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1 Appendix

In this appendix, we provide additional analysis,
results and examples.

1.1 Choice of languages and mined bitexts

We currently handle 90 languages. They were cho-
sen to cover several language families, frequent
high-resources languages as well as several low-
resource languages for which only a very limited
amounts of bitexts are publicly available. Min-
ing all possible 90 x (90 — 1)/2 ~ 4000 pairs
is computationally very challenging. In addition,
one may question if mining several “unusual” lan-
guage pairs would be useful, e.g. Icelandic-Urdu
or Gallican-Malay. It is quite unlikely that there is
interest in training a direct NMT systems for such
language pairs.

Therefore, we took the following approach. We
first organized all languages into twelve groups:

e Major Asian (4):
Vietnamese, Chinese;

Japanese, Korean,

e Germanic (12): Afrikaans, Danish, Dutch,
German, English, Frisian, Icelandic, Luxem-
bourgish, Norwegian, Swedish, Yiddish;

e Romance (10): Asturian, Catalan, French,
Galician, Italian, Latin, Occitan, Portuguese,
Romanian, Spanish.

e Slavic (12): Belarusian, Bosnian, Bul-
garian, Croatian, Czech, Macedonian,
Polish, Russian, Serbian, Slovak, Slovenian,
Ukrainian;

e Other European (10): Albanian, Arme-
nian, Esperanto, Estonian, Finnish, Georgian,
Greek, Hungarian, Latvian, Lithuanian;

e Celtic/Irish (4): Breton, Irish, Scottish, Welsh;

e Turkic (5): Azerbaijani, Kazakh, Turkish,
Tatar, Uzbek;

e Middle East (3): Arabic, Farsi, Hebrew;

o Niger-Congo/Afro-Asiatic (10): Ambharic,
Hausa, Igbo, Oromo, Somali, Swabhili, Wolof,
Xhosa, Yoruba, Zulu;

e Indo-Aryan (9): Bengali, Hindi, Marathi,
Nepali, Oriya, Sinhala, Sindhi, Urdu, Tamil;

e Malayo-Polynesian (9): Cebuano, Ilocano,
Indonesian, Javanese, Malagasy, Malay,
Malayalam, Sundanese, Tagalog;

e Other Asian (2): Burmese, Khmer;

Most of these groups correspond to well estab-
lished linguistic language families, but we have
also performed some geographic groupings, in par-
ticular for small language families or isolated lan-
guages. We systematically mine all pairs within
one language family. For instance, we provide bi-
texts for all pairs of Indian languages. In addition,
we have identified major languages in each group
and use them as “bridge languages” (underlined in
the above list). We mine for all bitexts among these
27 bridge languages. The motivation for this bridge
language approach is to connect the languages of
the various groups, but sill avoid mining the full
matrix.

We tried to support a large number of languages,
but we are aware that the underlying LASER em-
bedding is not very strong for all 90 languages,
for instance several languages of the Niger-Congo
family. Therefore, some of the mined bitexts may
contain wrong alignments or even texts from other
languages, despite careful filtering and two differ-
ent LID classifiers. Additional cleaning/filtering
may be needed. Nevertheless, we hope that these
bitexts are a useful resources to support research in
low-resource languages.

1.2 Example alignments

To illustrate the quality and richness of the mined
bitexts, we provide here some examples of ex-
tracted bitexts. We first searched for English sen-
tences which appear simultaneously in bitexts for
ten different languages (Arabic, German, French,
Indonesian, Japanese, Korean, Russian, Turkish
Vietnamese and Chinese). About ten thousand sen-
tences are such 11-way parallel. Table 1 gives four
examples. The first two examples are very generic
sentences which could appear on many Web pages.
This nicely showcases the potential of global min-
ing to find mutual translations in unrelated docu-
ments. The second example is rather long sentence
from some political document. Finally, we provide
an example from the medical domain. We also ob-
serve grammatically wrong sentences, e.g. “Ein
Besuch in einem kranken Freund”. This may indi-
cate that our approach can find parallel sentences
which were translated by (low quality) MT.
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En You should clean the refrigerator once a month. Visiting a sick friend.

Ar i) (b Baxlg 8 e dr M) cinlais (Sale gy wl s S35 15l Ly po iy e

De Den Kiihlschrank sollten Sie einmal im Monat saubermachen. Ein Besuch in einem kranken Freund

Fr | 1l est recommandé de nettoyer le réfrigérateur une fois par mois. visite 2 un ami malade.

1d Sebulan sekali kulkas harus dibersihkan. Kunjungi teman yang sakit

Ja 1 AR LB SVIRRHEOHE 5 A2 LI E %, TR DRIEZ i35

Ko ShEof g A= YR HLE T A T oRE AFEH=EAHoR

Ru XonoIMITBHKK CIIellyeT Pa3MOpPakiBaTh pa3 B MECSIL. TocemieHue 60IBHOTO ApyTa.

Tr Buzdolabini bosaltarak ayda bir kez temizleyin. Hasta bir dostu ziyaret etmek.

Vi Vi vdy, mdi thdng ban nén vé sinh ti lanh mét lan. Thim ngudi ban THAN bénh

Zh WA B, YRA] A=A H IE B — R UKAE . R — DRI

En ‘With the growing importance of world trade and the global community, business executives and legal professionals are expected to look
beyond national jurisdictions and understand issues of international law and international commercial law.

Ar | Oaiglal) O Laiaad) (dsally sl Ol LLaD gy iilegd] auslaal] cllald] ansl ) i of gBgiad) ag sl gatmally dsallal 8 Jl) dsmsl al3 o

De Da Handel und Unternehmen immer globaler werden, wird erwartet, dass Rechtsberater iiber nationale Zustiandigkeiten hinausblicken und Fragen
des europiischen und internationalen Rechts verstehen.

Fr Avec l'importance croissante du commerce mondial et la communauté mondiale, consultants juridiques devraient regarder au-dela des juridictions
nationales et de comprendre les questions de droit européen et international.

Id Dengan semakin pentingnya perdagangan dunia dan masyarakat global, konsultan hukum diharapkan untuk melihat melampaui yurisdiksi
nasional dan memahami masalah hukum Eropa dan internasional.

Ja WHEar LY MR BB EIARANETET I/ n—o kT 21200 T, EoEEEZBA T, NUNE X CEREOMEZ
HffEs 5 2 eI hTnE S,

Ko |79 B H=2YA7Fd AAA o2 S71gte] wieh W& AEHEE 571 BddE oA f3 9 54 2AIE olsld 2oz
oldduyct.

Ru C POCTOM Ba’KHOCTH MI/IDOBOI;I TOProBJIx U MUPOBOTO CDOﬁU—[CCTBa, HOPUINYECKHUE KOHCYJIBTAHThI, KaK OXKMIAeTCsl, UCKATh 3a IpeaeaaMu
HALMOHAJIBHO! IOPUCINKLIMY ¥ IOHUMAHMUsI BOIIPOCOB €BPOIIEHCKOr0 M MEXyHaPOIHOIO MpaBa.

Tr Ticaret ve is diinyas: gittikge kiiresellestik¢e, hukuk miisavirlerinin ulusal yargilarin 6tesine gecmesi ve Avrupa ve uluslararasi hukuk konularini
anlamalar1 beklenmektedir.

Vi V6i tim quan trong ngdy cang ting ciia thuong nje;i thé gi6i va cong dong qudc té, tu van phdp ludt duge du kién dé nhin xa hon khu vic phap ly
qudc gia va hiéu cdc vin dé ciia phdp luat chau Au va quéc té.

Zh i i 5 B i kvt S OB I N, R ) SR S A 1 RN I ik e

En When we breathe quickly we also build up oxygen in our blood.

Ar 1los (48 mensSYl eliny s ey puiis Losic.,

De ‘Wenn wir schnell atmen, bauen wir auch Sauerstoff in unserem Blut auf.

Fr Lorsque nous respirons rapidement, nous créons également de 1'oxygeéne dans notre sang.

Id Ketika kita bernapas dengan cepat, kita juga membangun oksigen dalam darah kita.

Ja B HARELFRT 2 L, MRTICREDERMLET,

Ko |27} #e £& 49 Y& 3 Lof ki FH3

Ru Kornma MbI gpiimm 6I>ICT])0, MbI TAKXKE€ HAKAIUIMBAEM KHCI0pOd B Halei KpOBH.

Tr Khi chiing ta thd nhanh, chiing ta ciing tich ty oxy trong mau.

Vi Cabucak nefes aldigimizda, kanimizda da oksijen biriktiririz.

Zh SFRATVPIEIFIRN, AT MR th 2R A

Table 1: Examples of English sentences for which alignments in at least ten languages were found.
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200 Model Test set de-en en-de en-ru ru-en zh-en en-zh de-fr fr-de 250
zz; Ottetal. (2018) Newstest2014 - 28.6 - - - - - - zz;
203 Fan et al. (2019) Newstest2014 - 296 - - - - - - 053
204 CCMatrix Newstest2012  31.6 253 - - - - - - 254
205 CCMatrix Newstest2013 349 293 302 325 - - - - 255
206 CCMatrix Newstest2014 389 322 457 438 - - - - 256
207 CCMatrix Newstest2015 382 344 384 378 - - - - 257
208 CCMatrix Newstest2016 46.6  40.7 36.8 379 - - - - 258
209 CCMatrix Newstest2017 402 329 41.0 43.1 304 375 - - 259
210 CCMatrix Newstest2018 499 503 357 369 302 408 - - 260
211 CCMatrix Newstest2019 433 445 355 418 348 356 379 335 261
212 CCMatrix Newstest2020 392 35.1 255 371 350 388 33.8 338 262
z:z Table 2: Detokenized SacreBLEU scores of CCMatrix models on all the available Newstest sets. Zzi
215 265
216 1.3 Additional WMT Results 266
217 We provide translation results as measured by 267
218 SacreBLEU (Post, 2018) on all available WMT 268
219 test sets in Table 2. For one of the most common 269
220 translation evaluation benchmarks in the commu- 270
221 nity, training on WMT16 en-de and evaluating on 27
222 Newstest2014, we display the current state of the 272
293 art results as well as the result of a well trained 273
204 standard Transformer, to provide contrast against 274
205 training on mined data only. On this benchmark, 275
226 we find improvements of almost 2 BLEU points. 276
227 277
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