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Abstract

Human translators are the key to evaluating
machine translation (MT) quality and also
to addressing the so far unanswered ques-
tion when and how to use MT in profes-
sional translation workflows. Usually, hu-
man judgments come in the form of rank-
ing outputs of different translation systems
and recently, post-edits of MT output have
come into focus. This paper describes
the results of a detailed large scale hu-
man evaluation consisting of three tightly
connected tasks: ranking, error classifica-
tion and post-editing. Translation outputs
from three domains and six translation di-
rections generated by five distinct transla-
tion systems have been analysed with the
goal of getting relevant insights for further
improvement of MT quality and applica-
bility.

Introduction and related work

A widely used practice for MT evaluation is rank-

This paper describes the results of detailed hu-
man evaluation covering all three aspects: ranking,
error classification and post-editing. The approach
arises from the need to detach MT evaluation from
a pure research-oriented development scenario and
to bring it closer to the end users. Therefore, eval-
uation has been performed in close co-operation
with translation industry. All evaluation tasks have
been performed by qualified professional transla-
tors. The evaluation process has been designed
in order to answer particular questions closely re-
lated to the applicability of MT within a real-time
professional translation environment, such as: Is
the best ranked translation output also the best for
post-editing? What criteria guide the selection pro-
cess? Which error types are occurring in different
translation systems? What types of post-edit oper-
ations are carried out in particular translation out-
puts? What are the differences between different
language pairs and domains?

2 Human evaluation design

Human evaluation has been performed focussing
on three different aspects: ranking, analysis of

ing outputs of different machine translation sysyangjation errors and post-editing effort. The in-

tems by human annotators, €.g. in WMT sharegyeq janguages were German, English, Spanish

tasks (Callison-Burch etal., 2012). While this is an,\ French, The evaluation tasks were performed

important step towards an understanding of thejfy o,sernal language service providers. We asked

guality, it does not provide enough scientific in'j[hem to treat this job as any other job, i.e. apply

sights. In the last years, human error analysis igq \sal standards. They usually assign one trans-

often carried outin order to better understand somgy; per test set, and the raters are normally native
phenomena (Vilar et al., 2006), and recently morg

=t ) ) eakers of the target language. We did not influ-
and more attention is paid to various aspects (%fr)lce the number of translators working on it.
post-editing effort (Specia, 2011; Koponen, 2012).
However, to the best of our knowledge, no stud@.1 Translation systems used

has been carried out yet which puts all these aghg eyaluated translation outputs presented in this

pects together. work are produced by German-English, German-
French and German-Spanish machine translation
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systems in both directions. The test sets corthe defined sentence-level evaluation tasks using
sist of three domains: news texts taken fronthe browser-based evaluation tool Appraise (Fed-
WMT tasks (Callison-Burch et al., 2010), techni-ermann, 2010). The reference translation was not
cal documentation extracted from the freely availshown in any task, only the source sentence and
able OpenOffice project (Tiedemann, 2009) anthe translation output.
client data owned by project partners.

The following translation systems were consid2-2 Evaluation tasks

ered: The evaluation tasks were defined as follows:

Moses (Koehn et al.,, 2007): a phrase-based Ranking: for each source sentenceank the

statistical machine translation (SMT) system
trained on news texts and technical documen-
tation (no client data were available for train-

ing).

Jane (Vilar et al., 2010): a hierarchical phrase-
based SMT system trained on news texts an
technical documentation (no client data were
available for training).

Lucy MT (Alonso and Thurmair, 2003): a
commercial rule-based machine translation
(RBMT) system with sophisticated hand-
written transfer and generation rules adapted
to domains by importing domain-specific ter-
minology.

RBMT : Another widely used commercial rule-
based machine translation system whose
name is not mentioned hete.

Google Translateé: a web-based machine trans-
lation engine also based on statistical ap-
proach. Since this system is known as one of
the best general purpose MT engines, it has
been included in order to allow us to assess
the performance level of our SMT system and
also to compare it directly with other MT ap-
proaches.

Trados®: a professional Translation Memory
System (TMS) whose translation memory has
been enriched with the same News parallel
data that our SMT systems were trained on.

The translation outputs were generated by the de-
scribed systems prepared for the German-English,
German-French and German-Spanish language
pairs in both directions, and then given to the pro-
fessional human annotators in order to perform

IWe have been asked to anonymise this system; for this rea-
son, we refer to Lucy and this other systemrasmT1 and
RBMT2 without revealing which is which.

2http://transl ate. googl e. cont

Shttp://wwww. trados. conl en/

outputs of five different MT systems (Trados
is excluded, explanation below) according to
how well these preserve the meaning of the
source sentence. Ties were allowed.

dError classification: Error classification is a

rather complex and time-consuming task,
therefore only translation outputs generated
by a subset of source sentences was pro-
cessed. The following error categories on the
word level were taken into account: incorrect
lexical choice, terminology error, morpholog-
ical error, syntax error, misspelling, insertion,
punctuation error and other error. For each
category, two grades were defined: severe and
minor. In addition, the category of missing
words was defined on the sentence level: the
evaluators should only decide if omissions are
present in the sentence or not. For the trans-
lation outputs of particular low quality, a spe-
cial category “too many errors” was offered.

Post-editing This task was divided into two sub-

tasks:

Select and post edit for each source sen-
tence, select the translation outpwtich
is easiest to post-edit (which is not nec-
essarily the best ranked) and perform the
editing.

Post-edit all: For this task again a subset of
source sentences was taken into account
due to complexity of post-editing trans-
lations of a low quality. For each source
sentence in the selected subset, post-edit
all produced translation outputs.

For both post-editing sub-tasks, the transla-
tors were asked to perform only the minimal
post-editing necessary to achieve acceptable
translation quality. An option "Translate from
scratch” was available as well: the translators
were instructed to use it when they think that a
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| | News | OpenOffice| Client | Total | percentage of sentences where the particular sys-

de-en|| 1788 418 500 2706 tem has better or equal rank than the other sys-
de-es| 514 414 548 1476 tems. The first row presents the overall ranks for
de-fr 912 412 382 1706 the five systems, then separate results are presented
en-de| 1744 414 0 2158 for each domain as well as for each translation di-
es-de| 101 413 1028 || 1542 rection. Bold face indicates the best system and
fr-de | 1852 412 0 2264 italic the second best system.

[ Total ]| 6911 2483 | 2458 || 11852] Google performs best most often. However, for the
German-to-Spanish translatiorRemMT1 performs
Table 1: Test sets — number of source sentences gdmost equally. In general, it can be observed
language pair and domain. that the two rule-based systems perform compa-
rably well except for the language pair German-
o to-Spanish where theBMT1 system performs sig-
completely new translation Is faster than IOOSthificantly better thamBmT2. This strengthens the
editing. observation that rule-based systems heavily rely on
The sizes of test sets for each language pair atge @mount of effort that is put into the develop-
domain can be seen in Table 1. ment of certain language pairs. Apart from that,
The results are presented in the following section&!l Systems perform comparably close.
It should be noted that the Google Translate system
was not considered as an option for error classific&.2 Error classification
tion and post-editing, and the Trados memory was

not used for ranking. The reasoning behind thesEne error classification results are presented in
decisions is: Table 3 — for each translation system, raw er-

ror counts in its output were normalised over to-
e Google: This system was taken into accountal number of sentences generated by this system.
only for the sake of comparison —we have ndhus, the percentage “12.9” in the column "Jane”
way to influence on potential improvementsand row "lexical choice (minor)” can be inter-
of this system. preted as follows: in 100 sentences translated by
_ . Jane there is a total of 12.9 minor lexical choice
e Trados: Translation memories are the MoSt ors. The exact error distribution among the sen-
widely used by human translators, thereiences is not indicated by these numbers. It can be
fore they should be part of the evaluationgeen that the most frequent errors in all systems are
Thgir pgrformance depends on their_cor!ten(A,rong lexical choices, terminology errors andsyn-
which is usually extended and maintaineday errors, One observation is that the rule-based
over years. However, within the scope Ofgystems have more problems with terminology er-
this work, it was not possible to design argrg than statistical systems. On the other hand,

fully fair comparison between this technol- ey nroduce less severe morphological errors and
ogy and MT systems in general. Tran3|a'significantly less omissions.

tion Memories (TM) like Trados are usually
filled over time by human translators in pro-

Another interesting observation is that the num-
duction workflows. As we did not have suchber of severe errors forall errortype_s 'S hlgher than
the number of minor errors. Exceptions include in-

resources for theARAXU data, we automat- . .
. , . correct lexical choice for the rule-based systems,
ically filled one TM with part of the data. For

where both are nearly the same.

this reason, we cannot expect it to perform _
like a "normal” TM. We integrated itinto our  From this table, one can generate recommenda-

tool chain on a more explorative basis. tions for the most effective system improvements.
It seems that better syntactic modelling and im-
3 Results provement of terminology use should have the best

) effect. Lexical choice in general is also an issue,
3.1 Ranking but the solution would probably require modelling
The results for the ranking task are shown in Taef meaning, context and world knowledge, which
ble 2. The rank for each system is calculated amay be even more demanding.
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| rank> | Google| Jane| Moses| RBMT1 | RBMT2 |

[Overall || 744 |47.6] 576 | 693 | 67.4 |
News 728 | 426] 553 | 680 | 66.2
OpenOffice| 66.5 | 45.7| 55.1 | 57.0 | 589
Client 826 |58.2| 640 | 796 | 752
de-en 768 | 438] 518 | 632 | 634
de-es 776 |53.6| 55.8 | 770 | 445
de-fr 696 |50.3| 602 | 69.9 | 69.3
en-de 763 | 422| 540 | 65.7 | 67.7
es-de 771 | 626| 69.4 | 751 | 78.4
fr-de 68.2 | 40.3| 556 | 685 | 79.4

Table 2: Ranking resultstank> is defined as percentage of sentences where the particgl@nsys
ranked better or equal than the other systems.

Nerr /Nsent (%) Jane| Moses| RBMT1 | RBMT2
lexical choice minor| 12.9| 15.1 23.1 18.4
severe| 22.1| 21.8 23.0 18.7

terminology minor| 5.9 6.6 11.6 10.4
severe| 27.0| 29.3 44.2 37.2

morphology minor| 17.8| 8.0 9.2 7.8
severe| 14.3| 16.2 11.7 11.9

syntax minor| 7.8 7.6 9.8 9.7
severe| 27.5| 36.6 28.3 28.4

misspelling minor| 5.8 2.5 3.4 3.8

severe| 5.6 1.7 1.8 1.3
insertion minor| 3.6 3.1 6.7 4.1
severe| 7.0 6.7 7.1 7.1
missing words 19.7| 205 10.1 8.7
punctuation minon 5.4 5.4 9.8 8.1
severe| 2.6 2.9 1.7 4.0
other minor| 1.3 15 1.6 2.8
severe| 3.4 2.3 2.7 3.3
too many errors 41.2| 424 33.3 41.2

Table 3: Error classification results: for each system, rawrecounts are normalised over the total
number of evaluated sentences generated by this system.
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3.3 Post-editing % of selected sentences

. . rank| Overall| Jane| Moses| RBMT1 | RBMT2
H - he diff e
uman post-edits were used to study the differenc =17 6511 639 288 736

between selecting sentences for easier post-editin

and for ranking (based on meaning), to compaie 19.1 | 214| 22.9 15.3 18.7
different translation systems, as well as to compa 'e3 6.5 9.3 9.2 4.2 5.5
sentences selected for post-editing with the rest oft 2.7 4.2 4.0 L7 21
the sentences.

Table 5: Percentage of sentences with a given rank
3.3.1 Select and post-edit selected as the best for post-editing; no Google for

selection, no Trados for ranking.
Table 4 presents the percentage of sentences se-

lected for post-editing forfou_r machine translatio source Dazu ist ein Schraubendreher erforder-
systems and Trados translation memaouold face lich.
indicating the most selected system. TH@vT1 Rank
system is generally selected most often. A pos i-l
ble explanation is the fact that this system mostly
produces well structured sentences even if they2
are only partially correct translations of the inpu 3
sentence. In contrast, ungrammatical outputs (of-4
ten generated by statistical systems) might contain
better “material” but e.g. in the wrong word or-
der therefore being dispreferred. Future work i

needed to shed more light on these decisions. F?zr:lble 6: Example of discrepance between ranking

the News task, it is comparable Wlth. URBMIT2 and post-editing: the third ranked sentence is cho-
system, for the OpenOffice tasks with both sta- o
tistical systems, and for the client data it is out>" for post-editing.
performed by Trados — this could be expected,

since translation memories were filled with vari-3.3.3 Edit operations for different translation
ous types of client data. As for different transla- systems

tion directions, no significant differences can be | order to obtain better insight into the na-

observed except for the French-to-German whefgre of post-edit corrections and to learn more

Trados was selected very seldom: nevertheless, fgpout differences between the systems, automatic
this translation direction no client data were availggit analysis was performed by using the Hjerson
able. tool (Popovic, 2011) using the post-edited transla-
tions as references. The following five types of ed-
its were distinguished: correcting word form (mor-
Table 5 shows percentage of sentences selectghology), correcting word order, adding missing
as the best for post-editing for each of four ranksvord, deleting extra word and correcting lexical
from the ranking task (1 being the best, 4 thehoice. The results are presented in the form of
worst). Intuitively one could expect that the tasksdit rates, i.e. the total number of edits normalised
are (almost) the same; however, only 70% of sesver the total number of words.
lected sentences were ranked as best. About 20%The overall edit rates for each of the five edit
of selected sentences were ranked as second begbes for four machine translation systems and
and 10% had one of the two lowest ranks. Trados memory are shown in Table 7. The most
Table 6 shows an example of a third rankedrequent correction for all systems is the lexical
translation selected for post-editing extracted fronshoice, followed by the word order. Furthermore,
German-to-English client data: one word remained can be seen that the rule-based systems better
untranslated thus significantly degrading the quahandle morphology and induce less missing words.
ity. On the other hand, the correction of this senThe same tendencies were also observed in the hu-
tence is easy — it requires only one edit operatiooman error classification results presented in Sec-
namely replacing this (German) word with the cortion 3.2, indicating that efforts should definitely
rect (English) one. be put on improving syntactical and lexical models

Translation output
For this purpose a screwdriver is neces-
sary.

In addition a screwdriver is necessary.
This requires a Schraubendreher.
This would require an Schraubendreher
required.

edit(3) This requires a screwdriver.

3.3.2 Selection for post-editing vs. ranking
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| Nsctccted/Niotar (%) || Jane| Moses| RBMT1 | RBMT2 | Trados|

| Overall [124] 186 | 31.4 | 237 [ 138 |
News 9.2 208 | 312 | 331 | 57
OpenOffice 26.3| 28.0 29.9 14.8 1.2
Client 80| 84 | 328 | 144 | 365
de-en 146] 205 | 29.0 | 251 | 10.8
de-es 133| 170 | 454 | 43 | 203
de-fr 95| 189 | 29.8 | 285 | 133
en-de 10.7] 229 | 282 | 234 | 1438
es-de 15.7| 142 | 36.4 | 111 | 227
fr-de 114] 185 | 209 | 490 | 03

Table 4: Percentage of sentences selected for post-eddinfpur machine translation systems and
translation memory Trados.

correcting | correcting adding deleting correcting

word form | word order| missing word| extra word | lexical choice
Jane 4.6 6.5 7.7 21.2 37.4
Moses 4.2 7.8 9.4 21.0 27.6
RBMT1 3.9 7.3 4.4 7.3 23.9
RBMT2 4.7 9.4 4.9 7.8 26.2
Trados 2.0 3.3 8.2 7.9 61.7

Table 7: Five types of edits for five translation outputs:ueal are normalised over the total number of
words generated by the corresponding system.

for all machine translation systems. As for Trados, source <Frm id="15"/>Gefahr durch elekj

the majority of edits are lexical due to untranslated trische Spannung
portions which are not contained in the memory. Jane The European UnionFrm id = "15" /.
Apart from that, an unusally large amount of in- risk posed by voltage
sertions can be observed in statistical translatignMoses This happening Frm ID = ™ / 15-in
outputs. danger from voltage

In order to understand better the described re-RBMT1<Frm id="15"/>Danger through elec-
sults, further analysis on different language pairs tric tension _
and domains was carried out. Different IanguageRBMTZ;';girc')n'd:”15”/>Danger by electrical

pairs do not seem to have a big effect; on the other. R
hand some edit rates significantly differ for distinct 11ados<Frm id="15"/>Gefahr durch elek
domains. The results for separated domains igp trische Spannung

presented in Table 8. First of all, it can be seen that€dit ~ <Frmid=15/>Danger by electrical ten
a large number of insertions is produced by statis- ston

tical systems only for the client data (see example

in Table 9). The reason for this is the fact that thd @ole 9: Example of extra words produced by sta-
systems are not trained on this type of data, but diftical systems on client data.

the News data having much longer sentences — the

average sentence length for the News data is 22¢pmains. Furthermore, more reordering edits were

WOI’dS, for the technical documentation 14.6 Wordﬁerformed in the News data — another effect of the
and for the client data 9.6 words. Another interestrrger average sentence length.

ing observation is lower amount of lexical edits for

Trados client data outputs — since the memory i3-3:4 Selected sentences vs. the rest

actually filled with this data type, the translations In Section 3.3.2 it was shown that there is a
of the client data are much better than of the othatifference between the selection mechanisms for

236



correcting | correcting adding deleting correcting
word form | word order| missing word| extra word| lexical choice
News Jane 5.4 10.8 6.3 7.4 25.2
Moses 51 10.9 54 7.4 22.8
RBMT1 4.0 9.5 4.5 7.3 23.2
RBMT2 4.7 11.1 4.5 6.9 23.4
Trados 1.6 3.5 8.7 6.8 75.7
OpenOffice Jane 6.3 6.7 6.2 7.3 26.6
Moses 6.2 7.5 6.6 6.8 25.0
RBMT1 4.5 5.3 4.6 7.0 24.1
RBMT2 5.4 7.5 4.3 8.7 27.0
Trados 4.0 5.0 5.8 12.2 54.9
Client Jane 4.8 6.1 8.5 17.9 29.9
Moses 4.5 7.5 8.5 18.0 26.4
RBMT1 3.3 4.9 4.0 7.7 24.9
RBMT2 4.2 8.3 6.2 8.7 30.1
Trados 0.8 1.4 9.2 5.8 44.5

Table 8: Five types of edits for five translation outputs satedy for each domain: values are normalised
over the total number of words generated by the correspgralistem.

ranking translation outputs based on meaning ani Conclusions and outlook
for choosing the output most suitable for post-
editing. The first results indicated that a lower editn this work, we have presented the results of a
distance was an important factor for the latter. Aroad human evaluation where human translators
further question is if only the total edit distancehave judged machine translation outputs of distinct
matters, or some edit types are more or less préystems via three different tasks: ranking, error
ferred than the others. In order to examine thig;lassification and post-editing. We have systemat-
five type of edit rates described in Section 3.3.%ally analysed the obtained results in order to bet-
were calculated separately on the selected seigr understand the selection mechanisms of human
tences and on the rest, and then the relati@valuators as well as differences between machine
difference for each edit ratéedit Rate(rest) — translation systems. The most severe problems that
edit Rate(sel)) /edit Rate(rest) was calculated. machine translation systems encounter are related
to terminology/lexical choice and syntax. Human
annotators seem to prefer well-formed sentences
The results are presented in Table 10. The firQVer unstructured outputs, even if the latter contain
row shows the edit distances for selected sentenck ‘Mmaterial” needed for creating a good transla-
and for the rest, and the second row presents tf@n- Further work is needed to study these hy-
relative differences. Overall, the relative differ-Potheses in more depth.
ence between edit distances of two sentence sets is
36%, meaning that in the selected sentences thefeknowledgments
are 36% less edit operations than in the rest of the o
sentences. The differences are similar for all edithis work has been developed within threrAX U
types being between 30% and 36%, only the misgroject financed by TSB Technologiestiftung
ing words have 45% — adding missing words seenfgerlin — Zukunftsfonds Berlin, co-financed by the
to be the least preferred edit operation. These r&uropean Union — European fund for regional de-
sults are offering interesting directions for futurevelopment. Thanks to our colleague Christian Fe-
work, e.g. investigating differences separately foflermann for helping with the Appraise system and
language pairs and domains, examining transl0 Lukas Poustka for the engineering work on pre-
tions from scratch and comparing with other transProcessing the test sets.
lation outputs, etc.
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\ | total || form | order | missing| extra | lexical |
edit rates (selected/res) 39.0/61.0|| 2.9/4.5| 5.3/7.8| 3.6/6.7 | 6.0/9.0| 21.2/33.0
relative difference (%) 36.0 36.2 31.9 45.8 34.2 35.8

Table 10: Total edit distance and five distinct types of eflitsselected sentences and not selected
sentences (first row) and their relative differences (seécow).

the European Association for Machine Trandlation
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