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Abstract

Developing high quality machine translation systems is a labour intensive, chal-
lenging and confusing process for newcomers to the field. We present a pair of
tools OpusCleaner and OpusTrainer that aim to simplify the process, reduce the
amount of work and lower the entry barrier for newcomers.

OpusCleaner is a data downloading, cleaning, and proprocessing toolkit. It is de-
signed to allow researchers to quickly download, visualise and preprocess bilingual
(or monolingual) data that comes from many different sources, each of them with
different quality, issues, and unique filtering/preprocessing requirements.

OpusTrainer is a data scheduling and data augmenting tool aimed at building
large scale, robust machine translation systems and large language models. It
features deterministic data mixing from many different sources, on-the-fly data
augmentation and more.

Using these tools, we showcase how we can use it to create high quality machine
translation model robust to noisy user input; multilingual models and terminology
aware models.

Preprint. Under review.



1 Introduction

Machine translation is ubiquitous in modern society, however training high quality machine translation
systems is not trivial. A lot of the knowledge about how to build high quality systems is not well
defined, comes from experience and at times may seem counter intuitive. With OpusTrainer and
OpusCleaner we aim to explicitly address the main challenges in a user friendly manner and simplify
the workload for machine translation researchers.

There are several challenges when it comes to building high quality MT systems:

1.1 Data Sources

Parallel data for machine translation systems comes from many different sources, that have widely
varying quality. As an example, using Opus’s Websit and filtering parallel data sources for Chinese
to English, we are presented with a dozen different corpora. Here we find that some are in traditional
script, others are in simplified script, and these may or may not have been tokenized. This is before
noting any language identification issues. In order to build a high quality translation system, we need
to first have quality data, which necessarily means auditing each corpus manually and then deciding
how to preprocess it.

1.2 Training schedule

High quality machine translation systems require the use of backtranslation [Sennrich et al.| 2016],
usually included in the form of pretraining. Often at the end of training models are fine tuned to
in-domain data. Without a training scheduler that supports different training stages, start-and-stop
training approach is necessary which presents challenge for automation and increases the burden on
the researcher.

1.3 Data Mixing

Noisy web-crawled data is useful for translation quality, but including it too early in the training may
lead to model divergence. Furthermore dirty data is orders of magnitude more available than clean
manually curated parallel data. Without any upsampling, clean data might be overshadowed by dirty
data, but upsampling is wasteful in terms of disk space. Finally, multilingual models require careful
data mixing such that low resource language languages are not overwhelmed by high resource ones,
without a training scheduler that supports data source mixing, this is achieved by upsampling low
resource data and carefully mixing and shuffling it in the training data.

1.4 Data Augmentation

Machine translation models are training on sanitised parallel data that is usually not representative of
noisy user input:

* Typos are quite rare in clean data, and spellchecker is often used on web-crawled data.

* All caps and title-case text are often missing.

* Emoji are basically non existent in parallel data.

* Models are not trained to cope with untranslatable tokens, which should be copied between
the source and the target language.

OpusTrainer and OpusCleaner are designed to resolve the above issues, and make it easy for a novice
user to build high quality translation systems, by explicitly setting the expectations that training data
must be carefully audited, and training data must be scheduled.

2 OpusCleaner

In order to address the daunting task of data cleaning, we developed OpusCleaner, a single graphical
frontend that does data downloading and cleaning, while being modular to allow for custom modifi-
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cations depending on the language pair in question. We show screenshots of the welcome screen on
Figure [I}

|
DATA)LOR Import dataset T,

Your datasets

el ?
\
D

e ~0

No datasets yet. Click on the import data button on the right to get started.

Image by storyset on Freepik.

This project has received | The contents of this
funding from the publication are the sole
European Union's Horizon responsibility of the
Europe research and HPLT consortium and do
innovation programme not necessarily reflect
under grant agreement the opinion of the

No 101070350 Europnean Union.

Figure 1: Initial screen of OpusCleaner

2.1 Data Download

OpusCleaner provides seamless integration with MTData [|Gowda et al.,[2021]] as shown on Figures
[]and [3] Datasets can be searched by languages and then downloaded individually, or in bulk. Basic
information about each dataset (number of lines, version, size) are shown, as well as link to the
dataset description page in Opus.

Additionally, adding one’s own custom datasets is possible.

2.2 Data Cleaning

Once all datasets are acquired, we can navigate to the Data Tailor screen (Figure ) where we can
label every dataset with an arbitrary label (Such as medium or dirty) so that we can keep track of the
overall quality of each dataset.

2.2.1 Filter and preview

For each dataset, we visualise a sample of 3000 sentences that includes the first 100, the last 100
and random lines in between. From this window we can identidy the idiosyncraticies of that dataset
and add the appropriate filters to fix them. For example, if we spot that some lines are in the wrong
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Figure 2: Search dataset pane
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Figure 3: Search and download dataset with links to dataset and basic information.

language (Figure[5)) we can add language identifier filter and see the result of it in the preview window
(Figure[6).

Another example is finding mismatched punctuation on the source and the target (Figure[7). We can
then create a simple filter that fixes the issue and apply it, see the result (Figure [§).

2.2.2 Filters and pipelines

OpusCleaner is designed to clean data in a pipelined manner. Multiple filters are chained where every
filter receives data on stzdin and outputs it on stdout. OpusCleaner itself takes care of managing the
pipeline. A typical pipeline would have a number of filters chained up as shown on Figure [9]

We support 28 built in filters with custom user filters supported by simply providing a json configura-
tion file that specifies path to filter executable and optionally what arguments it should have.

2.2.3 Processsing all data

Once we have determined filters for every single downloaded dataset, we run a command line
utility that does batch processing of all datasets, taking care of also cutting up files and parallelising
processing. Once all processing is done, we provide an utility to deduplicate the data but preserving
the split of datasets and then the user can proceed with training the machine translation system.

OpusCleaneIEI is open source, under active development and available for free for anyone to use.

https://github.com/hplt-project/OpusCleaner
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Figure 4: Initial screen of data tailoring, as well as dataset labelling.
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Display as rows Display whitespace fole] m clean (000) m I fasttext_filter
» alpha_ratio +
English French
Once Upon A Soul: Stories of striving and yearning. Once Upon A Soul: Stories of Striving and Yearning. * bicleaner_hardrules +
| 1n water iron then shallfloat, As easy as a wooden boat. In water iron then shall float, As easy as a wooden boat. > bifixer +
We need more heroines like you, Tina. We need more heroines like you, Tina.
» deescape_tsv +
[ They wear mourning for seven full days, after which they put it off. They wear mourning for seven full days, after which they put it off.
Certainly our God would not be satisfied. Certainly our God would not be satisfied. » deescape-special-chars +
‘Vou thought to this day that there were tyrants? Vous avez cru jusquia ce jour quiily avait des tyrans ? » +
How do you feed your family?" Comment nourrissez-vous votre famille 2"
- - - - - S ~ fasttext filter +
‘ The first group shows God creating the Heavens and the Earth. Le premier ciel est une vodite a laquelle a terre est fixée par ses extrémités.
Nous consacrons tout & Marie, théme varié - 5. Nous consacrons tout  Marie, théme varié - 5. Drop rows with incorrect language
identified by FastText.
‘ E14/0{ 20|20| Guyz how do u do-we miss u so so much..Thanks 4 waiting us. H11410{ 20|20| Guyz how do u do~we miss u so so much..Thanks 4 waiting us.
»
And wherefore say not I that I am old? And wherefore say not I that 1 am old? fix_elitr_eca +
[ No Mistrals for your No Mistrals for yout» » fix_quotes +
Indeed, we are inclined to prefer it beyond every other poem in the book; butlet | Indeed, we are inclined to prefer it beyond every other poem in the book; but let N +
the reader judge. the reader judge. fix_sent_final_punct
[Itis said after this he split to  thousand pieces, and became the stars. Tl est dit aprés cela, quil sest divisé en mille morceaux, et est devenu les étoiles. » fix_un_chinese +
Je ne me sentais plus vivant L. Les Grandes Lois II. Je ne me sentais plus vivant L. Les Grandes Lois II. —
> fix_wiki +
[ They are subservient to him, and created for a purely practical end. Tis sont serviles a son égard, et créés pour une fin purement pratique.
- . v dannid +

Figure 5: Initial view of dataset cleaning with some sentences obviously in the wrong language.

3 OpusTrainer

As discussed in section [T} training high quality machine translation systems requires carefully
combining parallel data from different sources and quality levels; applying on the fly modifications to
it and more.

This is challenging to achieve with neural network toolkits that make use of static training data,
because ideally we want to modify the data mixture and potentially augment it on the fly, without
having to prepare the data first and write it to disk which is wasteful.

Multilingual model training The problem is exacerbated when training many-to-many or English-
to-many multilingual models where high resource languages would often have orders of magnitude
more data than low resource languages. In order for a multilingual model to train well in this setting,
it needs to see balanced data from all languages [Freitag and Firat,[2020]. Doing this by concatenating
and upsampling data (in order to get equal amounts of data seen for all languages), would waste
multiple terabytes of disk space.

3.1 Data Scheduling

OpusTrainer solves this problem by streaming and mixing data from multiple sources. OpusTrainer
uses a simple yaml configuration file where the user can declare all of their data sources and a desired
mix of them for different stages of training. OpusTrainer then reads in the data from different sources
and then outputs the desired mix to stdout. OpusTrainer is meant to be used with neural network
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Dataset: WikiMatrix-v1.en-fr
2

Display as rows Display whitespace

oCc

2389 —

» fasttext filter
English French

You thought to this day that there were tyrants?

How do you feed your family?"

Vous avez cru jusqu'a ce jour qu'ily avait des tyrans ?

> alpha_ratio

Comment nourrissez-vous votre famille ?"

The first group shows God creating the Heavens and the Earth.
It is said after this he split to a thousand pieces, and became the stars.
They are subservient to him, and created for a purely practical end.

19:35- It is not Allah’s Glory that He should take (to Himself anyone as) a son.

> bicleaner_hardrules

Le premier ciel est une vodte & laquelle la terre est fixée par ses extrémités.

1l est dit apres cela, qu'il s'est divisé en mille morceaux, et est devenu les étoiles.

» bifixer

Iis sont serviles & son égard, et créés pour une fin purement pratique.

> deescape_tsv

La sourate 19.35 : « Il ne convient pas a Allah de S'attribuer un fils.

(Commercial) Raymond: Well, we're about to begin our story.

» deescape-special-chars

(Commercial) Raymond: Eh bien, nous sommes sur le point de commencer notre
histoire.

* detokenizer

"0' Allah he is from me and I am From Him", he repeated this three times.

"0 'Allah, il est de moi et je suis de Lui", il I'a répété trois fois.

Indeed, Allah is but one God.

Allah n'est qu'un Dieu unique.

And for this reason the Scripture says: 'Thus the heaven and the earth were
finished, and all their adornment.

C'est pourquoi le livre de la Genése dit : « Ainsi furent achevés le ciel et |a terre et

~ fasttext_filter

[ ]+

Drop rows with incorrect language

identified by FastText.

toute leur parure.

Those unto whom We gave the Scripture know that it is revealed from your Lord in
truth.

Did it only refer to Nisan 14?

Ceux auxquels Nous avons donné le Livre savent quil est descendu de ton

> fix_elitr_eca

Seigneur avec la vérité.

Est-ce que cela faisait uniquement référence au 14 Nisan ?

» fix_quotes

Does every creature feel content with what God meant for him?

Chaque créature est-elle satisfaite de ce que Dieu lui a destiné ?

» fix_sent_final_punct

Then we did not want you to o to the Senate but the people would send you."

Ensuite, nous ne voulions pas que vous alliez au Sénat mais le peuple vous y.

» fix_un_chinese

enverrait ».

Figure 6: Fasttext langid filter removes lines in wrong language.
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Dataset: CCAligned-v1.en-fr
Odirty 2

Display as rows Display whitespace

English

In the Holy name of Allah, most gracious, most merciful

| ]+ ]+

joles

[crories [ oo |

Search filters

French

> alpha_ratio

Au nom D'Allah le Tout Miséricordieux, le Trés Miséricordieux,

> bicleaner_hardrules

In the name of Allah, Most Gracious, Most Merciful.

Au nom d'Allah, le Tout Miséricordieux, le Trés Miséricordieux

The greatest among you must be your servant. Whoever exalts himself will be
humbled; but whoever humbles himself will be exalted.

Therein come down the angels and the Spirit by Allah's permission, on every
errand:

Places in the Mountains,

» bifixer

Le plus grand parmi vous sera votre serviteur. Quiconque sélévera sera abaissé, et
quiconque s'abaissera sera élevé.

> deescape_tsv

Durant celle-ci descendent les Anges ainsi que IEsprit, par permission de leur
Seigneur pour tout ordre.

» deescape-special-chars

Places dans les montagnes,

* detokenizer

Except for those who have believed and done righteous deeds and advised each
other to truth and advised each other to patience.

sauf ceux qui croient et accomplissent les bonnes oeuvres, slenjoignent
1t la vérité et senjoig 1t lendurance.

> fasttext_filter

For a booking on the day,

Pour une réservation le jour-méme,

> fix_elitr_eca

In the holy name of Allah, most gracious, most merciful

Au nom D'Allah le Tout Miséricordieux, le Trés Miséricordieux,

Except such as have Faith, and do righteous deeds, and (join together) in the
mutual enjoining of Truth, and of Patience and Constancy. 3

» fix_quotes

sauf ceux qui crojent et accomplissent les bonnes oeuvres, senjoignent
mutuellement la vérité et senjoignent mutuellement lendurance. 3

» fix_sent_final_punct

or full Kosher (if desired) meals.

They so much hang on to themselves. Yet, they weave there their poverty. They set
up there their own calvary.

In the Holy name of Allah, The Most Gracious, The Most Merciful.

ou pleins (si désiré) repas cachers.

» fix_un_chinese

Iis tiennent tant & eux-mémes. Pourtant, ils tissent |3 leur misére. Iis érigent |4 leur
propre calvaire.

> fix_wiki

Au nom d'Allah, le tout Miséricordieux, le trés Miséricordieux

Except such as have Faith, and do righteous deeds, and (join together) in the
mutual teachina of Truth. and of Patience and Constancv.

> langid

sauf ceux qui croient et accomplissent les bonnes oeuvres, slenjoignent
mi 1t la vérité et senioia 1t lendurance.

Figure 7: Mismatched punctuation on the source and the target.

> laser_similarity

B o o o I IS () I ) S Il e I

toolkits that support reading data from stdin such as Marian [Junczys-Dowmunt et al., 2018]], but
it can also output the desired data mix to a file, making it usable with all toolkits. An example
configuration that describes a full training run with various data mixings for different stages of
training can be seen on Figure[T0]

3.2 Data Augmentation

Humans are very robust to decoding noisy texts, but this can pose a major challenge to machine
translation systems due to the way we collect our training data:

* Title Case and Upper Case parallel data is quite rare in training data, and is sometimes
regularised during acquisition.

* Typos are also comparatively rare in training data, because either we use clean sources or
we perform spellchecking on web crawled sources.

* Emojis, which human readers expect to be copied over from the source to the target, are
not seen during training, because typically lines containing emojis are removed from the
training data at preprocessing steps.
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Dataset: CCAligned-v1.en-fr
Cdirty 2

Display as rows Display whitespace [sle] m clean (3000) _ I fix_sent_final_punct I

~ fix_sent_final_punct 3000 —
In the Holy name of Allah, most gracious, most merciful, Au nom D'Allah le Tout Miséricordieu, le Trés Miséricordieux, » alpha_ratio +
In the name of Allah, Most Gracious, Most Merciful. Au nom dAllah, le Tout Miséricordieux, le Trés Miséricordieux.

- . — — » bicleaner_hardrules +
The greatest among you must be your servant. Whoever exalts himself will be Le plus grand parmi vous sera votre serviteur. Quiconque sélévera sera abaissé, et
humbled; but whoever humbles himself will be exalted. quiconque s'abaissera sera éleve. > bifixer +
Therein come down the angels and the Spirit by Allah's permission, on every Durant celle-ci descendent les Anges ainsi que I'Esprit, par permission de leur
errand: Seigneur pour tout ordre: * deescape_tsv +
Places in the Mountains, Places dans les montagnes, » deescape-special-chars +
Except for those who have believed and done righteous deeds and advised each | sauf ceux qui croient et accomplissent les bonnes oeuvres, senjoignent
other to truth and advised each other to patience. 1t la vérité et senjoig 1t Fendurance. > detokenizer +
For a booking on the day, Pour une réservation le jour-méme, > fasttext filter +
In the holy name of Allah, most gracious, most merciful, Au nom D'Allah le Tout Miséricordieux, le Trés Miséricordieux, N T
fix_elitr_eca

Except such as have Faith, and do righteous deeds, and (join together) in the sauf ceux qui croient et accomplissent les bonnes oeuvres, s'enjoignent
mutual enjoining of Truth, and of Patience and Constancy. 3 1t la vérité et senjoignent 1t lendurance. 3 » fix_quotes +
or full Kosher (if desired) meals. ou pleins (si désiré) repas cachers.

» fix_sent_final_punct +
They so much hang on to themselves. Yet, they weave there their poverty. They set | Iis tiennent tant & eux-mémes. Pourtant, ils tissent 1& leur misre. Iis érigent | leur
up there their own calvary. propre calvaire. » fix_un_chinese +
In the Holy name of Allah, The Most Gracious, The Most Merciful. Au nom dAllah, le tout Miséricordieux, le trés Miséricordieux. N T

fix_wiki

Except such as have Faith, and do righteous deeds, and (join together) in the sauf ceux qui croient et accomplissent les bonnes oeuvres, slenjoignent
mutual teachina of Truth. and of Patience and Constancv. mutuellement la vérité et senioianent mutuellement l'endurance. > lannid +

Figure 8: Fixing mismatched punctuation.

DATA“‘LOR

Dataset: CCMatrix-v1.en-fr
Odirty 2
Display as rows

Display whitespace

changes

Search filters.

English French » bifixer 3000 —

Comparing sample to the filtered sample: 41 lines added, 187 lines removed, and 659 lines changed. bicleaner_hardrules 2945 —

economy need a locomotive également, 'Union européenne et I'économie ont besoin d'une locomotive. =

In him are "all the treasures of wisdom and knowledge”, and the Church is his Body. | En Lui sont « tous les trésors de la sagesse et de la science », et IEglise est son
Comps. =

deescape-special-chars

Everyone who knows this Way, this Truth, and this Life, will have all of God's Tout homme qui connaitra cette voie, cette Véité, cette vie, possédera toutes les » alpha_ratio 2004 —
blessings! bénédictions de Dieu:! E
. . , -
“He was able to raise an enormous [amount] of money and that alone separates him | “Il était capable de soulever une énorme somme de [montant] de I'argent et que seul femove_empty_lines 2017
from the crowd. le sépare de la foule.
L | » num_mismatch 2855 —
And they will take it as an invitation to do what they have to do." Etils prendront cela comme une invitation & accomplir ce quils doivent faire.=
- P - , -

| That very day that blessing opened the Heaven's over Jacob. Ce jour-1a, la bénédiction a ouvert les portes du Ciel sur Jacob. | fixwiki 2855
And this is the journey of life: walking onward to meet Jesus." Et Cest justement cela le chemin de la vie: marcher pour rencontrer Jésus."s £ | » max_length 2855 —

| Ask himif the moon was shining.” Demandez-lui si la lune brillait.» E

» max_word_length 2854 —
In the month of Sivan, the Sun was eclipsed.” Au mois de Sivan, le Solell fut éclipsé.”

‘ (Itis a celebration, a remembrance of God's creative power.) (Il s'agit d'une célébration, une commémoration de la puissance créatrice de Dieu.) = | * fix_sentfinal_punct 2854 —
And if it be that he is in the area, then | will search him out among all the thousands | Sil est dans le pays, je le chercherai parmi tous les milliers de Juda. » E | » apha_ratio +
of Judah.” E

‘ 18:4 To warn those who said, "God has taken a son." 18 4 Et pour avertir ceux qui ont dit : « DIEU a engendré un fils | » = | * bicleaner_hardrules +
EnikG GyGri, President-in-Office of the Council. — (HU) Mr President, Commissioner, | EnikG GyGri, présidente en exercice du Conseil.  (HU) Monsieur le Président, = | b bifixer +
honourable Members, as Mrs Kalniete, too, has said, the European Union and the | Monsieur le Commissaire, mes chers collégues, comme Mme Kalniete Ia dit

» deescape_tsv +
+
+

In him are "all the treasures of wisdom and knowledge", and the Church is his Body. | En Lui sont « tous les trésors de la sagesse et de la science »- et I'Eglise est son

detokenizer

Figure 9: Adding multiple filters and visualising the difference.

In order to alleviate these issues, OpusTrainer provides multiple data modifiers which can be applied
on the fly, at random on the training data:

» UpperCaser and TitleCaser
* Typo modifier, which inserts typos in words during training

* Merge modifier, which randomly merges several input sentences together to help the model
be more robust to longer sentences.

* Noise modifier, that generates random sentences consisting of unicode noise, identical on
both the source and the target side. This modifier teaches the model to copy unknown strings
to the target side.

* Inline Noise modifier: A more complicated version of the above that uses word alignments
in order to inject noisy unicode characters (including Emoji) in approximately the same
logical place on both the source and the target side. This modifier teaches the model that
unknown sequences of <unk> characters should be just copied on the target side.



datasets:
clean: clean.gz # 2.4 GB
cleanish: clean.med.gz # 1.3 GB
medium: medium.gz # 1.8 GB
dirty: dirty.gz # 33 GB

stages:

- start

- mid

- end
start:

- clean 0.65

- cleanish 0.25

- medium 0.1

- dirty 0

= until clean 1 # Until 1 epoch of clean
mid:

- clean 0.25

- cleanish 0.1

- medium 0.05

- dirty 0.6

= until dirty 1
end:

- clean 0.4

- cleanish 0.15

- medium 0.15

- dirty 0.3

until dirty inf

seed: 1111

Figure 10: OpusTrainer basic configuration defining the data scheduling for training a model.

All of those modifiers are applied to each sentence in the training data with a user defined probability
as shown on Figure[IT]

3.3 Terminology

OpusTrainer is able to leverage word alignment information to produce terminology augmented
systems, precisely as the one described in[Bogoychev and Chen| [2023]). This is achieved by finding
bijective word alignment mappings between the source and the target sentences and at randomly
injecting terminology hints in the source, precisely like the one show on [I2]

These terminology hints can then be used at inference time, and the model will know how to
incorporate the desired terminology hint at the target side. The relevant training options are shown on

figure [13]
OpusTrainer is open source and available on GitHubEl with ample documentation and examples.

OpusTrainer is designed to be used mainly with neural network toolkits that read in training input
on stdin, as it takes care of shuffling between epochs, resuming training and all other functions

*https://github.com/hplt-project/OpusTrainer
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modifiers:

- UpperCase: 0.05

- TitleCase: 0.05

- Typos: 0.05

- Tags: 0.005
augment: 1 # Augment with inline unicode noise

- Noise: 0.0005
min_word_legnth: 2 # Minumum lenght of each fake word
max_word_length: 5 # Maximum lenght of each fake word
max_words: 4 # Maximu mnumber of fake words

Figure 11: Different modifiers specified in YAML format to be used during training.

Where is the airport? <> Wo ist der Flughafen?
Where is the airport __target__ Flughafen __done__? <+ Wo ist der Flughafen?

Figure 12: Terminology augmentation in practise. During training it is hinted that the target word
Flughafen corresponds to Airport, so that at inference when providing the model with terminology
hints it will know how to incorporate them at the output.

normally done by the data module of a neural network toolkit. It can, however, also be used to write
a preprocessed training corpus on disk so toolkits that do not support reading stdin can also make use
of it.

4 Case study: A Robust French-English system

We highlight the use cases of data augmentation by using OpusCleaner and OpusTrainer to train a
French-English machine translation system. We define robustness as the following criteria, which are
all common concerns for real world web text.

e Accurate translation of URLs (URLs need to be copied to the target side without any
modification).

* Accurate copy behaviour on OOV tokens such as emoji or snippets of foreign language texts.
The latter often occur in wikipedia, where foreign language terms such as named entities
appear alongside their local language transliteration.

* No quality loss when translating Upper Case and Title case texts compared to normal cased
text (All caps and tittle case often appear in tittles of newspapers).

* Robustness to typos (social media users).

modifiers:
- Tags: 0.04
custom_detok _src: null
custom_detok_trg: null
template: "{src} __target__ {trg} __done__"

Figure 13: Tag modifier is used to add terminology hints to the source during training. Values of 3%
to 7% seem to work well in practise.



C'est autre =& chose, bien plus profond. This is something =@ else, much deeper.

La loi ca SN (ZAHA sert a quoi? What DN (CHA use is
the law

C'est autre ZR ey BB chose, bien plus profond. This is something
= BB else, much deeper.

Figure 14: Example cases of noise/emoji inside the source and the corresponding target translation.
We aim for our model to be able to reproduce those at decode time.

4.1 Test set design

As a baseline test set we use newstest!5 and we make several version of it to more accurately measure
robustness.

e Title Case version of the test set
* All caps version of the test set

. Typo—eﬁ_I version of the test set, where we insert 4 typos in each line using the python’s typo
library

* Emoji augmented test set where we insert random emoji in corresponding places on the
source and the target, by using precomputed word alignments in order to place the emoji in
both texts in the correct corresponding location. Example on figure [14}

* Random unicode sequence augmented test set where the random unicode sequences are
inserted in the same manner as the emoji. Example on figure [14]

On top of that we prepare a dataset of sentences containing URLSs from the paracrawl project. We
take sentences containing exactly the same URLSs on both the source and the target, then we remove
the URLSs and take the top 1500 sentences according to their bicleaner-ai [['"Zaragoza-Bernabeu et al.}
"2022"]] score and reinsert the URLs.

For quality we report BLEU, but we also use several specific metrics. For the URL test set we measure
the percentage of exact matches of URLs. For datasets with tittle case and all caps we measure as
well BLEU-uncased to see how good translation quality is, regardless of the case outputted. Finally,
for datasets with emoji and unicode sequences, we extract all of the OOV characters and measure
ChrF [Popovic, [2015]] on them only, so that we can see how effective our system is at copying them
to the target side.

4.2 Model

For training data we use all of the available French-English data accessible through MTData [[Gowda
et al.| 2021]] and we clean it using OpusCleaner.

We split the data into four categories based on its providence and subjective perceived quality through
manual inspection:
* Canonically clean datasets such as Europarl, Un are designated as clean (22M parallel
sentences).
* Slightly less clean data (9M), designated as cleanish.
* Not clean data, but not generated from crawled sources (16M), designated as medium.
* Web crawled data is designated as dirty (363M)

We use Marian [Junczys-Dowmunt et al.| | 2018] to train transformer-big|Vaswani et al.|[2017] models
on the training data with varying degree of data augmentation. We train 7 different models with

*https://pypi.org/project/typo/
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various additional perks, some related to data augmentation, some not in order to show how we
progressively achieve a more robust model.

1. Pure model

2. + Sentencepiece sampling [Kudo and Richardson, 2018]]. Sentencepiece sampling makes
splits of words non-deterministic, potentially making unseen words handling more robust.

3. + UpperCase and LowerCase
4. + typos
5. + Unicode Vocabulary Fallback. Sentencepiece models can’t split OOV tokens such as

Chinese characters into subwords, but if we consider that every character is represented by
unicode bytes, we can split unseen characters such as emoji and hanzi

6. + noisy sentences
7. + inline noise

4.3 Results

We present our results on table [I] We train 7 different systems with different degrees of augmentation.
We can see that progressively, as we add more modifiers to the training set up, the model becomes
more robust to various sources of noisy user input. System 3 onwards have capture TitleCase and
UpperCase with relatively small performance loss compared to plain sentences. System 5 that uses
UTF fallback for OOV tokens starts capturing emoji and other OOV tokens. Systems 6 and 7 enhance
the training data with lots of noisy examples and that leads to really good copy rate of OOV tokens to
the target side, as shown in the two ChrF columns.

newstest15 BLEU
. TC CAPS . noise’' .. emoji’ url  URL onl
plain uncased TC uncased CAPS  typo  noise chef MM chrJf BLEU  preci sior?
baseline (1) 40 34.2 8.6 21.5 20.5 29.6 34.3 0 35.8 0.1 62.7 90%
+ spm sample (2) 39 36.9 9.1 29.2 212 30.5 334 0.1 34.7 0.2 614 87%
+ UC/LC noise (3) 38.4 373 363 34.5 345 29.7 329 0.1 34.3 0.2 609 87%
+typos (4)  38.9 38  36.8 35.1 351  36.7 335 0.1 342 5.2 612 86%
+ UTF-8 fallback (5)  38.5 38  36.8 347 347 368 35.2 55.1 37 64.9 61 85%
+ noise (6)  39.6 39.1 379 35.9 359 376 38.9 87 38.7 72.3 613 86%
+ inline noise (7)  39.2 383 372 353 353 375 41.5 92 39.9 80.7 61.2 86%

Table 1: Results table
! ChrF score was calculated on the noise/emoji only, meaning we only measure how well our model
copies just OOV tokens without considering translation quality.

4.3.1 Caveats

There are some caveats that come with our test results. The more modifiers are used, the more difficult
the training data seems to be to model, and therefore it takes more iterations through the training data

to achieve convergence. Therefore all models presented have seen different amounts of training data.

We will control for this setting in future work.

Furthermore we see slight degradation in terms of translation quality when we add modifications to

the training data on the plain test set. This suggests that the gains we have are not entirely for free.

Finally, we observe slight deterioration on URLs. We measure only exact matches on URLSs because
an almost correct URL is not useful. This regression bodes for further investigation.

5 Conclusion

We present a feature complete data preprocessing and data scheduling toolkit for training machine
translation systems (but also just as useful for Large Language Models). Our tools are designed with
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novice and experts in mind so that they lower the entry barrier to the field of machine translation,
while still allowing for state of the art results. Our data augmentation utilities are crucial for producing
robust machine translation systems, as well as terminology systems [Bogoychev and Chenl 2023]].
Our toolkit was developed concurrently and independently to Sotastream [Post et al., |2023]] and
provides similar functionality.
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