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Introduction (Dis)agreement on error categorization
Several studies have demonstrated that translation quality has * 99% of the overlapping annotations agree on level 1 of the
improved enormously since the emergence of NMT"23 taxonomy, 950% on level 2, and /3% on level 3
But: usually sentence-level evaluations of general text types * Most pronounced disagreement on level 2: ‘coherence’ vs. ‘style &
« What happens when we carry out the evaluation on machine register’ (5% of the annotation pairs agreeing on level 1)
translations of more creative text types, such as literature?
* What happens when we carry out the evaluation on document Error Analysis
level?
Overall Quality
. * 447% of the sentences do not contain any errors
Text Selection * (Onaverage, the erroneous source sentences are longer than the
* Detective novel by Agatha Christie correct ones (17.11 vs. 9.56 words)
* 53,110 words - 5,276 sentences »  Performance decreases from a source sentence length of 10
* Motivation: eye-tracking data for human words onwards

translation available (future work: gather

Error Distribution
corresponding data for MT)

 Translated from English into Dutch by o U
Google's NMT system £ 20
;:J,zo%
Fine-Grained Error Annotation £ .
 Entire novel annotated by one annotator § ° I I m
First chapter also independently annotated by a second annotator 0% - = = —
* WebAnno annotation tool ,.\\@@ Q,/\\@@, & © (.9\@@ \.\@Q‘ ,S\@Q‘ %@Q .,.\\@Q} @Q@\Q}@ ,\@-@
+  Errors classified within the hierarchical SCATE MT error taxonomy & & RO PR
(3 levels), adapted to literary NMT on document level® N ) &
* Two-step annotation approach: first fluency, then accuracy Categories on level 2

* Annotations spans are allowed to overlap .
Co-Occurring Fluency & Accuracy Errors

Hypothesis: if accuracy errors tend to cause fluency errors, they will
overlap reqularly

Accuracy Errors  Fluency Errors
Detected on Bilingual Level Detected on Monolingual Level

Multi-Word Expression Logical Problem
oo Setee non brteng Mord * 2/% of the fluency and 39% of the accuracy error spans fully

Semantically Unrelated < Mistranslation

Part-0f-Speech Coherence p Discourse Marker : :
partialy Translated o oo overlap with the span of an error belonging to the other category
Other Inconsistency 0 o | ) i . H '
Jerd Tense 84 of those averlaps: ‘coherence’ x ‘mistranslation
Do-Not-Translate
. Lexical Choice . . .
Lexicon > Wrong Preposition Accuracy Comparison with General Domain-
Untranslated
. Agreement
Addition Verb Form 100%
Grammar p» Word Order
Omission Extra Word(s)
Missing Word(s) 0
Capitalization & ) S0%
. isfluency
. Repetiti
Punctuation Style & Register » Rgpg..on
gister 60%
Other Untranslated
Spelling
40%
Other
Extended SCATE MT error taxonomy with document-level features 20%
0
64‘ 64 Poirot was sobered at once.
|Grammar & Syntax | Verb form |Grammar & Syntax | Verb form|
65/ Poirot was meteen 6ntr7\i14cﬁhtert c 65| Poirot was meteen dntnhé}\terf : . . - -
66 66
= e e SN s — Mistranslation ~ Omission Untranslated DNT Capitalization &  Addition
, ical problem | nce , "Come, come, my friend," he said, slipping his arms through mine.
68‘"Kom, kom, mijn vriend," zei hij terwijl hij zijn armen door de mijne gleed. . — araiaTion [Giar punctuation
69| ical probler M Literature M General domain
70 68 "Kom, kom, mijn vriend," zei hij terwijl hij zijn armen door de mijne gleed.
71 "Ne vous fachez pas! 69
70| "Ne vous fachez pas!
71/ "Ne vous fachez pas!

Step 1: annotating all fluency errors without access to the source Step 2: annotating & linking all accuracy errors in source & target ConClUSiOnS
* Literary MT seems to be more promising for English-Dutch (44%

Inter-Annotator Agreement (IAA) correct sentences) than for English-Slovene (0%)®, English-Russian
Do the annotators agree on their annotations on the first chapter? (17%)’ & German-English (33%)’
(Dis)agreement on error detection  Main problems for literary MT are ‘mistranslation’, ‘coherence’ &
* Low IAA when calculated on word level (only 56% of the annotated ‘style & register

words were annotated by both annotators) * Mistranslations are the biggest accuracy issue for general-domain
* Decent IAA when calculated on annotation level (73% of the MT as well

annotations overlap with an annotation by the other annotator) * Fluency @ accuracy errors overlap regularly, especially ‘coherence’
« Explanation: tendency to disagree on the length of the error span & ‘mistranslation’ errors
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