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Abstract

Audits of multilingual resources are reporting shockingly poor quality: “less than 50% . . . acceptable qual-
ity.” There is too much translationese in too many of our multilingual resources, e.g., Wikipedia, XNLI,
FLORES, WordNet. We view translationese as a form of noise that makes it hard to generalize from a
benchmark based on translation to a real task of interest that does not involve translation. Worse, too much
of this translationese is in the “wrong” direction. Directionality matters. Professional translators translate
from their weaker language into their stronger language. Unfortunately, many of our resources translate in
the other direction, from a stronger (higher-resource) language into a weaker (lower-resource) language.
In Wikipedia, for example, there is more translation out of English than into English. We recommend
more investments in high-quality data, and less in translation, especially in the “wrong” direction.
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1. Introduction and recommendations

There is too much translationese in too many of our multilingual resources. The problem appears
to be worse for low-resource languages. There is a considerable literature establishing that LLMs
(large language models) are more effective for high-resource languages (English, Chinese, and
Arabic) than for low-resource languages (Ahuja et al. 2023; Koehn and Knowles, 2017; Limisiewicz
et al. 2024; Nie et al. 2024; Wu and Dredze 2020).

Much has been written about risks and LLMs. These risks may be worse in low-resource lan-
guages. Guardrails appear to be more effective in high-resource languages than low-resource
languages; Yong, Menghini, and Bach (2023) reported that guardrails can be circumvented by ask-
ing inappropriate questions in low-resource languages where guardrails are less effective. There
are similar challenges with toxicity (Church et al. 2023).% In Nigeria, for example, tweets are more
toxic in Hausa than in English because moderation processes are more effective in English.

Given the widespread use of translation from English, Anglo-centric biases are likely. Much
has been written about biases in LLMs. For example, Mihalcea et al. (2024) is titled, “Why AI
Is WEIRD. . .,” where WEIRD is an acronym for Western, Educated, Industrialized, Rich and
Democratic. Ojo et al. (2023) asked “How good are Large Language Models for African Languages?”
and found that LLMs for African languages are not as good as LLMs for English. We believe the
root causes involve relatively poor resources, both in terms of quantity as well as quality.

One of the quality issues involves the use of translation in popular resources for training LLMs.
Much of the widespread use of translation in our multilingual resources can (and should) be
avoided. But when it is necessary to translate, as much as possible, we should translate in the

2https://www.nytimes.com/2018/10/15/technology/myanmar-facebook-genocide.html
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“right” direction. As will be discussed in Section 8 and Table 8, many of our resources translate in
the “wrong” direction.

What do we mean by the “right” and “wrong” direction? Figure 3 of Xu et al. (2023) reports
higher BLEU scores for en — xx than xx — en. Assuming that machines are stronger in high-
resource languages than low-resource languages, when possible, machines should translate into
their stronger language and avoid translating from their stronger language. This advice follows
standard practice among professional translators. Professional translators prefer to translate into
their stronger language and avoid translating from their stronger language.® There are good
reasons for this standard practice. We should do likewise when we develop LLMs.

In short, when collecting resources for training and testing LLMs, we recommend the
following:

1. Invest more in quality control (by native speakers),
2. Avoid translation when possible, and
3. When translation is necessary, it is better to translate in the “right” direction:

(a) “right” direction: weaker (low-resource) — stronger (high-resource)
(b) “wrong” direction: vice versa.

This advice is perhaps more important for testing LLMs than training LLMs, given suggestions
about the effectiveness of powerful training methods in machine learning. Such methods may be
effective even in the presence of noise: Arpit et al. 2017; Chaudhury and Yamasaki 2021. Even so,
training with less noise is likely to be more effective than training with more noise, and therefore,
we should do what we can to reduce dependencies on translationese.®

2. Quality
There are shocking issues with quality in many of our resources:

a significant fraction contains less than 50% sentences of acceptable quality. . . these issues are
easy to detect even for non-proficient speakers (Caswell et al. 2021)

Their conclusion is based on an audit of five popular multilingual corpora:

CCAligned (El-Kishky et al. 2020),

ParaCrawl (Bafion et al. 2020; Espla-Gomis et al. 2019),

WikiMatrix (Schwenk et al. 2021),

OSCAR (Suarez, Sagot, and Romary 2019; Ortiz Suarez, Romary, and Sagot 2020) and
mC4 (Xue et al. 2021)

M e

Many details for many languages are reported in the appendices of Caswell et al. (2021), a few
of which are shown in Table 1. Caswell et al. (2021) also concluded that quality is worse for low-
resource languages, though that conclusion is based on more languages than those in Table 1.

Quality needs to be taken seriously, especially in low-resource languages. In ArtELingo-28
(Mohamed et al. 2024), we created a dataset with annotations of WikiArt in 28 languages including

Yhttps://cbltranslations.com/blog/legal-translators-native-language/
‘It has become standard practice to pivot via English, both in the research community and elsewhere. For example, one

might have thought that the translation services in the European Union would need to support #> language pairs, but in
practice, the bulk of their work pivots via English, reducing demand to 2n pairs. While this approach saves costs, there are
obvious trade-offs in terms of quality. From an academic perspective, English is probably not an ideal choice as a pivot
language (Anastasopoulos and Neubig 2020).
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Table 1. Poor quality (based on Tables 11-14 of Caswell et al. (2021))

Incorrect Wrong Not
Corpus Table Language Correct Translation Language Language Porn
mC4 14 ha 81% 14% 5% 2%
mC4 14 hi 80% 20% 0% 3%
WikiMatrix 12 en-hi 36% 60% 1% 3% 0%
CCAligned 11 en-vi 31% 54% 1% 14% 6%
CCAligned 11 en-ha 30% 49% 9% 12% 1%

Table 2. Source text is more predictable (fluent) than target text (for these models)

Language Model Source Target
French flaubert/flaubert_base_uncased 50.4% 34.6%
Russian ai-forever/ruBert-base 49.1% 44.7%
Spanish dccuchile/bert-base-spanish-wwm-uncased 38.5% 34.6%

Hausa. This project invested 6.3K hours for annotators plus an additional 2.5K hours for coordi-
nators (quality assurance). Most projects do not invest as much in quality control, but we hope
this paper will help persuade the community to invest more in quality.

3. Translationese is more or less predictable

There have been several studies of translationese in Corpus-based Lexicography. Baker (2004) and
Xiao (2009) report predictable differences in word frequencies between translationese and natural
language, as one would expect. This section describes an experiment with LLMs that shows similar
differences in fluency.

As will be discussed in Section 4, there is quite a bit of translation in Wikipedia. Wikipedia
is porting much of their content to more languages using a combination of machine translation,
post-editing, human translation, and various quality control steps.? Although these processes are
so effective that native speakers may not be aware of the use of translation, we are able to show in
Table 2 that source text is more predictable (fluent) than target text.

Table 2 is based on intermediate files published by Wikipedia. For each language pair, there is
a file containing sentences in the source and target language.® The six scores in Table 2 are based
on six samples of 10k sentences from these intermediate files, covering three languages in both
source and target conditions. Table 2 shows a difference in fluency between:

1. Source: text originally written in language x, and
2. Target (Translationese): translations from some other language into x

To estimate fluency, we remove a token randomly from each test sentence and estimate how often
the model correctly predicts the missing token. The scores in Table 2 report accuracies averaged
over 10k sentences.

dhttps://en.wikipedia.org/wiki/Wikipedia:Content_translation_tool
Chttps://dumps.wikimedia.org/other/contenttranslation
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Figure 1. For the first 10 values in D, source (black S) is usually above target (red T).

3.1 Trace: a proposed intrinsic metric

We propose trace as an intrinsic metric to make a similar point to Table 2. This metric can be
used to compare embeddings over models, languages, and different sources of text. Reliability of
the proposed metric will be established by showing that scores are relatively stable over multiple
batches. The machine learning literature tends to focus on extrinsic downstream evaluations such
as Table 2, though intrinsic metrics may be easier to compute than extrinsic metrics.

Traces are computed from embeddings. For each model and each test set of n =10k sen-
tences in Table 2, we compute an embedding, Z R4 After normalizing Z,f we use SVD to
approximate Z =~ U DV, Trace is simply: sum(D).

Figure 1 shows the first 10 values of D for two cases: the source case (S) and the target case (T).
Note that S is usually above T. Both S and T use the French model in Table 2; the difference is
whether the test set contains French with translation (T) or without (S).

Figure 2 shows the pattern in Figure 1 holds over most of the 768 values in D for the French
row in Table 2. The other two panels of Figure 2 are like the top panel, but for different languages,
using different models and different test sets. In all three panels, the ratios are usually above the
red baseline of 1.

We have found trace to be a useful figure of merit for comparing D from different models,
languages, and corpora, though there are a number of alternatives:

fWe have also experimented with Z with and without centering (removing means). Normalizing is important, but the results
below do not depend too much on whether or not we remove the means, at least for the embeddings that we have looked at.
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Figure 2. The patternin Figure 1 holds over D. Ratio (S/D) is usually above 1 (red).

Spectral radius: max(D)
Condition number: max(D)/min(D)

Trace: sum(D)

Ll

Determinant: prod(D)

We have applied many models to many batches of text in many languages. Figure 3 summarizes
the trace over many experiments using data from Wikipedia with (a) two models, BGE-ME and
NLLB, (b) ten languages, and (c) source versus translationese. All three factors are significant, but
an analysis of variance (ANOVA) shows that (a) accounts for more variance than (b), and (b)
accounts for more variance than (c). To see the translationese effect (c), we need to condition on
the other two factors, as in Figure 4. Figure 4 shows the translationese factor for a single model
(NLLB) and nine languages. The translationese effect is robust, as indicated by the relatively thin
bars. The bars summarize batches. We have 60 batches for common cases (English and Spanish,
with and without translation). The bars are somewhat thinner for more unusual cases where we
have fewer batches, but in all cases, the translationese bar is different from the alternative.
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Figure 3. The trace depends on at least three factors: (a) model, (b) language, and (c) translationese. An analysis of variance
(ANOVA) shows that (a) accounts for more of the variance than (b), and (b) accounts for more than (c).

That said, the directionality of the translationese effect is different from Table 2. It appears that
NLLB favors translationese (except for French), unlike models in Table 2. We suspect these prefer-
ences may reflect differences in training data. In any case, since the translationese bars are different
from the other bars, we conclude that translationese is not representative of natural language.

In addition to that conclusion, this section introduced a novel intrinsic metric based on traces
to compare embeddings over models, languages, etc. Reliability of the proposed metric was
established by showing that traces are relatively stable over batches.

4. Wikipedia is full of translationese

Although translation has played a major role in helping the community to make considerable
progress, the community is also well-aware of its limitations. Unfortunately, the community may
not be aware of how much translationese there is in popular corpora. Clark et al. (2020), for
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Figure 4. There are smallbutsignificant differences in traces between texts in the source language and translationese. These
differences are shown for many batches over nine languages using the NLLB model.

example, start with a criticism of translationese and then recommend Wikipedia as a translation-
free alternative, though in fact, much of Wikipedia is also based on translation, especially for
low-resource languages such as Hausa, as will be discussed in Table 8.

We were surprised to discover that 90% of Hausa pages such as this® have links to similar pages
in other languages such as this." That is, a crawl of Hausa pages found links to the same content
in other languages on 51,019 of 56,492 pages.

5. Translationese in test sets

As mentioned in the recommendations above, we are particularly concerned about the use of
translation in test sets. Unfortunately, translation is common in many test sets, as illustrated
in Table 3. It can be difficult to generalize performance on translationese to tasks of interest.

Shttps://ha.wikipedia.org/wiki/Harshen_Kx%CA%BCa
P https://en.wikipedia.org/wiki/Kx%CA%BCa_languages
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Table 3. Three test sets that were translated from English to other languages

Test setin English Translations to other languages

MultiNLI (Bowman et al. 2015) XNLI (Conneau et al. 2018)

StoryCloze (Mostafazadeh et al. 2016) XStoryCloze (Lin et al. 2022)

COPA (Roemmele, Bejan, and Gordon 2011) XCOPA (Ponti et al. 2020)

Table 4. Examples of poorly translated Chinese in XNLI, followed by back-translations to English to demonstrate the
poor quality of the Chinese

Sentence 1 Sentence 2 Label
WS EE, Pl AE A EATT |

7 AL o T2 S FIH R A 2 2 YIRS TAE - neutral
Conceptually, cream income has two basic Product and geography is what is cream

aspects, products and geography. applying work.

BEENTHARIHELER) AN B A B L entailment
Look at the survey result from Jackson) The stone slate has a negative opinion

on Jackson’s survey result

Poncelas et al. (2020) discuss the impact of translationese on sentiment analysis, and conclude:
“sentiment classifiers do not classify translated data as well as original sentences.”

Translation often makes the task harder than tasks of interest, but sometimes translationese
is easier. In Table 9, we will discuss a case where translationese makes the task too easy. XNLI
is an example where translationese makes the task too hard. XNLI hinges on connecting the
dots between two text strings (premise and hypothesis). Translation is likely to make it harder
to connect the dots, even with excellent translations.

Unfortunately, the translations in XNLI are far from excellent. For example, cream skimming
(“to prioritize easy cases”) is translated to French as la créme de la créme (“the best of the best”).
There are many more examples of dubious translations in XNLI in other languages such as
Chinese, as illustrated in Table 4. It appears that the Wikipedia quality control processes described
in footnote d are more effective than the quality control processes for translating test sets for
machine learning experiments.

In summary, we view translationese as a form of noise that makes it hard to generalize from a
task based on translation to a task of interest that does not involve translation. Machine learning
assumes the training set is representative of (and identically distributed to) the population of inter-
est. In general, one would expect poor translations and inadequate processes for quality control to
increase noise, decreasing confidence in generalizations from the test set to tasks of interest.

Another example of translationese in test sets is FLORES Goyal et al. (2022), the test set for
NLLB (No Language Left Behind) (Costa-jussa ef al. 2022; NLLB Team 2024). Given the concerns
about quality in section 2, one might not be surprised by quality concerns in FLORES. According
to Abdulmumin et al. (2024), much of the Hausa in FLORES appears to be machine translation
output (with little if any post-editing), and some of the “Hausa” is not even grammatical. We
suspect quality is worse for translationese than for natural language. In addition, we conjecture
the gap to be larger for low-resource languages than for high-resource languages.

The FLORES dev set translates a tiny set of 997 sentences from English into 200 languages.
The 997 English sentences were selected from three sources: en.wikinews.org, en.wikivoyage.org,
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and en.wikibooks.org. This sample is too small (and too specialized) to be representative of many
genres of English, let alone hundreds of other languages (and many genres of interest).

6. Balanced Corpora and representative sampling

Translationese is not representative of the target language. Representative sampling and strat-
ified sampling are important concepts in Statistics and Machine Learning. The term, balanced
corpora, comes from lexicography. The Brown Corpus (Francis and Kucera, 1982), for example,
was designed to be representative of contemporary American English when it was collected in
the 1960s at Brown University. Similarly, the British National Corpus (BNC) (Aston and Burnard
1998) was designed to be representative of British English in the 1990s. Both of these corpora can
be viewed as a stratified sample over genres. Fiction is different from non-fiction, and local news is
different from international news. For example, the word “said” is as frequent as a function word
in the news, but rare in technical abstracts. Users of these corpora are expected to scale statistics
based on these strata appropriately, depending on the populations of interest (in tasks of interest).

7. Translationese in lexical resources

Translationese is also common in lexical resources such as WordNet (Miller 1995) and NRC-
VAD! (Mohammad 2018). Both WordNet and NRC-VAD started out as lexicons for English, but
later, global versions became available. For WordNet, there is a convenient NLTK interfacel that
provides translations of synsets to a few dozen languages. This approach assumes the English
ontology (is-a links) is universal, which seems unlikely.

NRC-VAD is similar. NRC-VAD started out as a list of 20k English words with VAD (Valence,
Arousal, and Dominance) values. Some examples are shown in Table 5. VAD can be viewed as an
embedding of words into a vector space using a framework from the 1950s (Osgood, Suci, and
Tannenbaum 1957). The multilingual version used machine translation (Google) to translate 20k
English words to more than 100 languages, as illustrated in Table 6. This use of translation assumes
the VAD values for English are universal, which seems unlikely.

8. Too much translation in the “Wrong” direction

There is often an asymmetry in directionality. Of course, many pages in Wikipedia are not trans-
lated, but when a page is translated from one language to another, it is more likely for the
translation to start with a page in a high-resource language such as English than a page in a
low-resource language such as Hausa. It may be a sensible policy for Wikipedia to focus on this
direction since they have more content in high-resource languages, but it is not ideal for training
LLMs.

As mentioned above, professional translators typically translate from their weaker language
into their stronger language, and not vice versa. By this reasoning, we expect that machine
translation should have better fluency when translating from a low-resource language to a high-
resource language, but many resources translate in the more challenging direction: out of English
as opposed to into English.

Figure 5 shows that Wikipedia has more content in high-resource languages and that most of
the source for translation in Wikipedia comes from high-resource languages. The data in Figure 5
are borrowed from Tables 7-8. Table 7 estimates Wikipedia’s content for some widely spoken
languages. The columns in Table 7 are based on the following sources:

thttps://saifmohammad.com/WebPages/nrc-vad.html
Ihttps://www.nltk.org/howto/wordnet.html
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Table 5. Words with extreme VAD (Valance, Arousal, Dominance) values. Very large and very small values are
highlighted in bold

Word \Y A D Word \Y A D

love 1.000 0.519 0.673 toxic 0.008 0.885 0.492
happy 1.000 0.735 0.772 nightmare 0.005 0.810 0.436
happily 1.000 0.690 0.674 shit 0.000 0.678 0.294
abduction 0.062 0.990 0.673 mellow 0.633 0.069 0.265
exorcism 0.163 0.980 0.557 siesta 0.740 0.046 0.295
homicide 0.010 0.973 0.518 napping 0.765 0.046 0.306
powerful 0.865 0.830 0.991 empty 0.188 0.183 0.081
leadership 0.870 0.690 0.983 frail 0.255 0.333 0.069
success 0.959 0.880 0.981 weak 0.180 0.241 0.045

Table 6. French version of Table 5 (assumes VAD values are universal)

Word \Y A D Word \Y A D

aimer 1.000 0.519 0.673 toxique 0.008 0.885 0.492
heureux 1.000 0.735 0.772 cauchemar 0.005 0.810 0.436
Heureusement 1.000 0.690 0.674 merde 0.000 0.678 0.294
enlévement 0.062 0.990 0.673 moelleux 0.633 0.069 0.265
exorcisme 0.163 0.980 0.557 sieste 0.740 0.046 0.295
homicide 0.010 0.973 0.518 faire la sieste 0.765 0.046 0.306
puissant 0.865 0.830 0.991 vide 0.188 0.183 0.081
leadership 0.870 0.690 0.983 fréle 0.255 0.333 0.069
Succes 0.959 0.880 0.981 faible 0.180 0.241 0.045

Joshi classification of availability of resources® (Joshi et al. 2020)
Speakers'
Wikipedia pages and active users™

Wikipedia views per month (averaged over 5 years)"

AR e

GDP growth over 10 years®

Table 8 estimates directionality in Wikipedia. Directionality is based on footnote e, a list of files
for many language pairs. If we sum file sizes for files that translate out of English and files that

Khttps://microsoft.github.io/linguisticdiversity/assets/lang2tax.txt
1https://en,wikipedia.org/wiki/List_of_languages_by_total_number_of_spea.kers
Thttps://en.wikipedia.org/wiki/List_of_Wikipedias
“https://wikimedia.org/api/rest_v1/metrics/pageviews/aggregate/en.wikipedia.org/all-access/all-agents/monthly/20200101

00/2025010100
Chttps://en.wikipedia.org/wiki/List_of_countries_by_real GDP_growth_rate
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Table 7. Some resources for languages are in Table 8. Semantic Scholar is a promising opportunity with less
translationese than Wikipedia

Wikipedia Semantic GDP
Language Joshi Speakers Pages Users Views Scholar Growth
English (en) 5 1515M 6,954,347 127,724 10,137M 87,761,551 2.3
Spanish (es) 5 560M 2,009,228 14,593 1204M 2,788,284 1.6
Russian (ru) 4 255M 2,028,621 9,694 1071M 501,337 1.2
French (fr) 5 312M 2,664,644 18,931 1046M 2,782,124 1.1
Chinese (zh) 5 1140M 1,463,391 7,037 724M 3,030,550 6.1
Japanese (ja) 5 123M 1,449,173 13,124 1250M 369,345 0.7
German (de) 5 134M 2,988,033 19,020 1103M 1,210,474 1.1
Vietnamese (vi) 4 86M 1,293,172 1,361 125M 64,610 6.0
Tamil (ta) 3 87M 171,718 337 19M 282 6.0
Indonesian (id) 3 199M 719,461 2,843 186M 2,082,924 4.3
Malay (ms) 3 34M 404,668 659 33M 233,470 4.1
Korean (ko) 4 81M 697,786 1,739 117M 773,283 2.5
Hausa (ha) 2 88M 54,291 180 2M 2454 2.3
Hindi (hi) 4 609M 164,829 817 69M 33,169 6.0
Content Wrong Direction
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Figure 5. High-resource languages have more pages in Wikipedia (left) and are more likely to be translated to other
languages (right). Data is borrowed from Tables 7-8.
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Table 8. Much of Wikipedia translates in the “wrong” direction from high-resource languages near
the top of the table into low-resource languages near the bottom

Language Size (GB) % Source % Target Joshi
English (en) 29.496 97.9 2.1 5
Spanish (es) 4.300 28.0 72.0 5
Russian (ru) 3.519 74.0 26.0 4
French (fr) 3.152 22.2 77.8 5
Chinese (zh) 1.017 7.0 93.0 5
Japanese (ja) 0.964 18.1 81.9 5
German (de) 0.835 68.7 31.3 5
Vietnamese (vi) 0.830 0.0 100.0 4
Tamil (ta) 0.517 0.0 100.0 3
Indonesian (id) 0.427 11.0 89.0 3
Malay (ms) 0.388 0.0 100.0 3
Korean (ko) 0.320 3.4 96.6 4
Hausa (ha) 0.312 0.0 100.0 2
Hindi (hi) 0.215 23 97.7 4

translate into English, we find 29.5 GB. The % Source and % Target columns estimate how much
of this translation goes in one direction as opposed to the other. In general, the % Source column
is larger for high-resource languages than low-resource languages. English, for example, is usually
the source (97.9% by file sizes), and rarely the target. In contrast, Hausa has less (0%) source.

If we were to use translation to produce parallel corpora, it would be better to translate in the
“right” direction (from Hausa to English), but when we use Wikipedia to create parallel corpora,
we are translating in the “wrong” direction. It makes sense for Wikipedia to translate in the direc-
tion they did, because they are trying to port their content to more languages. It happens that they
have more content in high-resource language than low-resource languages. But when we use this
data for our purposes, we should be aware that this directionality is not ideal for training LLMs
for low-resource languages.

Table 7 shows that Semantic Scholar (S2) is a promising untapped alternative to Wikipedia with
less translationese. The challenge is how to take advantage of this opportunity. The two sugges-
tions below involve a number of steps such as translation (in the “right” direction), LID (language
identification), cross-language information retrieval, and fine-tuning LLMs.

1. create parallel corpora by translating in the “right” direction, or

2. create comparable corpora by finding comparable text in high-resource languages

9. Scaling from standard benchmarks to practical use cases

Many of the steps above go beyond the scope of this paper, but while starting to investigate oppor-
tunities for taking advantage of S2, we discovered some challenges with standard benchmarks,
even on a relatively simple task: LID. In general, both for LID and many other tasks, performance
tends to be better on benchmarks such as FLORES than on use cases of interest such as S2 because:
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Table 9. LID (cld3 Botha et al. (2017)) performs (too) well on FLORES (Goyal et al. 2022) dev set (997
rows per language)

Reference Accuracy Correct hypothesis Incorrect hypotheses
Vietnamese (vi) 100% 997 vi

Hindi (hi) 100% 996 hi 1ne

Hausa (ha) 100% 996 ha 1su

Tamil (ta) 98% 982 ta 11 hi,2 ne,2 mr
Indonesian (id) 79% 785 id 208 ms,2eu,1jv,1it

1. Over-fitting: Off-the-shelf tools may have been trained on popular test sets.

2. Priors: Output labels (languages) are equally likely in many test sets (e.g., FLORES), but
not in use cases of interest. In S2, for example, 83% is English, 2% is Indonesian, and 0.02%
is Hausa.

3. Dirty data, closed-world assumptions and reject modeling: Most off-the-shelf LID tools
assume the input is reasonable, and output one of #n languages, but S2 is not like that. A
common failure mode in Table 1 is “not language.”

4. Translation: Translation is more common in popular resources than use cases of inter-
est. There is considerable translation in FLORES, but not on S2. Most of the translation
in FLORES is in the “wrong” direction. Evaluations based on translationese may not
generalize to S2.

Consider LID, a relatively simple case. Table 9 shows an evaluation of an off-the-shelf LID tool,
cld3 Botha et al. (2017), on five languages, using the dev split from FLORES (Goyal et al. 2022).
As mentioned above, the dev split contains 997 English sentences, translated to 100 languages.

We are concerned that “your mileage may vary.” That is, performance on an evaluation such
as Table 9 may be misleading, if we are interested in performance on S2. Note that performance in
Table 9 is (too) good, except for a confusion between Indonesian and Malay, a difficult minimal
pair. Table 9 shows that cld3 correctly labeled all 977 rows in Vietnamese and all but one row in
Hindi and Hausa.

Given the impressive results in Table 9, we were disappointed by the precision of cld3 on
abstracts in Semantic Scholar (S2). To estimate precision on S2, we made a sample of 50 abstracts
labeled Hausa and found that only 12% were Hausa.

Most of the “abstracts” labeled Hausa were not only not Hausa, but they were not even
abstracts. Dirty data are a reality. A small percentage of the “abstracts” in S2 are not abstracts.
Unfortunately, it appears that cld3 tends to assign many of these non-abstracts to low-resource
languages such as Hausa. While performing this pilot experiment, we discovered effective prompts
for rejecting non-abstracts. These prompts may also be effective for addressing “not language”
defects in Table 1.

The larger take-away lesson is that there is too much translationese in too many of our
resources. The consequences are bad for training LLMs, but even worse for testing. Evaluations
such as Table 9 can be seriously misleading. It turns out that it is harder to take advantage of S2
than it might appear because too much of the literature is based on misleading evaluations that
suggest the field is doing better than it is.

Based on evaluations such as Table 9, one might have thought that LID was a solved prob-
lem and that it would be relatively straightforward to find Hausa articles in S2. LID is a relatively
simple task. Much of the literature on other steps such as cross-language information retrieval
is also based on Wikipedia (and translationese), for example (Sun and Duh, 2020), though the
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community may not be aware of how much translationese there is in Wikipedia. Fortunately, the
quality control processes on translation are more effective for Wikipedia than for many of the test
sets in our field such as those in Table 3. Evaluations on those test sets may be even more prob-
lematic than evaluations based on Wikipedia, given how much Wikipedia is investing in quality
control processes.

10. Conclusions and recommendations

There is good news and bad news. The bad news: there is too much translationese in too many
of our resources. Audits are producing shocking conclusions: less than 50% . . . acceptable quality
(Caswell et al. 2021). Worse, the community may not be aware of the poor quality. There is too
much (poor) translation in popular datasets. Poor test sets produce misleading results.

As mentioned above, we should invest more in quality control. When possible, we should avoid
translation. When translation is necessary, it is better to translate in the “right” direction (into
high-resource languages) than the “wrong” direction (out of high-resource languages). The litera-
ture from Corpus-based Lexicography as well as experiments with LLMs in Section 3 suggest that
translationese is different from texts that were originally written in the source language.

That said, ANOVA analyses mentioned above showed that other factors (models and language)
account for more of the variance than translationese. Thus, translationese is, perhaps, a third-
order effect. While the field is struggling with first and second-order effects, it may be appropriate
to move third-order effects to the parking lot, but even so, we should be thinking about how to
address these third-order effects in the future.

Too many of our resources are catch-as-catch-can. For example, since most of the content in
Wikipedia happens to be in high-resource languages, when they want to port their content to more
markets, it makes sense for them to translate in the direction they do. But unfortunately, this is
the “wrong” direction for our purposes (developing LLMs).

The good news is that there is plenty of text in source languages of interest. For example, there
are millions of articles in Semantic Scholar in Indonesian. There are opportunities to create par-
allel corpora by translating these articles in the “right” direction, as well as opportunities to create
comparable corpora by finding comparable articles in other languages.
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