheterogeneousutomaticMT erroranalysesError analysisis, undoubtly oneof the most
crucial stagesin the developmentcycle of an MT system. However, often not enoughattentionis paidto this process.The reasonis
that performingan accuratesrror analysisrequiresintensive humanlabor In orderto speedup the error analysisprocesswe suggest
partially automatizingt by having automaticevaluationmetricsplay a moreactive role. For thatpurposewe have compileda largeand
heterogeneousetof featuresat differentlinguistic levels andat differentlevels of granularity Througha practicalcasestudy we shaw
how thesefeaturegrovide aneffective meanf ellaboratingnterpretableanddetailedautomatiaeportsof translationquality.

1. Intr oduction

Error analysisplaysa very importantrole in the develop-
ment cycle of currentMT systems. In eachloop of the
cycle, prior to suggestingnew improvementmechanisms,
systemdevelopersmustfirst have a clearideaof the kind
of errorstheir systemcommits. However, performingan
accurateerroranalysigs aslow anddelicateprocesavhich
requiresntensive humanlabor. Part of the effort is devoted
to high-level analysiswhich involvesa preciseknowledge
of the architectureof the systemunderdevelopment,but
thereis alsoa heavily time-consumindow-level partof the
processelatedto thelinguistic analysisof translationqual-
ity, which we believe thatcould be partially automatized.
Our proposalconsistdn having automaticevaluationmet-
rics play a more active role in this part of the work. In
our opinion, in the currenterror analysisscheme evalua-
tion metricsare only minimally exploited. They are used
as quantitatve measuresij.e., so asto identify low/high
qualitytranslationsbut notasgenuinequalitatve measures
whichallow developergo automaticallyobtaindetailedin-
guistic interpretationsof the translationquality attained.
This limited usageof automaticmetricsfor error analysis
is a direct consequencef the shallav similarity assump-
tionscommonlyutilizedfor metricdevelopment.Until very
recently mostmetricswere basedonly on lexical similar-
ity. However, in thelastfew years therehave beenseveral
approachesasedon similarity assumptionst deepetin-
guisticlevels. For instancewe mayfind syntax-basedet-
rics (Liu andGildea,2005;Amigo etal., 2006;Mehayand
Brew, 2007;Owczarzaket al., 2007),which computesim-
ilarities over dependeng or constituenyg trees,metricsat
thelevel of shallov-semanticse.g.,oversemanticolesand
namedentities(GiménezandMarquez 2007),andmetrics
at the properly semanticlevel, e.g., over discourserepre-
sentationgGiménezandMarquez 2008).

We suggesttaking advantage of this recent progress
achievedin automaticMT evaluationsoasto conducthet-
erogeneousMT error analysesj.e., analyseswhich take
into accounteaturesat differentlinguistic levels(e.g.,lex-
ical, syntactic, and semantic),and at different levels of
granularity —from very fine aspectsof quality, related

to how well certain linguistic structuresare transferred,
to coarserones, relatedto how well the translationun-
der evaluation complies with the expectedoverall lexi-
cal/syntactic/semantieferencestructure.

Relying on arich variety of automaticpartial quality fea-
tureswould allow developersto analyzethe performance
of theirsystemawith respecto differentquality dimensions
andfrom differentviewpoints,and,consequentlyto have a
morepreciseideaof whatquality aspectsequireimprove-
ment. Besides,in this manney they would be allowed to
concentrat®n high-level decisions.

Thework describedn this paperis ongoing.We have com-
piledalargeandheterogeneousetof partialfeaturesdased
on which we are currentlyconductingsemiautomatigro-
cesse®f erroranalysisover severaltestbeds.Preliminary
resultsshav that heterogeneousrror analysegrovide an
effective meansof elaboratinginterpretableand detailed
reportsboth at the sentenceand documentlevels. In ad-
dition, all the metricsusedin this work have beenmade
publicly availableinsidethe | Qur framework for MT eval-
uation(Jesis Giménez 2007).

2. A HeterogeneoudMetric Set

For our experimentswe have compileda rich setof met-
ric variantsat 5 differentlinguistic levels (lexical, shallav-
syntactic,syntactic,shallov-semanticand semantic). Al-

thoughfrom differentviewpoints, and basedon different
similarity assumptionsin all cases translationquality is
measuredby comparingautomatidranslationsgainst set
of humanreferencdranslations Below, we provide only a
brief description. Extensve detailsmay be found in the
I Qur technicalmanual(Jesis Giménez,2007).

2.1. Lexical Similarity
WER. Word Error Rate(NieRenetal., 2000).

PER. Position-independemord Error Rate(Tillmann et
al.,1997).

BL EU. Precisionoriented(Papinenietal., 2001).

*http://www.Isi.upc.edu/ nip/IQMT



NIST. Modified BLEU (Doddington,2002).

GTM. F-measuréMelamedetal., 2003).

ROUGE. Recalloriented(Lin andOch,2004a).

METEOR. F-measurebased on unigram alignment

(BanerjeeandLavie, 2005).

TER. TranslationEdit Rate(Snoveretal., 2006).

2.2.

Shallow Syntactic Similarity

e On Shallow Parsing (SP)

2.3.

SP-Op-t Lexical overlappingaccordingto the part-
of-speecht’. For instance,;SP-0,-NN’ roughly
reflectsthe proportionof correctlytranslatedsin-
gular nouns. We also usea coarsemetric, ‘SP-
0,-x which computeshe averagelexical over
lappingoverall parts-of-speech.

SP-Oc¢-t Lexical overlappingaccordingto the base
phrasechunktype ‘t’. For instance,SP-O.-NP’
roughly reflectsthe proportion of successfully
translatednoun phrases. We also usethe ‘SP-
O.-+' metric,whichcomputegheaveragdexical
overlappingoverall chunktypes.

At a more abstractievel, we alsousethe NIST met-
ric to computeaccumulated/indidual scoresover se-
quence®f:

SP-NIST(i)]-n Lemmas.
SP-NIST(i)p-n Parts-of-speech.
SP-NIST(i)c-n Basephrasechunks.
SP-NIST(i)igdb-n ChunklOB labelg

Syntactic Similarity
On DependencyParsing (DP)

DP-HWC(i)-1 Thesemetricscorrespondo variants
of the head-vord chainmatching(HWCM) met-
ric presentedy Liu and Gildea (2005) slightly
modified so asto considerdifferent head-vord
chaintypes:

DP-HWC(i) w-l words.

DP-HWC(i) c-I grammaticatategories.

DP-HWC(i)r-I grammaticatelations.
DP-O1|O¢|Or Thesemetrics correspondexactly to

the LEVEL, GRAM and TREE metrics intro-
ducedby Amig6 etal. (2006).

DP-01-l Overlappingoetweenwordshangingat
level ‘I’, or deeper

DP-Oc-t Overlapping betweenwords directly
hangingfrom terminalnodes(i.e. grammati-
cal categories)of type‘t'.

2|OB labelsare usedto denotethe position (Inside, Outside,
or Beginningof achunk)and,if applicablethetype of chunk.

DP-Or-t Overlapping between words ruled
by non-terminalnodes (i.e. grammatical
relationshipspf type‘t'.

Nodetypesare determinedby grammaticalcat-

egories and relationshipsas definedby the de-

pendeng parser For instance;DP-O,-s’ reflects

lexical overlappingbetweensubtreesf type ‘s’

(subject).Additionally, we considetthreecoarser

metrics, (‘DP-0;-x', ‘DP-O.-x and ‘DP-O,-x’)

which correspondo the uniformly averagedval-
uesover all levels, catgyories,andrelationships,
respectiely.

On Constituency Parsing (CP)

CP-STM(i)-l Thesemetricscorrespondo variantsof
the syntactictree matching (STM) metric pre-
sentedby Liu andGildea(2005).

CP-Op-t Similarly to the ‘SP-O,-t" metrics, these
metricscomputdexical overlappingaccordingo
the part-of-speecht’.

CP-Oc¢-t Thesemetricscomputelexical overlapping
accordingto the phraseconstituenttype ‘¢’. The
differencebetweenthesemetrics and ‘SP-O.-t’
variantsis in thephrasescope.n contrasto base
phrasechunks,constituentsllow for phraseem-
beddingandoverlapping.

Shallow-SemanticSimilarity
On NamedEntities (NE)

NE-Oe-t Lexical overlappingbetweenNESs accord-
ing to their type t. For instance,'NE-O.-PER’
reflectslexical overlappingbetweenNEs of type
‘PER'’ (i.e.,person)which providesaroughesti-
mateof the successfullytranslatedproportionof
persomamesWe alsousethe‘NE-O.-x' metric,
which considersveragdexical overlappingover
all NE types. This metric focusonly on actual
NEs. We usealso anothervariant, ‘NE-O.-*x',
which includesoverlappingamongitemsof type
‘O’ (i.e.,Not-a-NE).

NE-Me-t Lexical matchingbetweenNEs according
to their type t. For instance,'NE-M,-LOC’ re-
flectsthe proportionof fully translatedocations.
The ‘NE-M.-x' metric considersaveragelexical
matchingoverall NE types,excludingtype‘O’.

On SemanticRoles(SR)

SR-Or-t Lexical overlappingbetweenSRs accord-
ing to their type ¢. For instance,'SR-O,-A0’
reflectslexical overlappingbetween'A0’ argu-
ments. ‘SR-O,-x" considersthe averagelexical
overlappingoverall SRtypes.

SR-My-t Lexical matchingbetweenSRsaccording
to their type t. For instancethe metric ‘SR-M,-
AM-MOD’ reflectsthe proportionof fully trans-
latedmodaladjuncts.The‘SR-M,.-x' metriccon-
sidersthe averagelexical matchingover all SR

types.



SR-Or This metric reflects‘role overlapping’, i.e.,
overlapping between semantic roles indepen-
dentlyfrom their lexical realization.

We alsousemorerestrictive versionsof thesemetrics
(‘SR-M,,-t', ‘SR-O,,-t', and‘SR-0,.,"), which require
SRsto beassociatedo the sameverh

2.5. SemanticSimilarity
e On DiscourseRepresentationg DR)

We have designeda family of metricsoperatingover
semantidrees(GiménezandMarquez,2008). These
treesarebasedon the DiscourseRepresentatiofhe-
ory (Kamp,1981). Threekindsof metricsaredefined:

DR-STM(i)-I Thesemetricsare similar to the ‘CP-
STM' variantsdiscussedabove, in this caseap-
plied to DR structuresinsteadof constitueng
trees.

DR-Or-t These metrics compute lexical overlap-
ping betweendiscourserepresentationsstruc-
tures(i.e., discourseeferentsanddiscoursecon-
ditions) accordingto theirtype‘t’. Forinstance,
‘DR-0,-pred’ roughlyreflectslexical overlapping
betweenthe referentsassociatedo predicates
(i.e., one-placeproperties) We alsousethe ‘DR-
O,-x' metric, which computesaverage lexical
overlappingoverall DRStypes.

DR-Orp-t These metrics compute morphosyntac-
tic overlapping(i.e., betweengrammaticalcat-
egories —parts-of-speech-associatedo lexical
items) betweendiscourserepresentatiorstruc-
tures of the sametype. We also use a the
‘DR-0,,-x metric,which computeswveragemor-
phosyntacti@verlappingover all DRStypes.

3. Metrics at Work

In this section,we shov how the rich setof metricsde-
scribedin the previous sectionmay be appliedto different
typesof erroranalysis.

3.1. Typesof Err or Analysis

Error analyseanay be classified,from the perspectie of
the systemdeveloper accordingto two different criteria.
First,accordingto thelevel of abstraction:

e document-level analysis, i.e., over a representatie
setof testcases.Suchtype of analysisallows devel-
opersto quantifythe overall systemperformanceFor
thatreasonit is oftenalsoreferredto asanalysisatthe
systemlevel.

e sentence-lgel analysis, i.e., over individual test
casesThistypeof analysisallows developergo iden-
tify translationproblemsover particularinstances.

Secondaccordingto the evaluationreferent:

e isolatedanalysis,i.e., with no referentotherthanhu-
mantranslations.This type of analysisallows devel-
opersto evaluatethe individual performanceof their
MT systemjndependentlfrom otherMT systems.

#human-references 5

#system-outputs 7
#system-outputs-assessed 6
#sentences 1,056
#sentences-assesspdr-system| 266
Tablel: Testbeddescription
A F A+F BLEU
LinearB 3.69| 3.66| 7.35 0.47
BestSMT | 3.15| 2.69 | 5.84 0.51

Table2: The'LinearB vs. SMT’ puzzleon BLEU

e contrastive analysis,i.e., on the performanceof MT
systemsn comparisorio otherMT systemsThistype
of analysisis crucial for the MT researclcommunity
soasto advancetogetherby allowing systenmdevelop-
ersto borrov successfumechanism&om eachother

3.2. Data Set

We have applied our approachto several evaluationtest
bedsfrom differentMT evaluationcampaigns.In the fol-

lowing, we exemplify the applicationof heterogeneoudl T

erroranalyseshroughthecaseof the Arabic-to-Englishex-

ercisefrom the 2005 NIST MT evaluationcampaign(Le

andPrzybocki,2005). This testbedpresentshe particular

ity of providing automatidranslationgproducedy hetep-

geneousMT systemgqi.e., systemsbelongingto different
paradigms).Specifically all systemsare statisticalexcept
one,LinearB, whichis human-aidedA brief numericalde-
scriptionof this testbedis availablein Table1.

This dataset was usedby Callison-Burchet al. (2006)
to discussthe strongtendeng of BLEU to favor statisti-
cal systemsTable2 illustratesthis factby showving overall
scoredor LinearBandthebeststatisticalsystemaccording
to BLEU andhumanassessments adequag (A) andflu-

eng (F). Indeed,we found out thatall n-grambasedmet-
rics exhibit a similar behaior, andthat metricsoperating
atdeepetinguistic levelsareableto producemorereliable
systenrankings(GiménezandMarquez2007). Thisresult
evincesthat, in orderto performa rigorouserror analysis
of heterogeneousystemsseveralquality dimensionsnust
be taken into account. Therefore,this caseconstitutesan
excellentmaterialin orderto testthe applicability of our
approach.For that purpose we have focusedon the auto-
maticoutputsby LinearBandthe beststatisticalsystemwe

hadaccesgo (from now onreferredto as'BestSMT’). We

have performedisolatedand contrastve analysespoth at
thedocumen@indsentencéevels.

3.3. Error Analysisat the DocumentLevel

In first place,we analyzeMT quality atthedocumentevel
Assistedby the heterogeneousetric set,we studysystem
performanceover a numberof partial aspectsof quality.
Table3 shaws evaluationresultsfor severalrepresentaties
from eachlinguistic level. Metrics aregroupedaccording
to thelinguistic level atwhich they operate.

It canbe obsened(columns2-3) that,aswe progresgrom
thelexical level to deepelinguistic aspectsthe difference



Linear Best

Level Metric KING B SMT
1-PER 0.63 0.65| 0.70

1-TER 0.70 0.53| 0.58

1-WER 0.67 0.49| 0.54

Lexical BLEU 0.65 0.47| 0.51
GTM (e=2) 0.66 0.31| 0.32

NIST 0.69 10.63 | 11.27
ROUGEw 0.68 0.31| 0.33
METEORunsyn 0.68 0.64| 0.68

SP-O,- 0.64 0.52| 0.55

SP-Q,-J 0.26 0.53| 0.59

SP-O,-N 0.53 0.57| 0.63

SP-Q,-V 0.43 0.39| 041

SP-Q-% 0.63 0.54| 057

Shallow SP-Q-NP 0.60 0.59| 0.63
Syntactic | SP-Q-PP 0.38 0.63| 0.66
SP-Q-VP 0.41 0.49| 0.51
SP-NIST;-5 0.69 10.78 | 11.44
SP-NIST,-5 0.71 8.74 9.04
SP-NIST,,5-5 0.65 6.81| 6.91
SP-NIST.-5 0.57 6.13| 6.18
DP-HWC,-4 0.59 0.14| 0.14
DP-HWC.-4 0.48 0.42| 0.41
DP-HWC,-4 0.52 0.33 0.31

DP-O-x 0.58 0.41| 0.43

DP-O.-x 0.60 0.50| 0.51
DP-Q,-aux 0.14 0.56| 0.54
DP-QO.-det 0.35 0.75| 0.73

Syntactic | DP-O,-x 0.66 0.36| 0.36
DP-QO.-fc 0.21 0.26 | 0.24

DP-O.-i 0.60 0.44| 0.43
DP-0O.-obj 0.43 0.36| 0.35

DP-O,-s 0.47 0.52| 0,45

CP-Q.-x 0.63 0.50| 0.53
CP-Q.-VP 0.59 0.49| 0.52
CP-STM-9 0.58 0.35| 0.35

NE-M,-% 0.32 0.53| 0.56
NE-M.-ORG 0.11 0.27 | 0.29
NE-M.-PER 0.13 0.34| 0.34

Shallow SR-M,-x 0.50 0.19| 0.18
Semantic | SR-M.-A0 0.33 0.31| 0.30
SR-M,-Al 0.28 0.14| 0.14

SR-O. 0.41 0.64| 0.63

SR-O.% 0.53 0.36 | 0.37
SR-O.-AM-TMP 0.13 0.39| 0.38

DR-O,-% 0.59 0.36| 0.34
DR-O,-card 0.12 0.49| 0.45
DR-O,-dr 0.56 0.43| 0.40
DR-O,-eq 0.12 0.17 | 0.16
Semantic | DR-O,-named 0.38 0.48 | 0.45
DR-O,-pred 0.55 0.38| 0.36
DR-O,-prop 0.39 0.27| 0.24
DR-O,-rel 0.56 0.38| 0.34
DR-STM-9 0.40 0.26 | 0.26

Table3: Documentevel analysis

in favor of the Best SMT systemdiminishesand, indeed,
endsreversingin favor of the LinearB systemwhenwe en-
terthe syntacticandsemantidevels.

Our heterogeneousetof metricsalsoallows usto analyze
very specificaspect®f quality. For instanceexical met-
ricstell usthatthe LinearB systemdoesnot matchwell the

expectedreferencdexicon. This is corroboratedby ana-
lyzing shallonv-syntacticsimilarities. For instancepbsene
how, while BestSMT is betterthan LinearB accordingto
‘SP-0,-JN|V' metrics,which computelexical overlapping
respectiely over adjectves, nounsand verbs, LinearB is
betterthan Best SMT at translatingdeterminerg‘DP-O.-
det’) andauxiliary verbs(‘DP-0O.-aux’), closedgrammatical
catggorieswhich are, therefore ,presumablylessproneto
suffer the effectsof a biasedexical selection.

At the syntacticlevel, differencesbetweenboth systems
arerathersmall. Metrics basedon dependeng parsingas-
signtheLinearBsystemahigherquality, bothoverall (‘DP-
HWC,-4" and ‘DP-O,-x') andwith respectto finer aspects
suchasthe translationof finite complementg'DP-O,-fc’),
clauserelations(‘DP-O,-i'), verbobjects(‘DP-O,-obj’), and
speciallysurfacesubjects('DP-0,-s’). In contrastmetrics
basedon constituentanalysistendto preferthe BestSMT
systemexceptfor the‘CP-STM-9' metricwhichassigndoth
systemghe samequality.

Asto shallov-semantignetrics,it canbeobsenedthatLin-
earBhasmore problemsthanBest SMT to translateNEs,
exceptfor thecaseof persomamesin thecaseof semantic
argumentsandadjunctghetwo systemsxhibit avery sim-
ilar performancavith aslightadvantageonthesideof Lin-
earB,bothoverall (‘SR-M,-x and‘SR-0O,’) andfor fine as-
pectssuchasthetranslatiorof agentroles(‘SR-M,-A0") and
temporaladjuncts(‘SR-M,-AM-TMP*). Also, it canbe ob-
senedthatbothsystemdave difficultiesto translateheme
roles(‘SR-M,-Al").

At the properly semanticlevel (i.e., over discourserep-
resentations)obsene how thereis not a single metric
which ranksthe Best SMT systemfirst. LinearBis con-
sistently better at translatingbasic discourserepresenta-
tion structureq'DR-O,.-dr’), cardinalexpressiong‘DR-O,.-
card), NEs (‘DR-O,-named), equality conditions(‘DR-O,.-
eq’), predicateq'DR-0O,-pred), relations('DR-0O.-rel’) and
propositionahttitudeq‘DR-O,-prop’), andoverall (‘DR-O,.-
«'). It canalsobe obsened that both systemshave prob-
lemsto translateequalityconditions.Finally, both systems
are assignedhe samequality accordingto semantictree
matching(‘DR-STM-9').

Meta-Evaluation

Metric quality hasbeenevaluatedon the basisof human
likenessij.e., in termsof the metric ability to discernbe-
tweenmanualand automatictranslations(Corston-Olver
et al., 2001; Lin and Och, 2004b; Kuleszaand Shieber
2004; Amigb et al., 2005; Gamonet al., 2005). We have
computedhumanlikenesghroughthe KING measurede-
finedinsidethe QARLA Framavork (Amigo etal., 2005).
Givenametricz, a setof humanreferences®, anda setof
automatidranslations4, KING g _4(x) representtheprob-
ability, estimatedbver all sentencéestcasesthata human
referencén R doesnotreceie alower z scorethanthe z
scoreattainedby any automatictranslationin A. Broadly
speakingKING is a measuref discriminative power. For

3For KING computationwe have usedonly theautomatiout-
putsprovided by the LinearBandBestSMT systemsWe did not
limit to sggmentscountingon humanassessmentll sgments
wereused.



Referencel:

2:

3:

4:

5:

Over 1000monksandnuns, obserersandscientistfrom over 30 countriesandthe hostcountryattended
thereligioussummitheldfor thefirst time in Myanmarwhich startedoday, Thursday.

More than1000monks, nuns, obserersandscholardrom morethan30 countries, includingthe hostcountry,
participatedn thereligioussummitwhich Myanmarhostedfor thefirst time andwhich beganon Thursday.
Thereligioussummit, stagedoy Myanmarfor thefirst time andbeganon Thursday, wasattendedy over
1,000monksannuns, obserersandscholardrom morethan30 countriesandhostMyanmar.
Morethan1,000monks, nuns, obserersandscholarsfrom morethan30 countriesandthe hostcountryMyanmar
participatedn thereligioussummit, which is hostedoy Myanmarfor thefirst time andwhich beganon Thursday.
Thereligioussummit, which startedon Thursdayandwashostedfor thefirst time by Myanmar, wasattendedy

over 1,000monksandnuns, obserersandscholardfrom morethan30 countriesandthe hostcountryMyanmar.

Information:

(1) — subject: over/morethan1,000monksandnuns,obserersandscientists/scholafsom over/morethan30
countries, and/includingthe hostcountryaction: attended/participateth object: thereligioussummit

(2) — subject: thereligioussummitaction: began/startedemporal: on Thursday

(3) — object: thereligioussummitaction: hostedsubject: by Myanmarmode: for thefirst time

LinearB:

BestSMT:

1000monksfrom morethan30 Statesandthe hostStateMyanmarattendedhe Summit, which began
on Thursday, hostedby Myanmarfor thefirsttime.

Religiousparticipatedn the summit, hostedoy Myanmarfor thefirst time beganon Thursday, asan
obserer andtheworld of the 1000monknunfrom morethan30 countriesandthe hoststateMyanmar.

Table4: Testcase#637

instance,jf a metric obtainsa KING of 0.6, it meansthat Linear | Best
in 60% of the testcasesijt is ableto explain by itself the Level Metric B | SMT
differencein quality betweermanualandautomatictrans- Human | Adequag 3 2
lations. Flueny 3.5 2
In the context of error analysis,KING senes as an esti- . L-TER 0.53] 051
. IO Lexical BLEU 0.44| 0.45

mateof the impactof specificquality aspecton the sys- METEORunsyn 059 | 0.64
temperformanceln thatrespectjt canbe obsened(Table SP-Q= 052 051
3, column1) that metricsat the lexical, shallov-syntactic Shallow | SP-Q,-NN 0.67| 0.38
andsyntactidevelsattainslightly higherK ING valuesthan Syntactic | SP-Q,-NNP 0.60| 0.75
metricsbasedon semanticsimilarities. We speculatethat SP-Q-V 0.40| 0.75
a possibleexplanationmay be found in the performance DP-HWC,,-4 0.17| 0.16
of linguistic processorsvhoseeffectivenesssuffers a sig- DP-O.-x 0.46| 0.44
nificant decreasdor deeperevels of analysis. Also, ob- DP-O,-mod 062 041
sene thatfiner grainedmetricssuchas‘SP-0,-J' (i.e., lex- DP-O; -obj 0.291 0.00
ical overlappingover adjectives), ‘NE-M.-ORG’ (i.e., lex- _ | BP-Or-pcomp-n| - 0.71 ) 0.39
. . . \ , Syntactic | DP-O,-rel 0.33| 0.00
ical matching over organizationnames)or ‘DR-O,-card CP-Qx 059 | 048
(i.e., lexical overlappingover cardinalexpressionsgxhibit CP-Q-NP 059 | 055
amuchlower discriminative power. Thereasoris thatthey CP-Q.-PP 057 | 054
coververy partialaspect®f quality. CP-Q.-SB 0.73| 0.00
CP-Q.-VP 0.64| 0.42

3.4. Error Analysis at the Sentence_evel CP-STM-9 0.34| 0.23
The heterogeneousetof metricsallows usto analyzedif- Shanow_ SR-O. 0841 025
. . . . . Semantic | SR-O.-% 0.56| 0.18
ferentdimensionf translationquality overindividual test SR-0,-A0 044| 010
casesln this manneywe canbettersearchor problematic SR-O-A1l 057 | 0.28
casesccordingo differentcriteria. For instancewe could DR-O,-x 0451 034
seeltranslationdackingof subject('DP-0,-s’) and/oragent DR-O,-dr 057! 0.40
role (‘'SR-0,-A0’). Or, ata moreabstractievel, by simul- Semantic | DR-O,-nam 0.75| 0.24
taneouslyrelying on syntacticand semanticmetrics, we DR-O,-pred 0.44| 0.45
could,for instancelocatea subsebf possiblywell-formed DR-O;-rel 0.51| 0.32
translationgi.e., high syntacticsimilarity) which somehev DR-STM-9 0.32| 0.29

donotmatchwell thereferencesemanticstructure(i.e.,low
semanticsimilarity).

A Caseof Analysis

We have inspectedarticularcases.For instance,Table 4

presentghe caseof sentence&37 in which accordingto

BLEU thetranslationby BestSMT is rankedfirst, whereas
accordingo humanassessmenthetranslatiorby LinearB

is judgedof a superiorquality both in termsof adequay

andflueng. This caseis deeplyanalyzedin Table5. In

Table5: Analysisof testcaset#637

spiteof its ill-formednesshe translationby BestSMT de-
ceivesall lexical metrics.Particularlyinterestings thecase
of ‘METEORunsy»’, @ Mmetric designedo dealwith differ-
encesin lexical selection,by allowing for morphological
variationsthroughstemming,and synoryms throughdic-
tionarylookup. METEOR is in this case however, unable



LinearB:
BestSMT:

You shouldcooperateandsupportoneanother.
Youthatyouwill bemoreandmorecooperatie unit someof you andsupporteachother.

Referencel:

You mustbe moreunitedandmorecooperatie andyou mustsupporteachother.

2: | Youmustbemoreunitedandcooperatie andsupportve of eachother.

3: | Youmustbemoreunitedandcooperatie andsupportve of eachother.

4: | Youhaveto bemoreunitedandmorecooperatie, andsupporteachother.

5: | Youhaveto be moreunitedandmorecooperatie andyou have to supporteachother.

Table6: TranslationCase#149.

Linear | Best

Level Metric B SMT
Human Adequag 4 15
Flueny 5 15

1-PER 0.36 | 0.62

1-TER 0.36 | 0.49

Lexical BLEU 0.00| 0.37
NIST 1.64 | 9.42
METEORynsyn 0.32| 0.67

SP-O,-x 0.25| 0.46

Shallow SP-O,-V 0.17 | 0.40
Syntactic | SP-O.- 0.19| 043
SP-O.-NP 0.43| 0.50
SPO.-VP 0.14 | 0.40
DP-HWC,-4 0.07| 0.12

Syntactic | DP-HWGC,.-4 0.32| 0.19
DP-HWC,-4 0.32| 0.25
CP-STM-4 0.33| 0.36

Shallow SR-M,-x 0.14| 0.67
Semantic | SRO,-* 0.10| 0.75
DR-O,-x 0.17 | 0.26
DR-O,p-% 0.24| 0.26
Semantic | DR-O,,-drs 0.27 | 0.30
DR-O,.,-pred 0.29 | 0.40
DR-O,.p-rel 0.30| 0.24
DR-STM-4 0.25| 0.45

Table7: Analysisof testcaset#149

to dealwith differencesn word ordering.

In contrastscorexonferrecby metricsat deepetlinguistic
levelsreveal,in agreementvith humanevaluation thatLin-

earBproduceda morefluent (syntacticsimilarity) andad-
equate(semanticsimilarity) translation. Overall syntactic
andsemanticscoreqe.g.,'DP-O,-x, ‘CP-STM-9’, ‘SR-O,-x,

‘DR-0,-x and‘DR-STM-9’), all lowerthan0.6,alsoindicate
thatimportantpiecesof informationwere not capturedor

only partially captured.

Getting into details, by analyzingfine shallonv-syntactic
similarities, it can be obsened, for instance,that, while

LinearB successfullytranslateda larger proportionof sin-
gular nouns,BestSMT translatedmore propernounsand
verbforms. Analysisat the syntacticlevel reportsthatLin-

earB capturedmore dependeng relationsof severaltypes
(e.g.,word adjunctmodifiers,verb objects,nominalcom-
plementsof prepositionsandrelative clauses)andtrans-
lated a larger proportion of different verb phrasetypes
(e.g., noun, prepositionaland verb phrases and subordi-
natedclauses)As to shallav-semanticsimilarity, it canbe
obsenedthatthelevel of lexical overlappingoververbsub-
jectsandobjectsattainedoy LinearBis significantlyhigher

At the semantidevel, the discourserepresentatioassoci-
atedto LinearBis, in generalmoresimilarto thereference
discourserepresentations.Only in the caseof predicate
conditions both systemsexhibit a similar performance.

Difficult Cases

Oneof the mainproblemsof currentautomaticMT evalu-
ationmethodds thattheir reliability dependsery strongly
on the representatity of the setof referencetranslations
available. In otherwords, if referencetranslationscover
only a small part of the spaceof valid solutions,the pre-
dictive power of automatiametricswill decreaseThismay
be particularlydangerousn the caseof n-grambasednet-
rics, which are not able to deal with differencesin lexi-
cal selection. For instance,Tables6 presentsa casein
which the LinearB is unfairly penalizedby lexical metrics
for its strongdivergencewith respecto referencdransla-
tionswhile theBestSMT systems wrongly favoredfor the
oppositereasof.

Metrics at deepedinguistic levels allow for partially over-
comingthis problemby inspectingsyntacticand semantic
structures.However, asit canbe obsenedin the casese-
lected, thesestructuresmay also exhibit a greatvariabil-
ity. For instancethetranslatiorby LinearBis considerably
shorterthanexpectedaccordingto humanreferencesBe-
sides,while referenceranslationsuse“you must” or “you
have”, the LinearB translationuses“you should”. Also,
LinearB selectedhe verbform “cooperate”insteadof “be
moreunitedandcooperatie”, etc. Table7 shovsthescores
conferredby several metrics. It canbe obsernedhow lex-
ical metricscompletelyfail to reflectthe actualquality of
the LinearB output. Indeed,only somedependeng-based
metricsareableto captureits quality (e.g.,'DP-HWC.).

In the casedepictedin Table8, differencesare mostly re-
latedto the sentencestructure. Table 9 shows the scores
conferredby several metrics. It canbe obsened, for in-
stance that several lexical metricsare ableto capturethe
superiorquality of the LinearB translation. In contrast,
metricsat deepelinguistic levelsdo not reflect,in general,
this differencein quality. Interestingly only somesyntax-
basedmetrics confer a slightly higher scoreto LinearB
(e.9., ‘'SP-Op-+ ‘DP-HWC,-4' ‘CP-0O,-+ ‘CP-O.-«", etc.).
All thesemetricssharethe commonproperty of comput-
ing lexical overlapping/matchingver syntacticstructures
or grammaticatategories.

4LinearB translationreceies high scoresfrom humanasses-
sors,but a null BLEU score. In contrastthe BestSMT system
attainsa high BLEU score,but receveslow scoresrom human
assessors.



LinearB:
BestSMT:

It isimportantto analyzeandaddressheseproblemsproperly.
It shouldbeto analyzetheseproblemsandtake themup properly.

Referencel:

We mustanalyzetheseproblemsandhandlethemcorrectly.

2: | Sowe mustanalyzetheseproblemsandtake themin theright way .

3: | We mustcorrectlyanalyzeandproperlyhandletheseproblems.
4: | And soit is imperative thatwe analyzetheseproblemsanddealwith themproperly.
5: | And sowe mustcorrectlyanalyzeandproperlyhandletheseproblems.

Table8: TranslationCase#728.

Linear | Best

Level Metric B SMT
Human Adequag 4.5 25
Flueny 5 25

1-PER 0.63| 0.48

1-TER 0.55| 0.48

Lexical BLEU 0.00 | 0.46
NIST 7.82| 9.97
ROUGEw 0.25| 0.29
METEORynsyn 0.54 | 0.44

Shallow SP-Op-* 0.44| 0.39
Syntactic | SP-O,-PRP 0.50| 0.33
SPO:* 0.28 | 0.38

DP-O.-x 0.48 | 0.47
DP-HWC,-4 0.23| 0.16
DP-HWC,.-4 0.31 0.42
DP-HWC,-4 0.21| 0.43

DP-O,-x 0.25| 0.36

DP-O, 0.44| 0.43

Syntactic | DP-O,_mod 0.11| 0.33
DP-O,s 0.50| 0.50

CP-O,-x 0.45| 0.41
CP-O,-RB 0.50| 0.50

CP-O.-x 0.43| 0.38
CP-O.-VP 0.42| 0.38
CP-STM-4 0.48 | 0.59

Shallow SRO,-* 0.42| 0.44
Semantic | SRO, 0.88| 0.86
DR-O,-x 0.20| 0.36
DR-O,p-% 0.52| 0.60
Semantic | DR-O,.-drs 0.22 | 0.37
DR-O,-pred 0.25| 0.33
DR-O,.-rel 0.20 | 0.45
DR-STM-4 0.25| 0.33

Table9: Analysisof testcase#728

In orderto dealwith divergenceshetweensystemoutputs
and referencetranslations,other authorshave suggested
taking advantageof paraphrasingupportso asto extend
thereferencenaterial(Russo-Lassnestal., 2005;Zhouet
al., 2006; Kauchakand Barzilay, 2006; Owczarzaket al.,
2006).We believe the two approachesouldbe combined.

4. Conclusionsand Future Work

We have presentea valid pathtowardsheterogeneouau-
tomaticMT erroranalysis. Our approachallows develop-
ersto rapidly obtaindetailedautomatidinguistic reportson
their systems capabilities. Thus, humanefforts may con-
centrateon high-level analysis.

Still, our proposalpresentsa limitation. It relieson arich
set of evaluation measuresmost of which are basedon

languagedependenautomaticlinguistic processorsvhich
may not be alwaysavailableandwhosequality may vary®.
However, in our opinion, althoughtheseresourcesnay be
expensve to produce,unlike manualevaluations.they of-
fer theimportantadvantageof beingreusablealongthede-
velopmentycle assystemsandmetricsimprove. Besides,
they areusefulfor NLP applicationsn general.

For future work, we plan to enhancehe interfaceof the
evaluationtool, currentlyin text format,soasto allow for a
fastandelegantvisualacces$rom differentviewpointscor-
respondingo the differentdimensionf quality. Besides,
evaluationmeasuregenerateasa by-passproduct,syntac-
tic and semanticanalyseswvhich could be displayed. This
would allow usersto separatelyanalyzethe translationof
differenttypesof linguistic elementge.g.,constituentste-
lationships,arguments,adjuncts,discourserepresentation
structures.etc.). For instance missingor partially trans-
latedelementcould appealhighlightedin differentcolors.
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