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Abstract
This work studiestheviability of performingheterogeneousautomaticMT erroranalyses.Error analysisis, undoubtly, oneof themost
crucial stagesin the developmentcycle of an MT system.However, often not enoughattentionis paid to this process.The reasonis
thatperformingan accurateerroranalysisrequiresintensive humanlabor. In orderto speedup theerroranalysisprocess,we suggest
partiallyautomatizingit by having automaticevaluationmetricsplaya moreactive role. For thatpurpose,we have compileda largeand
heterogeneoussetof featuresat differentlinguistic levelsandat differentlevelsof granularity. Througha practicalcasestudy, we show
how thesefeaturesprovideaneffective meansof ellaboratinginterpretableanddetailedautomaticreportsof 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 clear ideaof the kind
of errorstheir systemcommits. However, performingan
accurateerroranalysisis aslow anddelicateprocesswhich
requiresintensivehumanlabor. Partof theeffort is devoted
to high-level analysiswhich involvesa preciseknowledge
of the architectureof the systemunderdevelopment,but
thereis alsoaheavily time-consuminglow-level partof the
processrelatedto thelinguisticanalysisof translationqual-
ity, which we believe thatcouldbepartially automatized.
Our proposalconsistsin having automaticevaluationmet-
rics play a more active role in this part of the work. In
our opinion, in the currenterror analysisscheme,evalua-
tion metricsareonly minimally exploited. They areused
as quantitative measures,i.e., so as to identify low/high
qualitytranslations,but notasgenuinequalitativemeasures
whichallow developersto automaticallyobtaindetailedlin-
guistic interpretationsof the translationquality attained.
This limited usageof automaticmetricsfor error analysis
is a direct consequenceof the shallow similarity assump-
tionscommonlyutilizedfor metricdevelopment.Until very
recently, mostmetricswerebasedonly on lexical similar-
ity. However, in thelastfew years,therehave beenseveral
approachesbasedon similarity assumptionsat deeperlin-
guisticlevels.For instance,wemayfind syntax-basedmet-
rics (Liu andGildea,2005;Amigó et al., 2006;Mehayand
Brew, 2007;Owczarzaket al., 2007),which computesim-
ilarities over dependency or constituency trees,metricsat
thelevelof shallow-semantics,e.g.,oversemanticrolesand
namedentities(GiménezandMàrquez,2007),andmetrics
at the properlysemanticlevel, e.g.,over discourserepre-
sentations(GiménezandMàrquez,2008).
We suggest taking advantage of this recent progress
achievedin automaticMT evaluationsoasto conducthet-
erogeneousMT error analyses,i.e., analyseswhich take
into accountfeaturesat 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/semanticreferencestructure.
Relying on a rich variety of automaticpartial quality fea-
tureswould allow developersto analyzethe performance
of theirsystemswith respectto differentqualitydimensions
andfrom differentviewpoints,and,consequently, to havea
morepreciseideaof whatquality aspectsrequireimprove-
ment. Besides,in this manner, they would be allowed to
concentrateon high-level decisions.
Thework describedin thispaperis ongoing.Wehavecom-
piledalargeandheterogeneoussetof partialfeaturesbased
on which we arecurrentlyconductingsemiautomaticpro-
cessesof erroranalysisover severaltestbeds.Preliminary
resultsshow that heterogeneouserror analysesprovide an
effective meansof elaboratinginterpretableand detailed
reportsboth at the sentenceanddocumentlevels. In ad-
dition, all the metricsusedin this work have beenmade
publicly availableinsidethe IQMT framework for MT eval-
uation(JeśusGiménez,2007)1.

2. A HeterogeneousMetric Set
For our experiments,we have compileda rich setof met-
ric variantsat 5 differentlinguistic levels(lexical, shallow-
syntactic,syntactic,shallow-semanticandsemantic). Al-
thoughfrom different viewpoints, and basedon different
similarity assumptions,in all cases,translationquality is
measuredby comparingautomatictranslationsagainstaset
of humanreferencetranslations.Below, we provide only a
brief description. Extensive detailsmay be found in the
IQMT technicalmanual(JeśusGiménez,2007).

2.1. Lexical Similarity

WER. Word ErrorRate(Nießenet al., 2000).

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

BL EU. Precisionoriented(Papineniet al., 2001).

1http://www.lsi.upc.edu/˜nlp/IQMT



NI ST. Modified BLEU (Doddington,2002).

GTM . F-measure(Melamedetal., 2003).

ROUGE. Recalloriented(Lin andOch,2004a).

M ETEOR. F-measurebased on unigram alignment
(BanerjeeandLavie, 2005).

TER. TranslationEdit Rate(Snoveretal., 2006).

2.2. Shallow SyntacticSimilarity
� On Shallow Parsing (SP)

SP-��� - � Lexical overlappingaccordingto the part-
of-speech‘ � ’. For instance,‘SP-�
	 -NN’ roughly
reflectstheproportionof correctlytranslatedsin-
gular nouns. We alsousea coarsermetric, ‘SP-
� 	 -� ’ which computesthe averagelexical over-
lappingoverall parts-of-speech.

SP-�
� - � Lexical overlappingaccordingto the base
phrasechunk type ‘ � ’. For instance,‘SP-��� -NP’
roughly reflects the proportion of successfully
translatednoun phrases. We also use the ‘SP-
��� -� ’ metric,whichcomputestheaveragelexical
overlappingoverall chunktypes.

At a moreabstractlevel, we alsousethe NIST met-
ric to computeaccumulated/individualscoresoverse-
quencesof:

SP-NIST(i)� - � Lemmas.

SP-NIST(i)� - � Parts-of-speech.

SP-NIST(i)� - � Basephrasechunks.

SP-NIST(i)����� - � ChunkIOB labels2

2.3. SyntacticSimilarity
� On DependencyParsing (DP)

DP-HWC(i)- � Thesemetricscorrespondto variants
of thehead-word chainmatching(HWCM) met-
ric presentedby Liu andGildea (2005) slightly
modified so as to considerdifferent head-word
chaintypes:

DP-HWC(i) � - � words.

DP-HWC(i) � - � grammaticalcategories.

DP-HWC(i) � - � grammaticalrelations.

DP-� ��� � ��� ��� Thesemetricscorrespondexactly to
the LEVEL, GRAM and TREE metrics intro-
ducedby Amigó et al. (2006).

DP-� � - � Overlappingbetweenwordshangingat
level ‘ � ’, or deeper.

DP-� � - � Overlapping betweenwords directly
hangingfrom terminalnodes(i.e. grammati-
cal categories)of type‘ � ’.

2IOB labelsareusedto denotethe position(Inside,Outside,
or Beginningof a chunk)and,if applicable,thetypeof chunk.

DP-��� - � Overlapping between words ruled
by non-terminal nodes (i.e. grammatical
relationships)of type‘ � ’.

Nodetypesaredeterminedby grammaticalcat-
egoriesand relationshipsas definedby the de-
pendency parser. For instance,‘DP- ��� -s’ reflects
lexical overlappingbetweensubtreesof type ‘s’
(subject).Additionally, weconsiderthreecoarser
metrics, (‘DP- ��� -� ’ , ‘DP- � � - � ’ and ‘DP- � � -� ’ )
which correspondto theuniformly averagedval-
uesover all levels,categories,andrelationships,
respectively.

� On ConstituencyParsing (CP)

CP-STM(i)- � Thesemetricscorrespondto variantsof
the syntactic tree matching(STM) metric pre-
sentedby Liu andGildea(2005).

CP-��� - � Similarly to the ‘SP-�
	 -  ’ metrics, these
metricscomputelexical overlappingaccordingto
thepart-of-speech‘ � ’.

CP-� � - � Thesemetricscomputelexical overlapping
accordingto thephraseconstituenttype‘ � ’. The
differencebetweenthesemetrics and ‘SP-� � -  ’
variantsis in thephrasescope.In contrastto base
phrasechunks,constituentsallow for phraseem-
beddingandoverlapping.

2.4. Shallow-SemanticSimilarity
� On NamedEntities (NE)

NE- ��! - � Lexical overlappingbetweenNEs accord-
ing to their type � . For instance,‘NE- �#" -PER’
reflectslexical overlappingbetweenNEsof type
‘PER’ (i.e.,person),whichprovidesa roughesti-
mateof thesuccessfullytranslatedproportionof
personnames.We alsousethe ‘NE- ��" - � ’ metric,
whichconsidersaveragelexical overlappingover
all NE types. This metric focus only on actual
NEs. We usealso anothervariant, ‘NE- � " - �$� ’ ,
which includesoverlappingamongitemsof type
‘O’ (i.e.,Not-a-NE).

NE- % ! - � Lexical matchingbetweenNEs according
to their type � . For instance,‘NE- &'" -LOC’ re-
flectstheproportionof fully translatedlocations.
The ‘NE- & " - � ’ metric considersaveragelexical
matchingoverall NE types,excludingtype‘O’.

� On SemanticRoles(SR)

SR-� � - � Lexical overlappingbetweenSRs accord-
ing to their type � . For instance,‘SR-��� -A0’
reflectslexical overlappingbetween‘A0’ argu-
ments. ‘SR-�#� - � ’ considersthe averagelexical
overlappingoverall SRtypes.

SR-%(� - � Lexical matchingbetweenSRsaccording
to their type � . For instance,the metric ‘SR- & � -
AM-MOD’ reflectsthe proportionof fully trans-
latedmodaladjuncts.The ‘SR- &'� - � ’ metriccon-
sidersthe averagelexical matchingover all SR
types.



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

We alsousemorerestrictive versionsof thesemetrics
(‘SR-+',.- - / ’ , ‘SR-0#,.- - / ’ , and‘SR-0�,.- ’ ), which require
SRsto beassociatedto thesameverb.

2.5. SemanticSimilarity
1 On DiscourseRepresentations(DR)

We have designeda family of metricsoperatingover
semantictrees(GiménezandMàrquez,2008). These
treesarebasedon theDiscourseRepresentationThe-
ory (Kamp,1981).Threekindsof metricsaredefined:

DR-STM(i)- 2 Thesemetricsare similar to the ‘CP-
STM’ variantsdiscussedabove, in this caseap-
plied to DR structuresinsteadof constituency
trees.

DR- ) * - 3 These metrics compute lexical overlap-
ping between discourserepresentationsstruc-
tures(i.e.,discoursereferentsanddiscoursecon-
ditions)accordingto their type‘ 4 ’. For instance,
‘DR- 0#, -pred’ roughlyreflectslexical overlapping
betweenthe referentsassociatedto predicates
(i.e., one-placeproperties),We alsousethe ‘DR-
0 , - 5 ’ metric, which computesaveragelexical
overlappingoverall DRStypes.

DR- ) *76 - 3 These metrics compute morphosyntac-
tic overlapping(i.e., betweengrammaticalcat-
egories –parts-of-speech–associatedto lexical
items) betweendiscourserepresentationstruc-
tures of the same type. We also use a the
‘DR- 0#,98 - 5 ’ metric,whichcomputesaveragemor-
phosyntacticoverlappingoverall DRStypes.

3. Metrics at Work
In this section,we show how the rich set of metricsde-
scribedin theprevioussectionmaybeappliedto different
typesof erroranalysis.

3.1. Typesof Err or Analysis

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

1 document-level analysis, i.e., over a representative
setof testcases.Suchtype of analysisallows devel-
opersto quantifytheoverall systemperformance.For
thatreason,it is oftenalsoreferredto asanalysisat the
systemlevel.

1 sentence-level analysis, i.e., over individual test
cases.This typeof analysisallowsdevelopersto iden-
tify translationproblemsoverparticularinstances.

Second,accordingto theevaluationreferent:

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

#human-references 5
#system-outputs 7
#system-outputs-assessed 6
#sentences 1,056
#sentences-assessedper-system 266

Table1: Testbeddescription

A F A+F BL EU
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

1 contrastive analysis, i.e., on the performanceof MT
systemsin comparisonto otherMT systems.Thistype
of analysisis crucial for theMT researchcommunity
soasto advancetogether, by allowingsystemdevelop-
ersto borrow successfulmechanismsfrom eachother.

3.2. Data Set

We have applied our approachto several evaluation test
bedsfrom differentMT evaluationcampaigns.In the fol-
lowing,weexemplify theapplicationof heterogeneousMT
erroranalysesthroughthecaseof theArabic-to-Englishex-
ercisefrom the 2005 NIST MT evaluationcampaign(Le
andPrzybocki,2005).This testbedpresentstheparticular-
ity of providing automatictranslationsproducedby hetero-
geneousMT systems(i.e., systemsbelongingto different
paradigms).Specifically, all systemsarestatisticalexcept
one,LinearB, which is human-aided.A brief numericalde-
scriptionof this testbedis availablein Table1.
This dataset was usedby Callison-Burchet al. (2006)
to discussthe strongtendency of BLEU to favor statisti-
cal systems.Table2 illustratesthis factby showing overall
scoresfor LinearBandthebeststatisticalsystemaccording
to BLEU andhumanassessmentsof adequacy (A) andflu-
ency (F). Indeed,we foundout thatall : -grambasedmet-
rics exhibit a similar behavior, and that metricsoperating
atdeeperlinguistic levelsareableto producemorereliable
systemrankings(GiménezandMàrquez,2007).Thisresult
evincesthat, in order to performa rigorouserror analysis
of heterogeneoussystems,severalquality dimensionsmust
be taken into account. Therefore,this caseconstitutesan
excellentmaterialin order to test the applicability of our
approach.For thatpurpose,we have focusedon the auto-
maticoutputsby LinearBandthebeststatisticalsystemwe
hadaccessto (from now onreferredto as‘BestSMT’). We
have performedisolatedandcontrastive analyses,both at
thedocumentandsentencelevels.

3.3. Err or Analysisat the DocumentLevel

In first place,we analyzeMT quality at thedocumentlevel
Assistedby theheterogeneousmetricset,we studysystem
performanceover a numberof partial aspectsof quality.
Table3 showsevaluationresultsfor severalrepresentatives
from eachlinguistic level. Metrics aregroupedaccording
to thelinguistic level atwhich they operate.
It canbeobserved(columns2-3) that,aswe progressfrom
thelexical level to deeperlinguistic aspects,thedifference



Linear Best
Level Metric K I NG 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
ROUGE; 0.68 0.31 0.33
METEOR<>=$?9@A= 0.68 0.64 0.68
SP-OB -C 0.64 0.52 0.55
SP-OB -J 0.26 0.53 0.59
SP-OB -N 0.53 0.57 0.63
SP-OB -V 0.43 0.39 0.41
SP-OD -C 0.63 0.54 0.57

Shallow SP-OD -NP 0.60 0.59 0.63
Syntactic SP-OD -PP 0.38 0.63 0.66

SP-OD -VP 0.41 0.49 0.51
SP-NISTE -5 0.69 10.78 11.44
SP-NISTB -5 0.71 8.74 9.04
SP-NISTFHGJI -5 0.65 6.81 6.91
SP-NISTD -5 0.57 6.13 6.18
DP-HWC< -4 0.59 0.14 0.14
DP-HWCD -4 0.48 0.42 0.41
DP-HWCK -4 0.52 0.33 0.31
DP-OE -C 0.58 0.41 0.43
DP-OD - C 0.60 0.50 0.51
DP-OD -aux 0.14 0.56 0.54
DP-OD -det 0.35 0.75 0.73

Syntactic DP-OK -C 0.66 0.36 0.36
DP-OK -fc 0.21 0.26 0.24
DP-OK -i 0.60 0.44 0.43
DP-OK -obj 0.43 0.36 0.35
DP-OK -s 0.47 0.52 0,45
CP-OD - C 0.63 0.50 0.53
CP-OD -VP 0.59 0.49 0.52
CP-STM-9 0.58 0.35 0.35
NE-M L -C 0.32 0.53 0.56
NE-M L -ORG 0.11 0.27 0.29
NE-M L -PER 0.13 0.34 0.34

Shallow SR-MK - C 0.50 0.19 0.18
Semantic SR-MK -A0 0.33 0.31 0.30

SR-MK -A1 0.28 0.14 0.14
SR-OK 0.41 0.64 0.63
SR-OK -C 0.53 0.36 0.37
SR-OK -AM-TMP 0.13 0.39 0.38
DR-OK - C 0.59 0.36 0.34
DR-OK -card 0.12 0.49 0.45
DR-OK -dr 0.56 0.43 0.40
DR-OK -eq 0.12 0.17 0.16

Semantic DR-OK -named 0.38 0.48 0.45
DR-OK -pred 0.55 0.38 0.36
DR-OK -prop 0.39 0.27 0.24
DR-OK -rel 0.56 0.38 0.34
DR-STM-9 0.40 0.26 0.26

Table3: Documentlevel analysis

in favor of the BestSMT systemdiminishesand, indeed,
endsreversingin favor of theLinearBsystemwhenwe en-
ter thesyntacticandsemanticlevels.
Our heterogeneoussetof metricsalsoallows usto analyze
very specificaspectsof quality. For instance,lexical met-
rics tell usthattheLinearBsystemdoesnot matchwell the

expectedreferencelexicon. This is corroboratedby ana-
lyzing shallow-syntacticsimilarities.For instance,observe
how, while BestSMT is betterthanLinearB accordingto
‘SP-OB -JMN MV’ metrics,which computelexical overlapping
respectively over adjectives,nounsand verbs,LinearB is
betterthan Best SMT at translatingdeterminers(‘DP-OD -
det’) andauxiliaryverbs(‘DP-OD -aux’), closedgrammatical
categorieswhich are, therefore,presumablylessproneto
suffer theeffectsof a biasedlexical selection.
At the syntacticlevel, differencesbetweenboth systems
arerathersmall. Metricsbasedon dependency parsingas-
signtheLinearBsystemahigherquality, bothoverall (‘DP-
HWCK -4’ and ‘DP-OK - C ’ ) andwith respectto finer aspects
suchasthe translationof finite complements(‘DP-OK -fc’ ),
clauserelations(‘DP-OK -i’ ), verbobjects(‘DP-OK -obj’), and
speciallysurfacesubjects(‘DP-OK -s’). In contrast,metrics
basedon constituentanalysistendto preferthe BestSMT
systemexceptfor the‘CP-STM-9’ metricwhichassignsboth
systemsthesamequality.
As to shallow-semanticmetrics,it canbeobservedthatLin-
earBhasmoreproblemsthanBestSMT to translateNEs,
exceptfor thecaseof personnames.In thecaseof semantic
argumentsandadjunctsthetwo systemsexhibit averysim-
ilar performancewith aslightadvantageonthesideof Lin-
earB,bothoverall (‘SR-M K -C ’ and‘SR-OK ’ ) andfor fine as-
pectssuchasthetranslationof agentroles(‘SR-M K -A0’) and
temporaladjuncts(‘SR-M K -AM-TMP’ ). Also, it canbe ob-
servedthatbothsystemshavedifficultiesto translatetheme
roles(‘SR-M K -A1’).
At the properly semanticlevel (i.e., over discourserep-
resentations),observe how there is not a single metric
which ranksthe Best SMT systemfirst. LinearB is con-
sistently better at translatingbasic discourserepresenta-
tion structures(‘DR-O K -dr’), cardinalexpressions(‘DR-O K -
card’), NEs (‘DR-O K -named’), equalityconditions(‘DR-O K -
eq’), predicates(‘DR-O K -pred’), relations(‘DR-O K -rel’) and
propositionalattitudes(‘DR-O K -prop’), andoverall(‘DR-O K -
C ’ ). It canalsobe observed that both systemshave prob-
lemsto translateequalityconditions.Finally, bothsystems
are assignedthe samequality accordingto semantictree
matching(‘DR-STM-9’).

Meta-Evaluation
Metric quality hasbeenevaluatedon the basisof human
likeness,i.e., in termsof the metric ability to discernbe-
tweenmanualand automatictranslations(Corston-Oliver
et al., 2001; Lin and Och, 2004b; Kuleszaand Shieber,
2004; Amigó et al., 2005; Gamonet al., 2005). We have
computedhumanlikenessthroughthe KING measurede-
finedinsidetheQARLA Framework (Amigó etal., 2005)3.
Givena metric N , a setof humanreferencesO , anda setof
automatictranslationsP , KING QSR T#UVNXW representstheprob-
ability, estimatedoverall sentencetestcases,thata human
referencein O doesnot receive a lower N scorethanthe N
scoreattainedby any automatictranslationin P . Broadly
speaking,KING is a measureof discriminativepower. For

3For KING computationwehaveusedonly theautomaticout-
putsprovidedby theLinearBandBestSMT systems.We did not
limit to segmentscountingon humanassessments.All segments
wereused.



ReferY ence1: Over 1000monksandnuns, observersandscientistsfrom over 30countriesandthehostcountryattended
thereligioussummitheldfor thefirst time in Myanmarwhich startedtoday, Thursday.

2: More than1000monks, nuns, observersandscholarsfrom morethan30countries, includingthehostcountry,
participatedin thereligioussummitwhichMyanmarhostedfor thefirst timeandwhichbeganonThursday.

3: Thereligioussummit, stagedby Myanmarfor thefirst timeandbeganonThursday, wasattendedby over
1,000monksannuns, observersandscholarsfrom morethan30 countriesandhostMyanmar.

4: More than1,000monks, nuns, observersandscholarsfrom morethan30 countriesandthehostcountryMyanmar
participatedin thereligioussummit, which is hostedby Myanmarfor thefirst time andwhich beganon Thursday.

5: Thereligioussummit, whichstartedon Thursdayandwashostedfor thefirst timeby Myanmar, wasattendedby
over 1,000monksandnuns, observersandscholarsfrom morethan30countriesandthehostcountryMyanmar.

Inf ormation: (1) Z subject: over/morethan1,000monksandnuns,observersandscientists/scholarsfrom over/morethan30
countries, and/includingthehostcountryaction: attended/participatedin object: thereligioussummit

(2) Z subject: thereligioussummitaction: began/startedtemporal: onThursday
(3) Z object: thereligioussummitaction: hostedsubject: by Myanmarmode: for thefirst time

LinearB: 1000monksfrom morethan30 StatesandthehostStateMyanmarattendedtheSummit, which began
onThursday, hostedby Myanmarfor thefirst time .

BestSMT: Religiousparticipatedin thesummit, hostedby Myanmarfor thefirst time beganon Thursday, asan
observer andtheworld of the1000monknunfrom morethan30 countriesandthehoststateMyanmar.

Table4: Testcase#637

instance,if a metric obtainsa KING of 0.6, it meansthat
in 60% of the testcases,it is ableto explain by itself the
differencein quality betweenmanualandautomatictrans-
lations.
In the context of error analysis,KING serves as an esti-
mateof the impactof specificquality aspectson the sys-
temperformance.In thatrespect,it canbeobserved(Table
3, column1) that metricsat the lexical, shallow-syntactic
andsyntacticlevelsattainslightly higherKING valuesthan
metricsbasedon semanticsimilarities. We speculatethat
a possibleexplanationmay be found in the performance
of linguistic processorswhoseeffectivenesssuffers a sig-
nificant decreasefor deeperlevels of analysis. Also, ob-
serve thatfiner grainedmetricssuchas ‘SP-O[ -J’ (i.e., lex-
ical overlappingover adjectives), ‘NE-M \ -ORG’ (i.e., lex-
ical matching over organizationnames)or ‘DR-O ] -card’
(i.e., lexical overlappingover cardinalexpressions)exhibit
amuchlowerdiscriminativepower. Thereasonis thatthey
coververypartialaspectsof quality.

3.4. Err or Analysis at the SentenceLevel

Theheterogeneoussetof metricsallows us to analyzedif-
ferentdimensionsof translationqualityover individual test
cases.In this manner, we canbettersearchfor problematic
casesaccordingto differentcriteria.For instance,wecould
seektranslationslackingof subject(‘DP- ^ ] -s’) and/oragent
role (‘SR-̂ ] -A0’). Or, at a moreabstractlevel, by simul-
taneouslyrelying on syntacticand semanticmetrics, we
could,for instance,locatea subsetof possiblywell-formed
translations(i.e.,highsyntacticsimilarity) whichsomehow
donotmatchwell thereferencesemanticstructure(i.e.,low
semanticsimilarity).

A Caseof Analysis
We have inspectedparticularcases.For instance,Table4
presentsthe caseof sentence637 in which accordingto
BLEU thetranslationby BestSMT is rankedfirst, whereas
accordingto humanassessmentsthetranslationby LinearB
is judgedof a superiorquality both in termsof adequacy
andfluency. This caseis deeplyanalyzedin Table5. In

Linear Best
Level Metric B SMT

Human Adequacy 3 2
Fluency 3.5 2
1-TER 0.53 0.51

Lexical BLEU 0.44 0.45
METEOR_>`$a�b�` 0.59 0.64
SP-O[ -c 0.52 0.51

Shallow SP-O[ -NN 0.67 0.38
Syntactic SP-O[ -NNP 0.60 0.75

SP-O[ -V 0.40 0.75
DP-HWC_ -4 0.17 0.16
DP-O] -c 0.46 0.44
DP-O] -mod 0.62 0.41
DP-O] -obj 0.29 0.00
DP-O] -pcomp-n 0.71 0.39

Syntactic DP-O] -rel 0.33 0.00
CP-Od - c 0.59 0.48
CP-Od -NP 0.59 0.55
CP-Od -PP 0.57 0.54
CP-Od -SB 0.73 0.00
CP-Od -VP 0.64 0.42
CP-STM-9 0.34 0.23

Shallow SR-O] 0.84 0.25
Semantic SR-O] - c 0.56 0.18

SR-O] -A0 0.44 0.10
SR-O] -A1 0.57 0.28
DR-O] - c 0.45 0.34
DR-O] -dr 0.57 0.40

Semantic DR-O] -nam 0.75 0.24
DR-O] -pred 0.44 0.45
DR-O] -rel 0.51 0.32
DR-STM-9 0.32 0.29

Table5: Analysisof testcase#637

spiteof its ill-formednessthetranslationby BestSMT de-
ceivesall lexical metrics.Particularlyinterestingis thecase
of ‘METEOR_>`$a9bA` ’ , a metric designedto dealwith differ-
encesin lexical selection,by allowing for morphological
variationsthroughstemming,andsynonyms throughdic-
tionary lookup. METEOR is in this case,however, unable



LinearB: You shouldcooperateandsupportoneanother.
BestSMT: You thatyouwill bemoreandmorecooperativeunit someof you andsupporteachother.

Reference1: You mustbemoreunitedandmorecooperativeandyoumustsupporteachother.
2: You mustbemoreunitedandcooperativeandsupportiveof eachother.
3: You mustbemoreunitedandcooperativeandsupportiveof eachother.
4: You haveto bemoreunitedandmorecooperative, andsupporteachother.
5: You haveto bemoreunitedandmorecooperativeandyouhave to supporteachother.

Table6: TranslationCase#149.

Linear Best
Level Metric B SMT

Human Adequacy 4 1.5
Fluency 5 1.5
1-PER 0.36 0.62
1-TER 0.36 0.49

Lexical BLEU 0.00 0.37
NIST 1.64 9.42
METEORe>f$g�hAf 0.32 0.67
SP-ikj -l 0.25 0.46

Shallow SP-ikj -V 0.17 0.40
Syntactic SP-inm -l 0.19 0.43

SP-inm -NP 0.43 0.50
SP-i m -VP 0.14 0.40
DP-HWCe -4 0.07 0.12

Syntactic DP-HWCm -4 0.32 0.19
DP-HWCo -4 0.32 0.25
CP-STM-4 0.33 0.36

Shallow SR-p'o - l 0.14 0.67
Semantic SR-i o - l 0.10 0.75

DR-i o - l 0.17 0.26
DR-i o j -l 0.24 0.26

Semantic DR-i�o j -drs 0.27 0.30
DR-i�o j -pred 0.29 0.40
DR-i o j -rel 0.30 0.24
DR-STM-4 0.25 0.45

Table7: Analysisof testcase#149

to dealwith differencesin word ordering.

In contrast,scoresconferredby metricsatdeeperlinguistic
levelsreveal,in agreementwith humanevaluation,thatLin-
earBproduceda morefluent (syntacticsimilarity) andad-
equate(semanticsimilarity) translation. Overall syntactic
andsemanticscores(e.g.,‘DP-Oo -l , ‘CP-STM-9’, ‘SR-Oo - l ,
‘DR-O o -l and‘DR-STM-9’), all lower than0.6,alsoindicate
that importantpiecesof informationwerenot capturedor
only partiallycaptured.

Getting into details, by analyzingfine shallow-syntactic
similarities, it can be observed, for instance,that, while
LinearB successfullytranslateda largerproportionof sin-
gular nouns,BestSMT translatedmorepropernounsand
verbforms.Analysisat thesyntacticlevel reportsthatLin-
earBcapturedmoredependency relationsof several types
(e.g.,word adjunctmodifiers,verb objects,nominalcom-
plementsof prepositions,andrelative clauses),andtrans-
lated a larger proportion of different verb phrasetypes
(e.g., noun, prepositionaland verb phrases,and subordi-
natedclauses).As to shallow-semanticsimilarity, it canbe
observedthatthelevel of lexical overlappingoververbsub-
jectsandobjectsattainedby LinearBis significantlyhigher.

At the semanticlevel, the discourserepresentationassoci-
atedto LinearBis, in general,moresimilar to thereference
discourserepresentations.Only in the caseof predicate
conditions,bothsystemsexhibit a similarperformance.

Difficult Cases
Oneof themainproblemsof currentautomaticMT evalu-
ationmethodsis thattheir reliability dependsverystrongly
on the representativity of the setof referencetranslations
available. In other words, if referencetranslationscover
only a small part of the spaceof valid solutions,the pre-
dictivepowerof automaticmetricswill decrease.Thismay
beparticularlydangerousin thecaseof q -grambasedmet-
rics, which are not able to deal with differencesin lexi-
cal selection. For instance,Tables6 presentsa casein
which theLinearB is unfairly penalizedby lexical metrics
for its strongdivergencewith respectto referencetransla-
tionswhile theBestSMT systemis wronglyfavoredfor the
oppositereason4.
Metricsat deeperlinguistic levelsallow for partially over-
comingthis problemby inspectingsyntacticandsemantic
structures.However, asit canbe observed in the casese-
lected, thesestructuresmay also exhibit a greatvariabil-
ity. For instance,thetranslationby LinearBis considerably
shorterthanexpectedaccordingto humanreferences.Be-
sides,while referencetranslationsuse“you must” or “you
have”, the LinearB translationuses“you should”. Also,
LinearBselectedtheverbform “cooperate”insteadof “be
moreunitedandcooperative”, etc.Table7 showsthescores
conferredby several metrics. It canbe observedhow lex-
ical metricscompletelyfail to reflectthe actualquality of
the LinearBoutput. Indeed,only somedependency-based
metricsareableto captureits quality (e.g.,‘DP-HWCm ’ ).
In the casedepictedin Table8, differencesaremostly re-
lated to the sentencestructure. Table 9 shows the scores
conferredby several metrics. It can be observed, for in-
stance,that several lexical metricsareableto capturethe
superiorquality of the LinearB translation. In contrast,
metricsatdeeperlinguistic levelsdo not reflect,in general,
this differencein quality. Interestingly, only somesyntax-
basedmetrics confer a slightly higher score to LinearB
(e.g., ‘SP-i j -l ’ ‘DP-HWCe -4’ ‘CP-i j - l ’ ‘CP-inm - l ’ , etc.).
All thesemetricssharethe commonpropertyof comput-
ing lexical overlapping/matchingover syntacticstructures
or grammaticalcategories.

4LinearB translationreceiveshigh scoresfrom humanasses-
sors,but a null BLEU score. In contrast,the BestSMT system
attainsa high BLEU score,but receiveslow scoresfrom human
assessors.



LinearB: It is importantto analyzeandaddresstheseproblemsproperly.
BestSMT: It shouldbeto analyzetheseproblemsandtake themup properly.

Reference1: We mustanalyzetheseproblemsandhandlethemcorrectly.
2: Sowe mustanalyzetheseproblemsandtake themin theright way .
3: We mustcorrectlyanalyzeandproperlyhandletheseproblems.
4: And soit is imperative thatweanalyzetheseproblemsanddealwith themproperly.
5: And sowe mustcorrectlyanalyzeandproperlyhandletheseproblems.

Table8: TranslationCase#728.

Linear Best
Level Metric B SMT

Human Adequacy 4.5 2.5
Fluency 5 2.5
1-PER 0.63 0.48
1-TER 0.55 0.48

Lexical BLEU 0.00 0.46
NIST 7.82 9.97
ROUGEr 0.25 0.29
METEORs>t$u�vAt 0.54 0.44

Shallow SP-wkx -y 0.44 0.39
Syntactic SP-wkx -PRP 0.50 0.33

SP-wnz -y 0.28 0.38
DP-w�z - y 0.48 0.47
DP-HWCs -4 0.23 0.16
DP-HWCz -4 0.31 0.42
DP-HWC{ -4 0.21 0.43
DP-w { -y 0.25 0.36
DP-w#{ i 0.44 0.43

Syntactic DP-w#{ mod 0.11 0.33
DP-w#{ s 0.50 0.50
CP-w x - y 0.45 0.41
CP-w
x -RB 0.50 0.50
CP-w z - y 0.43 0.38
CP-w�z -VP 0.42 0.38
CP-STM-4 0.48 0.59

Shallow SR-w { - y 0.42 0.44
Semantic SR-w#{ 0.88 0.86

DR-w�{ - y 0.20 0.36
DR-w�{9x -y 0.52 0.60

Semantic DR-w�{ -drs 0.22 0.37
DR-w { -pred 0.25 0.33
DR-w�{ -rel 0.20 0.45
DR-STM-4 0.25 0.33

Table9: Analysisof testcase#728

In order to dealwith divergencesbetweensystemoutputs
and referencetranslations,other authorshave suggested
taking advantageof paraphrasingsupportso as to extend
thereferencematerial(Russo-Lassneret al., 2005;Zhouet
al., 2006; KauchakandBarzilay, 2006; Owczarzaket al.,
2006).We believe thetwo approachescouldbecombined.

4. Conclusionsand Future Work
We have presenteda valid pathtowardsheterogeneousau-
tomaticMT error analysis.Our approachallows develop-
ersto rapidlyobtaindetailedautomaticlinguisticreportson
their system’s capabilities.Thus,humanefforts may con-
centrateon high-level analysis.
Still, our proposalpresentsa limitation. It relieson a rich
set of evaluationmeasures,most of which are basedon

languagedependentautomaticlinguistic processorswhich
maynot bealwaysavailableandwhosequality mayvary5.
However, in our opinion,althoughtheseresourcesmaybe
expensive to produce,unlike manualevaluations,they of-
fer theimportantadvantageof beingreusablealongthede-
velopmentcycle assystemsandmetricsimprove. Besides,
they areusefulfor NLP applicationsin general.
For future work, we plan to enhancethe interfaceof the
evaluationtool, currentlyin text format,soasto allow for a
fastandelegantvisualaccessfrom differentviewpointscor-
respondingto thedifferentdimensionsof quality. Besides,
evaluationmeasuresgenerate,asaby-passproduct,syntac-
tic andsemanticanalyseswhich couldbe displayed.This
would allow usersto separatelyanalyzethe translationof
differenttypesof linguistic elements(e.g.,constituents,re-
lationships,arguments,adjuncts,discourserepresentation
structures,etc.). For instance,missingor partially trans-
latedelementscouldappearhighlightedin differentcolors.
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