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Abstract
With the advent of Neural Machine Translation, the more the achievement of human-machine parity is claimed at WMT, the more we
come to ask ourselves if their evaluation environment can be trusted. In this paper, we argue that the low quality of the source test
set of the news track at WMT may lead to an overrated human parity claim. First of all, we report nine types of so-called technical
contaminants in the data set, originated from an absence of meticulous inspection after web-crawling. Our empirical findings show
that when they are corrected, about 5% of the segments that have previously achieved a human parity claim turn out to be statistically
invalid. Such a tendency gets evident when the contaminated sentences are solely concerned. To the best of our knowledge, it is the first
attempt to question the “source” side of the test set as a potential cause of the overclaim of human parity. We cast evidence for such
phenomenon that according to sentence-level TER scores, those trivial errors change a good part of system translations. We conclude

that to overlook it would be a mistake, especially when it comes to an NMT evaluation.
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1. Introduction

Since the astonishing performance of neural machine
translation (NMT) (Bahdanau et al., 2014} |Cho et al.,|
[2014}, [Vaswani et al., 2017) has caused a sensation in
the MT research community, winning back the state-
of-the-art position from Statistical Machine Translation
(Bentivogli et al., 2016)), it did not take more than two
years for the newcomer to reach a human-level trans-
lation quality in public. As a front runner, a group
of researchers at Microsoft claimed that their mod-
els were at human parity in a Chinese—English test
set distributed by Conference on Machine Translation
(WMT) 2017 (Hassan et al., 2018)). In detail, their three
NMT models were evaluated via a source-based direct
assessment against three levels of human translations
(HT) and were positioned at the top rank where the HT
of the highest quality was situated. Subsequently,

claimed another human parity in the
English—Czech translation at WMT 18, and

even declared superhuman performance
in the German—English and English—Russian trans-
lation at WMT 19]

The fact that such results were acquired from the best
practices of WMT evaluation protocol should make
these claims more trustworthy, considering the author-
ity of the campaign mentioned above as one of the most
active gatherings in terms of M T evaluation since 2006.
Despite their glory, however, these claims were re-
garded as a “hyperbolic” move and received with skep-
ticism by many in the relevant field, who at once revis-
ited some of the most representative exercises
let al., 2018; Toral et al., 2018} |Graham et al., 2019;

*Work done during the author’s internship at Kakao En-
terprise.

[Toral, 2020} [Graham et al., 2020; [Laubli et al., 2020).
The gist of their work was that the current evaluation
standards of WMT were insufficient to fairly assess the
high performance of NMT models for the following
motives:

¢ Sentence-level assessment without context infor-
mation

* Assessment by an inexpert group
» Reference translation of low quality
* Adbverse effect of translationese

They proved that when the evaluation surroundings
were improved, the gap between HT and MT was no-
ticeably widened and, therefore, such human parity
claims were premature.

In a like manner, we cast doubt on the human parity
claims by suggesting another erroneous evaluation en-
vironment of WMT: contamination of the source text
of the test sets. Our primary interest lies in the in-
fluence of the polluted test set on assessing the human
parity level. We, therefore, formulate a hypothesis as
such:

Albeit minor, contaminants in a source text of
a test set will bring out a false human parity
claim.

To this aim, characteristics of the contaminants are
identified from two perspectives: technical (Section
[3:2) and topical (Section [3.3). We manually detect 101
technical contaminants and raise a question about top-
ical diversity by evaluating the theme of the test sam-
ples with a BERT-based news topic classifier. While
a perfect scenario of “a clean test set” would be to re-
move both contaminants, we confine ourselves to the
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Document Sentence Distinct Word Paragraph Sentence/Paragraph
Mean Max
English I 63 1,000 4,970 - - -
English II 61 1,002 5,040 - - -
English IIT 130 2,048 7,892 1,418 1.44 9

Table 1: Statistics of English source texts of WMT 20 test set. The paragraph-related information is only given in

English III.

technical contaminants in this study. To verify their ad-
verse effect on an NMT evaluation, we conduct a pair-
wise relative ranking (RR) human evaluation compar-
ing two online NMT models and reference translation
on the English—Korean translation with 15 researchers
(Section ). We report that some of the human parity
claims become invalidated when the contaminants are
climinated[T]

2. Related Works

It is not a new discovery that the test sets released
by WMT contain errors, but it is unusual to expect
that they will have an adverse effect on the evaluation.
The most relevant work is found concerning a trans-
lationese issue in the test set of WMT 18. The term
translationese refers to a particular feature found in a
translated text. As|Graham et al. (2020) summarize,
these features are mainly characterized as simplified
use of language and perfect grammaticality. [Toral et
al. (2018) and [Laubli et al. (2020) demonstrate that
the construction pipeline of WMT test sets posed the
inherent dangers of containing translationese, which
led to a more favorable judgment for MT. They con-
ducted a RR evaluation comparing two MT models and
one HT on three type of texts — i) a complete set, ii)
source-language-sourced set (Chinese), and iii) target-
language-sourced (English) set— provided by Hassan
et al. (2018) of Microsoft. Results proved that when
translationese was removed from the test set (type iii),
Microsoft’s NMT model that had previously achieved
human parity was significantly below the human level.
Since then, many reconfirmed its critical influence on
NMT evaluations (Graham et al., 2019; |Graham et al.,
2020; Edunov et al., 2019). WMT also acknowledged
that translationese should be omitted from all test sets,
and it has been avoided since WMT 2019.

As a matter of fact, the quality issue of their dataset
had been discussed indeed in terms of human refer-
ence translation of WMT.[Hassan et al. (2018]) admitted
that they had to reconstruct a new reference translation
of higher quality for their experiment, because WMT-
provided HT created from crowdsourcing seemed to
be of inadequate quality. [Toral et al. (2018) criti-
cized the quality of WMT’s Chinese-English transla-
tions, informing on their grammatical as well as syn-
tactic errors. They commented that the reference must

"Link to our code is available at https://github.
com/ahrii-kim/suboptimal_test_set

have been created by “in-experienced” translators or by
post-editing. |[Laubli et al. (2020) ran a pairwise RR
evaluation on Adequacy and Fluency apart, in a binary
way: (MT, HTs) and (HT;, HT2). HT; was obtained
from |[Hassan et al. (2018)), known to be of high qual-
ity, and HT9 was provided by a vendor. Results showed
that HT; was significantly preferred to HT». Therefore,
although MT achieved human parity over HT5, such a
claim could be on a false basis. In this respect, [Toral et
al. (2018) stressed the importance of a discriminative
test set in an evaluation for robust models like NMT.
We deviate from those studies in that our focal point
is the original source text of a test set. From our un-
derstanding, it is the first study to raise a quality issue
of the source side of the test sets of WMT. While con-
sulting the experimental setups of the aforementioned
studies, we demonstrate that the contaminants in the
original text harm the whole environment, inducing an
overclaim of the human-machine parity. We strongly
argue that such an issue should not be taken for granted
when it comes to an NMT evaluation.

3. Contaminants
3.1. WMT 20 Test Set

In the WMT’s news track, source texts of the test set
were prepared in eight languages, inclusive of English.
In 2020, three types of English source texts were con-
structed, each of which served as a basis for a test set of
different language pairs (Barrault et al., 2020). While
our experiment employs English III, we offer a holistic
view of all English source texts at WMT in Table[T]
Technically speaking, the number of sentences with
paragraph-split is counted with the Moses sentence
parser (Koehn et al., 2007). The tokenized texts are
lowercased with the Moses tokenizer and the number
of distinct words was counted. As Table [I] displays,
English IIT covers a broader range of data with more
varied vocabularies and a larger scale.

3.2. Technical Contaminants

We detect contaminants, as we call them, on a surface
level. We report that out of 130 documents, 42 docu-
ments are contaminated either slightly or considerably.
Half of the cases are a single presence (n = 21), while
the rest are multiple appearances (n = 21) in one doc-
ument when examined on a sentence basis.

It is speculated that the majority of the technical
contaminants is originated from an incorrect web-
crawling, or more explicitly, the absence of meticulous

d0i:10.20944/preprints202110.0199.v2
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Figure 1: Topic classification of (a) training set and (b) test set of WMT 20.

Error Category Count
Quotation marks 64
Apostrophe 14
Omission 50
Cultural difference* 30
Spacing 9
Typo 9
Omission of period 8
Missing headlines 4
Caption 3
Irrelevant content 3
Grammar 1
Out-of-context extraction*® 18
Total 101

Table 2: Type of contaminants in the English III test set
of WMT 20. Asterisks(*) are excluded from the total
counts.

posterior inspection of the web-crawled texts. As in
Table [2] we have spotted a total of 101 contaminants
in the data set and classified them into nine types. It is
noticeable that about 63.4% of the contaminants stem
from a misuse of quotation marks. Some of the most
intriguing categories are discussed in this section.

Quotation Marks It accumulates 63.4% of the total
contaminants. In detail, the end quotes are mostly omit-
ted (78%). 22% are incorrectly used as an apostrophe.
In addition, we have revised 15 pairs of single quotes
(n = 30) to double quotes as in the American manner
(Category: Cultural difference) in an effort to see their
impact on the result, but we notice that such case is not
considered as a contaminant in the statistics.

Spacing In most cases, two words are mistakenly at-
tached without spacing.

Typo It includes simple typos such as: monitorigin
— monitoring, he — He, n — in, Laszlo Trocsanyi —
LadszIo Trécsdnyi. Other cases seem more influential to
the content when translating: though — through, other
— another, the — they.

Missing Headlines Unlike other documents that al-
ways start with a headline, four documents do not have
it. In order to provide an equal evaluation environment,
we take this case as a contaminant. By appending their
headlines through a manual web search, we assure a
balance in our after-test-set.

Caption Either captions for photos or a leaflet are in-
serted in the middle of the documents. As they interrupt
the context, they are considered as a contaminant in this
paper.

Irrelevance It refers to an irrelevant segment to the
context, such as a journal’s date, name or city. Not only
is their existence useless in an evaluation, but some of
them are separated as one segment by mistake, to make
matters worse.

Out-of-Context Extraction Unlike other documents
extracted from the beginning of an original article, two
cases in the test set start from the middle. It is problem-
atic for humans in that it hinders the translators’ under-
standing of the context. While it is a contaminant, we
omit it from the final count.

3.3. Topical Contaminants

Together with the technical contaminants, we argue
that the test set is topically imbalanced. We observe

d0i:10.20944/preprints202110.0199.v2
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that the documents repeatedly cover similar events or
deal with a limited group of figures. We denominate
such phenomena as fopical contaminants and confirm
their existence with the help of a Topic Classification
algorithm. Under the assumption that the aim of the
news track at WMT is to evaluate MT models on a
diversified testbed, we point out that a good test set
should represent the training set distribution propor-
tionally. Their statistical impact on NMT evaluation,
however, is out of the scope of this study and should be
further verified in a more detailed setup.

We train a classifier by fine-tuning BERT (Devlin et
al., 2018) on a News Category Data Set (Misra, 2018;
Misra and Grover, 2021) from Kaggle that consists
of around 200,000 news headlines and short descrip-
tions collected from HuffPost during 2012-2018. The
original data set contains 41 topic categories, but we
have merged some of the overlapped categories such as
“worldpost” and “the worldpost” or “art” and “art &
culture” under the category of “Representatives.” The
bottom 20 categories are also combined to the category
of “Others.” On such criteria, we compare the WMT 20
English news-crawl training set containing 1,600,000
documents and the given test set.

When the distribution of the topics in both texts is com-
pared, the result shows that the test set (b) is markedly
disproportional to the distribution of the training set (a)
of Figure[I] Moreover, it turns out that the given test set
is considerably biased toward a few categories, includ-
ing “world,” “politics” or “crime.” The least popular
topic, on the other hand, would be “parenting,” “well-
ness,’ or “art & culture.”

4. Evaluation Setup

We hypothesize that contaminants of an original source
text make the human parity claim more reachable, es-
pecially in terms of NMT models. We test the given
hypothesis by conducting RR on two different test sets:
an originally-WMT-distributed test set and its revised
version. They are named after “Before Test Set (BTS)”
and “After Test Set (ATS),” respectively. We believe
that this type of data set construction allows us to
demonstrate that the contaminants are the sole factor
of the outcome.

Language Pair The translation direction is English
— Korean.

Data set We use a source text of English-III-typed
WMT 20 test set built for German, Czech, and Chi-
nese (Barrault et al., 2020). The 21 documents (437
sentences) with two or more contaminants described in
Section [3.2] are selected and provide a foundation for
constructing BTS and ATS, totaling 874 sentences.

System translations of the two NMT models are created
onJuly 21, 2021, all on the same day to avoid a possible
temporal influence on the result. For the experiment, a
mixture of BTS and ATS are shuffled document-wise
to create HITs of around 100 segments each, a portion
for one annotator, containing both versions as evenly as

Assess
5,244

Pair  Sys
en—ko 3

Assess/Sys  Assess/Sent
1,748 2

Table 3: Amount of collected assessment data per sys-
tem (sys) and sentences (sent).

possible. Such a mixture is intended for every annota-
tor to judge both of the data set in the assessment. In
total, 10 HITs are prepared, and each HIT is assigned
to two annotators. Evaluation data collected from this
experiment are displayed in Table 3] In summary, we
have collected 5,244 pairwise judgments.

NMT Models We employ two online NMT models,
anonymously denominated as MTy and MT;. We
make a special effort to select the best-performing en-
gines for this language pair via a preliminary test, as
this evaluation focuses on human parityE| Their trans-
lations are contrasted to a Korean reference translation
created initially by a vendor and manually revised af-
terward by one of our researchers who has been work-
ing as a professional translator. We have endeavored to
build a reference of the highest quality.

RR For each source sentence, annotators are asked
to perform a pairwise ranking of three candidate
translations —HT and two system translations (MTy,
MT z)— from best (1 = best) to worst (3 = worst),
with ties allowed. A sentence is displayed in the order
of articles along with one previous/following sentence.
The task is prepared on TAUS DQFEl

Computation The result is extracted from the two-
sided Sign Tests suggested by |Liubli et al. (2018) or
Toral (2020), where MT is better, HT is better, and
their ties are calculated. Their method is designed for
a binary comparison of two candidates; we iterate two
independent rounds, such that (MTy, HT) and (MT,,
HT) can be contrasted on the same scenario. At the end,
the statistical significance is verified by a two-sided bi-
nomial test. More details in terms of the given method-
ology are referred to|Laubli et al. (2018).

We also take a look at the trend of an absolute score
of each model as guided by TAUSﬂ The score is com-
puted by weighing each rank with different points and
normalizing them by the total number of rankings, as
in Equation m The best absolute result, therefore, is
score = 3.

(1s¢ % 3p) + (2na * 2p) + (3ra * 1p)

S =
core #ofrankings

ey

Human Parity According to [Laubli et al. (2018),
human parity is represented as a tie to HT, and super-
human performance, to MT-better. We are concerned,

Note that the purpose of our evaluation does not involve
clarification of what a better MT model is. In that context, we
anonymize the models.

Swww . dgf.taus.net

‘nttp://www.taus.net
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Figure 2: Score variation of Sign Test (BTS—ATS) for MTy and MT .

however, that a tied rank can also be interpreted as a
personal characteristic of indecisiveness. In that sense,
we regard human parity as a sum of MT-better and tie
ranks. It is to note that such a definition is only valid in
the current study.

Annotator We collect judgments from 15 in-house
researchers in the field of MT. They are native Koreans
with good English proficiency. Some of them have pre-
vious experience in NMT evaluation. The participants
are not previously informed of the involvement of HT
in the task. Each is assigned to 1 - 2 HITs.

Inter-Annotator Agreement (IAA) To guarantee
the reliability of the rankings, we calculate pairwise
inter-annotator agreement with Cohen’s kappa coeffi-

cient (K') (Cohen, 1960) following the precedence of
WMT'’s ranking evaluation conducted until 2016

jar et al., 2016)).

5. Result

5.1. RR: Significance Test

Figure 2] displays a range of score variations from BTS
to ATS of RR between MTy and MT . The exact score
is provided in Appendix [A]l A consistent tendency is
that the proportion of HT-better is slightly increased in
ATS (y = 3.09pp, z = 5.38pp) while that of MT-better
and Tie decreases. When MT-better and Tie scores are
combined, 3.09 and 5.38 percentage points of the judg-
ments on human parity in MTy and MT 7z respectively
turn out to be invalid. When narrowing down the scope
to the contaminated sentences (n = 184), to our sur-
prise, the tendency gets more intensified, as in Figure[2]
(b). The loss of human parity claims reaches more than
double in MTz (—3.09% — —6.52%). We also no-
tice that the percentage of Ties in both systems remains
almost identical (y = 1.09%, z = 0%).

The fact that the score difference per category is more
apparent in MT 7 than in MTy is also intriguing in that
there is a definite possibility that a final ranking of the

candidate systems can change. Such chance, however,
is scarce in our case because more significant drop of
MT-better or Tie occurs with MTz, which has seem-
ingly lower performance than its counterpart.We con-
firm our hypothesis from the given result that the cur-
rent test set of WMT 20 is more favorable to MT and
leads to a false human parity achievement.

Meanwhile, the absolute RR scores of the three candi-
dates are given in Table [7] and [8] in Appendix [A] Fig-
ure [3] shows a score variation of the absolute ranking
score of the three candidates when in BTS and ATS. Al-
though the comparative rank is maintained identically
in the order of [HT-MT+y-MT z], the absolute score of
HT increases up to 3.3% while that of MT descreases
up to 4.67% (in MTz). Consequently, the gap between
the two NMT models becomes more prominent. From
such findings, we assume that systems behave differ-
ently with the contaminants of the test set. In our case,
MT is more vulnerable to them.

5.2. TAA

Figure ] shows the IAA scores per group computed by
Cohen’s K. Each group is composed of two annotators
who have been assigned to the same HIT. The average
K score is 0.31.

6. Additional Work

6.1. Automatic Evaluation

While the influence of the contaminants on human par-
ity is clarified, we get curious whether it is also observ-
able in an automatic MT evaluation despite the small

size of the data set (n = 437). BLEU (Papineni et al.,
2002), TER, and chrF2 (Popovi¢, 2015) are computed
on BTS and ATS with Sacrebleu (Post, 2018)). The

sentences are tokenized with MeCab
2014) before the computation. We compare the re-

sult to Google Translate (GT) as a benchmark model
to guarantee the compatible performance of the two

d0i:10.20944/preprints202110.0199.v2
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Figure 4: Inter-annotator agreement measured by 11
groups(A-K) by Cohen K. The scores are in ascending
order.

anonymous modelsﬂ Table@ shows that such changes
barely affect the suggested metrics except for GT. The
overall scores for GT have degraded in all three met-
rics.

All in all, more investigation is required in this regard
based on the following observations: i) different from
the outcome of RR (Section @, MT; obtains a bet-
ter result; its correlation with human evaluation, thus,
is uncertain, ii) the reliability of the automatic metrics
in the Korean language is still dubious
tura, 2020), and iii) such marginal gap between BTS
and ATS cannot be a shred of valid evidence.

6.2. Qualitative Analysis

We suppose that sentence-level TER scores between
BTS and ATS would hint at our interest in finding cases

3Google Translate is known to be one of the most robust
online translation models in many language pairs. Despite
its fame, is was not employed in our experiment after hav-
ing tested that it’s false positive ratio of sentence-wise TER
scores reached 88.69%, which meant that the contaminants
were not a sole factor of the variation.

BTS ATS
MTy MT; GT | MTy MT,; GT
BLEU 19.78 20.19 13.12 | 19.78 2024 9.49

TER 065 066 076 | 065 0.66 0.82
chrF2 027 027 0.19 | 027 027 0.16

Table 4: Result of automatic metrics for MTy, MT,
and Google Translate (GT) in BTS and ATS.

that have been critically influenced by the technical
contaminants. Three sentences have scored above 0.8
in either MTy or MT 2, two of which have had con-
taminants in the source text. Taking a look at one of
those examples (M T, = 0.86) in Figure[5] with back-
translations of Google Translate (KO—EN), the con-
taminant in BTS-ST is an absence of an end quote. Just
by adding it, we have obtained quite different system
translations (in ATS-Y and ATS-Z). As expressed in the
back-translations, ATS-Z’s translation has lost a good
deal of the source content, such as ”oh my” and it’s a
lot of work.” A more interesting finding is their ranking
scores. In BTS, the ranking of [HT, MTy, MTz] is ei-
ther [r = 1,y =2,z =1]or[r =1,y = 2,z = 2].
In ATS, however, the score is converted into either
[r=1Ly=1,z=2]or[r =1,y =2,z =3]. It
is still unclear why such phenomenon happens, but we
confirm that such minor changes in the source sentence
can produce a very different translation, which affects
to the human evaluation.

7. Conclusion

Many of us probably agree that a test set can have er-
rors. Some would even say that it represents a real-
world scenario and that it is acceptable. We, how-
ever, give proof that it is not satisfactory anymore if the
human-machine parity of high-performing MT models
is involved.

Technically, we identify nine types of contaminants and
point out quotation marks as a primary culprit of the er-
ror. While doing so, we also confirm with the help of
topic classification that the topic of the WMT 20 test set
is heavily tilted toward world news and politics, while
art is hardly visible. We show that such topical im-
balance ignores the composition of its training set and
disqualifies itself as a testbed. The in-depth study in
this regard is left for a future work.

To verify the influence of technical contaminants on
human-machine parity, we conduct an RR evaluation
on two test sets (BTS and ATS) comparing two NMT
systems and HT. We report that when Sign Test is
concerned, the two MTs have lost about 5% of hu-
man parity claims in the clean test set (ATS) and that
such tendency gets much more substantial when con-
taminated sentences are tested only. The sentence-
wise TER scores show that system translations could
be edited up to 86% when the contaminants are revised.
When qualitatively approached, we confirm that rank-
ing judgments on that sentence become unfavorable. In

d0i:10.20944/preprints202110.0199.v2
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BTS-ST Being a working mum and travelling as well with a baby, my goodness it's a lot, but it's all
S0 exciting.

ATS-ST Being a working mum and travelling as well with a baby, my goodness it's a lot, but it's all
so exciting.”

Ref I U0| =| 1 of7|2t FOICHL = 71 MlgollLt HE WAt 3222k S0t L S Yt

BTS-Y Ust= 20tz A, Ofo|2} B OfRBHCHS 24, MAlol, B O||8t BE 20| LI AlLtR,
As a working mother, traveling with a child is a lot of work, my God, but it's all so exciting.

BTS-Z UsHe AR A OF7|2 I OfSHBHE 2, M4l HL B2 YOJZ1 B1A|QH B.E 0] L{R Zaj2I2I3),
Traveling with a baby as a working mother, oh my, it's a lot of work, but it's all so exciting.

ATS-Y Y= AOLZ A, 12|10 OFO|2f EH| ofSYFHThE 74, A BE2 UO|A|T, BE Zio| 1E SHSHEL”
As a working mother and traveling with a child is a lot of work, but everything is so much fun.”

ATS-Z doth= AOt2A o7 |2t T offdt= U FAIT T ALt

[
As a working mother, I love traveling with my baby, but it's really exciting."

Figure 5: MT’s exemplary sentence of TR = 0.86. The contaminant is an absence of end quote (Category:
Quotation marks). Back-translations are created from Google Translate. The source texts of BTS and ATS are

brifed as BTS-ST and ATS-ST.

the meantime, the side-effects of the contaminants on
automatic evaluation metrics are questioned as an ad-
ditional work, but it seems minor at this moment.

The current study is limited to a single language pair
that has not been employed in WMT. We also acknowl-
edge that such findings should be further examined on
a larger scale with more resourceful language pairs and
with publicly available NMT models. However, we be-
lieve that the WMT evaluation surroundings should be
consistent at all times. With the results at hand, we
cannot help but question the true goal of the news track
at WMT. Is the real-world scenario what we want in-
deed? If we are to assess the maximum performance
of NMT in comparison with human performance, we
insist that the test set be technically impeccable and
topically multifaceted to secure an unbiased evaluation
experiment.
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A. Appendix

MTy MTz
BTS ATS BTS ATS

MT better 117 115 116 89
Tie 246 221 180 160

HT better 511 538 578 625

Table 5: Sign test of MTy and MTz (n = 874, p-value

<0.001).
MT, MT,
BTS ATS BTS ATS
30 32 20

MT better 38
Tie 40 42 36 36

HT better 106 112 116 128

Table 6: Sign test of MTy and MTz (n = 184, p-value
<0.001).

HT MT, MT;
BTS 277 223 2.08
ATS 280 2.14 1.94

Table 7: Absolute score of RR. The total score is 3
(n=874).

HT MTy MT;
BTS 2.68 220 2.14
ATS 278 220  2.00

Table 8: Absolute score of RR. The total score is 3
(n=184).


https://doi.org/10.20944/preprints202110.0199.v2

	Introduction
	Related Works
	Contaminants
	WMT 20 Test Set
	Technical Contaminants
	Topical Contaminants

	Evaluation Setup
	Result
	RR: Significance Test
	IAA

	Additional Work
	Automatic Evaluation
	Qualitative Analysis

	Conclusion
	Appendix

