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ABSTRACT

Machine translation has evolved significantly since the field’s creation. In the last 30 years the output
quality has improved, at first with the use of statistical techniques and later neural networks. A large
amount of data was however needed in order to get acceptable results, which practically meant de-
pendencies on major cloud services, with secondary consideration for data privacy. Recently, though,
this assumption has been shattered since newer models can be trained and then quantized for size
reduction. These models can afterwards be run on affordable, common hardware, opening exciting
opportunities for offline machine translation and uses that would previously have been unfeasible.

The creation of an offline machine translation application called Tradutorium is described in detail. It
utilizes resources from project Bergamot, which is at the forefront of offline machine translation re-
search and development. It also offers further functionality such as audio and image transcription
(using models from the Whisper and Tesseract projects respectively), as well as API integration with
the English version of Wiktionary (hosted by the Wikimedia project), for word definitions. Tradutorium
would not have been possible without the above projects and the teams that have created or con-
tributed on them.

Tradutorium is available under the open-source Mozilla Public License and its first version targets
desktop operating systems. Since it is built using cross-platform technologies, Tradutorium is scal-
able and can theoretically be extended to run on more platforms, including mobile devices or web
browsers. This would require extensions to the existing codebase, including the creation of compati-
ble user interfaces and proper ways to call the various libraries that are being used on each platform.
Additional libraries could also be integrated, adding new features or complementing existing ones.

An English - Greek language model is also trained with Marian NMT and then quantized according

to the specifications of project Bergamot models. The process that was followed is documented
thoroughly.

SUBJECT AREA: Machine translation

KEYWORDS: Machine translation, neural machine translation, neural networks, machine learning,
optical character recognition, OCR, language identification, language detection



NEPIAHWH

H unxavikn petd@paan £xel e€eAixBei onuavtika atmd 1n dnuioupyia Tou kKAAdou. Ta teAeuTtaia 30 xpo-
vIia N TTOIOTNTA TOU TTAPAYONEVOU KEIMEVOU £XEl BEATIWOEI, apXIKG PE TNV EKPMETAAAEUGN OTATIOTIKWYV
TEXVIKWV KOl apyoTEPA WE XPAON VEUPWVIKWY OIKTUWYV. Xpeladdtav JeYAAog OyKog dEBOUEVWV YIa
va £6ayxBoUv atmodekTd ATTOTEAECUATA, TTPOKTIKA KOBIOTWVTAG UTTOXPEWTIKY TNV £€APTNON atod ueilo-
VEG DIOBIKTUAKEG UTTNPETIEG, ME TO ATTOPPNTO TWV OEOOPEVWY Va gival DEUTEPEUOUCA TTPOTEPAISTNTA.
MAEov auTtr n UTTOBECN KATAPPITITETAI, KOBWGS Ta VEATEPA POVTEAD PTTOPOUV vVa eKTTAIOEUTOUV Kal OTN
ouvéxela va peiwdei To péyebog Toug péow piag diadikaciag quantization. Autd Ta HOVTEAQ UTTOPOUV
OTn CUVEXEIQ va eKTEAEOTOUV € KaBNUEPIVO Kal eUKoAa TTpooBdaoiyo hardware, avoiyovtag véa Jo-
VOTTATIA Yia auTéuaTtn petdepacn oe offline mepiBdANovTa Kal Xprioeig TTOU TTPONYOUNEVWG eV ATaV
EQIKTEG.

H dnuioupyia piag offline epapuoyng autépatng petdppaong TTou ovopadetal Tradutorium treprypd-
QeTal AVOAUTIKG. XpnaoldoTrolei TTopoug atrd 1o project Bergamot, 10 o1moio BpiokeTal oTnv TTPWTN
yPauMnA TNG £peuvag kal avatTuéng offline pnxavikig petdgpacong. MNMpoo@épovTal TTIONG TTEPAITEPW
AeIToupyieg, OTTWG PETAYPAPn AXOU Kal £IKOVAG (XpNOIPOTTOIWVTAG HovTéAa atrd Ta projects Whisper
kal Tesseract avtioToixa), kabwg kal evowpdaTtwaorn pe 1o APl Tng ayyAikng ékdoong Tou Wiktionary (1o
otroio @ihogeveital atmd 1o 16pupa Wikimedia), yia opiopoug Aégewv. To Tradutorium &¢ Ba utripxe
XWPIg Ta TTapaTTdvw £pya oTa OTToIa BACIOTNKE Kal TIG OPAdES TTOU dnuIoUpynoayv f CUVEICEPEPAY OE
auTd.

To Tradutorium €ival diaBéaiuo uttdé Tnv Mozilla Public License (ad<ia avoixTou KwoIKA) Kal N TTpwTn
TOU £KOOON OTOXEUEI AEITOUPYIKA CUCTAUATA YIA TTPOCWTTIKOUG UTTOAOYIOTEG. ETTEION £X€I KATAOKEUA-
OTEl hE Xpon TEXVOAOYIWYV TTOU UTTOOTNPICouV TTOAAQTTAEG TTAATQOPUEG, TO Tradutorium pTTopei Bew-
PNTIKA Va €TTEKTABET yIO va KTEAEITAI O€ TTEPIOOOTEPEG TTAATPOPHES, CUUTTEPIAANPBAVOUEVWY KIVATWV
OUCKEUWV 1 TTPOYPOUMATWY TTEPINYNONG I0ToU. AuTd Ba atraitoUoe KATTOIEG ETTEKTACEIG OTOV UTTAP-
XOVTa KWOIKA, OTTWG TN dnuioupyia KatdAAnAwv dieTrapwy XpAoTtn (Ul) yia kGBe TTAaT@Opua Kai XprRon
o€ auTég Twv d1a@opwy BIBAI0BNKwWY aTTd TIG oTToieg e€apTdTal. Oa PTTOPOUCAV ETTIONG VO EVOWMO-
TwOoUV TTPp6oBeTEC BIBAIOONKES, TTPOCOETOVTOG VEEG DUVATOTNTES I} CUMTTANPWVOVTAG TIG UTTAPXOUCEG.

‘Eva JETOQPACTIKO HOVTEAO ayYAIKAG - EAANVIKNAG YAWOoag ekTTaldeUTNKE £TTiong pe Marian NMT kai

0Tn ouvéxela utréoTn quantization, cuugwva pe TIg TTpodiaypaPég Tou project Bergamot yia dnuioup-
yia cuppaTtwyv povTtéAwv. H diadikaagia TTou akoAouBrionke TeKUNPIWVETAI DIECODIKA.

OEMATIKH NEPIOXH: Mnxavikr) ueTad@pacn

AEZEIZ KAEIAIA: Mnxavikr] HETAQPACN, VEUPWVIKI MNXAVIKI METAQPACT, VEUPWVIKA OiKTUQ, HNXa-
VIKA pdBnon, oTITIKA avayvwpion Xapaktipwy, OCR, avayvwpion yYAWooag, avixveuon yAwooag
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1. HISTORY OF MACHINE TRANSLATION

1.1 Origins

One naturally wonders if the problem of translation could conceivably be treated as a
problem in cryptography. When I look at an article in Russian, | say: ’This is really written
in English, but it has been coded in some strange symbols. | will now proceed to decode.

—Warren Weaver, Letter to Norbert Wiener, March 4, 1947 [1]

Machine translation started taking shape in the late 1940s. One of the first proposals was
presented by Warren Weaver in his “Translation memorandum” (which includes the above
illustrative quotation). In the text he discussed the possibility of automatic translation with-
out human involvement. Tangible results began to surface in the 1950s, with the first public
demonstration happening in 1954, jointly by Georgetown University and IBM. The experi-
ment presented the translation of 250 words and 50 carefully selected Russian sentences
into English and created a huge public interest in the field, with the governments of the United
States and Soviet Union allocating large-scale funding for machine translation research. Re-
searchers claimed that machine translation could be a solved problem in a few years. The
expectations failed to materialize because of the simplistic nature of the experiment; only
six grammar rules were used and the vocabulary was limited and carefully selected, with
no significant problems compared to those that would be encountered in a less-contained
linguistic sample.

The most common techniques used in these early systems were rudimentary, utilizing bilin-
gual dictionaries and hand-coded linguistic rules [2]. They required extensive human input
to create rules for syntax and morphology, and they were often limited to specific language
pairs and domains. Generative linguistics and transformational grammar were also used to
improve the quality of translations. As part of the ongoing Cold War, most efforts by the
United States concentrated mostly on the English-Russian / Russian-English language pair,
as can be seen by the Georgetown-IBM experiment. The goal was mostly to achieve a
rough translation outline for a basic understanding, with articles or reports that seemed inter-
esting being selected for human translation. Soviet Union also focused on strategic language
pairs, developing dictionaries and algorithms for translation of English, Chinese, Japanese
and German into Russian [3].

In 1966, the Automatic Language Processing Advisory Committee (ALPAC) was set up by
the United States government, due to concerns over the effectiveness and efficiency of ma-
chine translation efforts. The committee was tasked with assessing the current state of MT
research, evaluating its practical applications and analyzing the field’s future prospects and
direction. Its assessment, known as the ALPAC report, was highly negative, doubting the
practical need for MT or a near-future breakthrough and arguing that despite years of re-
search and substantial investment, machine translation had not advanced to a point where

S. Stravoravdis 12
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it could be practically and reliably used for large-scale translation tasks. The quality of
machine-generated translations was still far below the level needed for practical use, and
most systems required extensive human post-editing [1]. It also reasoned that use of human
translators was more affordable and recommended focusing on developing tools and tech-
nologies that could aid them.

There is no emergency in the field of translation. The problem is not to meet some
nonexistent need through nonexistent machine translation. There are, however, several
crucial problems of translation. These are quality, speed, and cost.

Alpac Report, 1966 [4]

As a consequence, the funding for the field in the United States rapidly declined, and since
machine translation stopped being a priority, the field stagnated. One of the few machine
translation systems to survive the termination of funding was SYSTRAN, which would later
serve as the original engine behind Yahoo! Babelfish (nowadays replaced by Microsoft
Translator) and certain linguistic pairs in Google Translate. Both services later developed
in-house technology that replaced the previous engines.

Nonetheless, research continued in Europe and Canada, in countries where multilingual
communities and multinational trade flourished and even imperfect results from working sys-
tems could be utilized effectively. The European Commission used SYSTRAN, while Canada
developed its own METEO system for weather forecast translations from English to French.
During that time, rule-based approaches were the norm.

1.2 Statistical and example-based machine translation

In 1981, Makoto Nagao and his group proposed using methods based on large numbers of
translation examples, a technique that is now termed example-based machine translation
(EBMT) [5]. Instead of handling increasingly more complex rules as in previous approaches,
EBMT translates by finding analogous examples in an existing database of parallel corpora
between the source and target languages. If a new sentence is similar to one or more sen-
tences that have been translated before, the system can use the translations of those sen-
tences as a basis for generating the new translation. When a new sentence is to be trans-
lated, EBMT searches the database for examples that are similar in structure or content. It
looks for matches that can be reused directly or adapted to produce the correct translation.
If a full sentence match is not found, the system may break down the sentence into smaller
segments or phrases and find corresponding segments in the database. These segments
are then recombined to form the final translation. EBMT often needs to adapt the retrieved
examples to fit the new sentence’s structure. This may involve adjusting word order, con-
jugating verbs correctly, or inferring translations for parts of the sentence that do not match

13 S. Stravoravdis
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exactly [1].

Around the end of the decade, IBM published the results of experiments on systems based
purely on statistical methods, beginning the era of statistical machine translation (SMT) [6].
SMT involves collecting and preprocessing large corpora, training translation, language, and
distortion models (the latter category accounting for the reordering of words or phrases be-
tween the source and target languages), and using these models to decode and translate
new sentences. The process includes multiple stages of alignment, modeling, decoding,
and evaluation, with the goal of producing the most accurate and fluent translation possible
based on statistical probabilities derived from the training data.

EBMT has occasionally been incorporated as a component within more complex SMT sys-
tems. Combining the example-based approach with statistical analysis of large corpora has
produced compelling results, as statistical methods are known for their strong recall and
can be enhanced by the precision provided by the example-based approach [1].These two
techniques, known as corpus-based approaches, did not focus on syntactic and semantic
rules but instead relied on the manipulation of large text corpora. Because of their flexibil-
ity to support multiple languages, their superior results compared to their predecessors, the
availability of multilingual text corpora and the increasing computing power to process them,
these two methods dominated the field for more than twenty years.

1.2.1 IBM models

The aforementioned IBM alignment models, aligning words between source and target lan-
guages, were highly influential and formed the basis of statistical machine translation. They
are related to the following equation, coined at the same time, which is often called the fun-
damental equation of machine translation [6]:

e = arg max (P(e) - P(fle))
where:
¢ represents the best translation in the target language of the source sentence f.
* P(e) is the language model of the target language

+ P(fle) is the translation model, which represents the probability of the source sentence
f given the target sentence e.

In other words, implementations of this equation traverse through all possible target trans-
lations e and select the one that maximizes the product of the two probabilities. The IBM
models offer a probabilistic framework for computing P(f|e), which represents the transla-
tion model in this equation. They address several key challenges, including determining the
likelihood that a word in the target sentence translates to a word in the source sentence
(word-to-word translation probabilities) and estimating the alignments between words in the

S. Stravoravdis 14
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source and target sentences (alignment probabilities).

The first model operates on the assumption that each word in the source sentence can in-
dependently translate into any word in the target sentence. While it is relatively straightfor-
ward, it ignores word order and context, making it less effective for complex language pairs
or longer sentences. Nonetheless, it laid the foundation for more advanced models. Model
2 builds on the first by introducing positional alignment, which accounts for the position of
a target word relative to the source word. This improvement results in better accuracy and
faster convergence during training.

Model 3 is more sophisticated, addressing cases where one word in the source language
corresponds to multiple words in the target language (such as translating “potato” in English
to “pomme de terre” in French). It also tackles the omission of words (e.g., the English article
“the” often missing in French) and non-contiguous word pairs. By introducing “fertility prob-
abilities” to predict the number of target words generated from each source word, the model
resolves many of these issues. Additionally, “distortion probabilities” were added to account
for extra words, such as articles, that appear in the target language but not in the source.

Model 4 refined the distortion probabilities to handle word reordering between source and tar-
get sentences more effectively. Finally, Model 5 further reduced irrelevant alignments, where
some words in the target sentence were left unaligned or improperly aligned, although it re-
quired more training data and was more complex than the earlier models.

Overall, the IBM alignment models were a significant advancement because they provided
a structured and quantifiable approach to translation, which helped improve the quality and
efficiency of machine translation systems. They helped shift the field from rule-based trans-
lation approaches to data-driven methods, where translation probabilities are learned from
actual usage rather than predefined rules and inspired subsequent innovations in the field

[1].

1.2.2 New fields and advancing technologies

During the 1990s, research into speech translation began to advance, focusing on integrat-
ing speech recognition, speech synthesis, and translation modules. Figure 1.1 presents a
common speech-to-text pipeline with translation capabilities. As machine translation tech-
nology quickly gained traction among corporations, software for personal use also became
widely available and popular. The growing demand for translation on the World Wide Web
led to the emergence of the first online machine translation services, such as Altavista/Ya-
hoo! Babelfish [2].

In the 2000s, the previous trends continued, with the main difference being ample Internet
access. The aforementioned online machine translation services began to surpass offline
translation software in use. Collaboration between researchers worldwide increased, result-
ing in the development of open-source software for performing basic SMT processes, such

15 S. Stravoravdis
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Voice ; Machine Voice
source Voice [GOODUDIONY Text REURELONE  Text Voice  target
language (MT) language

Figure 1.1: The components of a speech-to-speech translation system that utilizes machine translation

8].

as Moses ' or GIZA(++) [7]. Finally, for certain languages, hybrid approaches began to be
used that combined statistical and rule-based translations for better results in cases where
syntax and semantics matter [2].

1.2.3 Methods of evaluation

BLEU, an algorithm for the evaluation of machine translation results, was also created by
IBM in 2002 [9]. Their idea, called an “evaluation understudy”, compares MT output with
expert reference translations in terms of the statistics of short sequences of words (word N-
grams). The more of these N-grams that a translation shares with the reference translations,
the better the translation is judged to be. BLEU also includes a brevity penalty to “punish”
candidate strings that are shorter than the reference translations. The final score is calculated
with the following formula:

N
L*ref
U - 3 _ —1
BLEU Score e:z:p{ wy, log(p,) — maz ( 7 , 0) }

n—=1 SYs

where

the number of n — grams in segment 1,
> in the translation being evaluated, with
¢ \a matching reference cooccurence in segment 1

Zi: in the translation being evaluated

P = (the number of n — grams in segment z',>

w, = N1

N=4

"https://www2.statmt.org/moses/
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and

* Lx,.; — the number of words in the reference translation that is closest in length to the
translation being scored

* Ly, = the number of words in the translation being scored

The idea is elegant in its simplicity. But far more important, IBM showed a strong correlation
between these automatically generated scores and human judgments of translation quality
[10]. BLEU remains one of the most popular evaluation metrics today [11], although it suffers
from several identified limitations. These include brevity penalty issues (with BLEU unfairly
scoring lower translations that are slightly shorter but still convey the full meaning), inatten-
tion to semantic errors or grammatical correctness, sensitivity to word order (small variations
in the sequence of words can lead to a significantly lower score) and in general lower corre-
lation with human judgment than metrics which take into account linguistic resources [12].

Other metrics following similar underlying principles have also been proposed. NIST is an
adaptation of BLEU. It takes into account how informative a particular n-gram is and gives
more importance to the less frequent n-grams [10]. METEOR (Metric for Evaluation of Trans-
lation with Explicit ORdering) is based on an explicit word-to-word matching between the MT
output being evaluated and one or more reference translations, and demonstrates improved
correlation with human judgments [13]. A newer metric is chrF (CHaRacter-level F-score),
which proposes the use of character n-gram F-score (instead of word n-grams) for automatic
evaluation of machine translation output [14]. The main equation calculating the chrF score
is:

CHRP-CHRR
32.CHRP + CHRR

where CHRP and CHRR stand for character n-gram precision and recall arithmetically aver-
aged over all n-grams:

CHREFB = (1+ 5%

* CHRP: percentage of n-grams in the hypothesis which have a counterpart in the refer-
ence;

* CHRR: percentage of character n-grams in the reference which are also present in the
hypothesis.

* B is a parameter which assigns 3 times more importance to recall than to precision — if
B = 1, they have the same importance.

1.3 Neural machine translation (NMT)

Artificial neural networks (ANNs) are collections of connected units or nodes called artificial
neurons, that are inspired by the structure and function of the neurons in human brains. The
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perceptron, a foundational concept in neural networks, was created in 1943 by Warren Mc-
Culloch and Walter Pitts [15]. Frank Rosenblatt later implemented the first hardware version,
the Mark | Perceptron, at Cornell Aeronautical Laboratory in 1957 [16]. Despite the initial ex-
citement surrounding these developments in the 1950s and early 1960s, the field did not
deliver the expected breakthroughs. By the late 1960s, limitations in the perceptron’s capa-
bilities were highlighted, such as its inability to solve non-linearly separable problems [17].
This led to widespread disappointment and contributed to what became known as the first
“Al winter” during the 1970s—a period of reduced funding, interest, and progress in artificial
intelligence research, particularly in neural networks.

The field experienced a revival in the 1980s, especially after the backpropagation algorithm
was popularized in 1986 [18].This algorithm allowed for more effective training of multi-layer
neural networks, fueling renewed interest in ANNs. However, even during this period of
growth, the computing power of the 1980s and early 1990s did not allow for the full exploita-
tion of ANNs potential. Consequently, the field entered another period of dormancy by the
early 1990s, even though proposed models of the time bear resemblance to modern ap-
proaches [19]. The true revival of neural networks occurred in the 21st century, particularly
in the 2010s, when advances in computing technology enabled the training of deep neural
networks on large-scale datasets. With this increased computational power and the availabil-
ity of vast amounts of data, the field of neural networks underwent a significant resurgence,
becoming extremely relevant and all-pervasive [19].

Innovate for the future <eos>

008~
o © o © 9

L_J L_, L_/ L_/ L_, Decoder

O ) @) ) ) .
: : : : Embedding
B @ {Q {Q o

ChuangXin  SuZao WeilL ai <eos> <bos> Innovate for the future

Embedding

Figure 1.2: An overview of the NMT architecture, which consists of embedding layers, a classification
layer, an encoder network, and a decoder network. Different colors are used to distinguish different
languages (Chinese & English) [20].
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Figure 1.3: Number of papers mentioning “neural machine translation” per year according to Google
Scholar 2.

Corpus Sentences | % of OPUS
NLLB 13B 28.31
CCMatrix 11B 23.64
OpenSubtitles 8.5B 18.53
MultiCCAligned 2.2B 4.88
ParaCrawl 1.5B 3.26
DGT 1.1B 2.38
XLEnt 883M 1.92
MultiParaCrawl 789M 1.72
LinguaTools-WikiTitles | 487M 1.06
CCAligned 439M 0.95

Table 1.1: Top 10 parallel corpora in the Opus collection as of September 2024. They represent 86,65%
of total Opus sentences.

In the 2010s, it became apparent that neural networks were appropriate for use in various
fields, easily surpassing previous techniques and scoring far better results than them. The
field of machine translation was no exception, starting with modest integration of neural lan-
guage models into traditional SMT systems and resulting in an explosion to scientific publi-

2Example Google Scholar search: https://scholar.google.com/scholar?q=%22neural+machine+trans
lation%22&as_ylo=2023&as_yhi=2023
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cations related to pure NMT, as reflected in Figure 1.3. A significant shift began when Baidu
started using neural networks around 2015, with Google Translate following the next year
and competitors immediately after. The change from SMT to NMT happened very rapidly,
with virtually all new competititve systems using NMT by 2017, only two years after the first
submission of such a system [19]. Government institutions were no exception; as of October
2024, European Union institutions use eTranslation, a “cutting-edge neural machine trans-
lation service provided by the European Commission” 3, though it faces challenges because
of its limited use and requires post-translation quality inspection [21].

By using neural networks, models are trained on a significant amount of parallel data, be-
tween two or more languages. A large number can be found at the Opus project, one of
the most comprehensive collections of parallel corpora 4. Opus offers datasets in various
languages extracted from a wide range of sources, including European Union or United Na-
tions documents (Europarl, EUbookshop, JRC-Acquis, EMEA, MultiUN, ELRC-SHARE), as
well as web crawled material (NLLB, CCMatrix, OpenSubtitles, ParaCrawl, Global Voices).
Table 1.1 presents the current top datasets provided by the resource.

1.3.1 Neural network architectures and attention

Figure 1.4 presents a simplified comparison of neural network architectures utilized in mod-
ern NMT systems. The first attempts used convolutional neural networks (CNNs) or recur-
rent neural networks (RNNs) as the encoder architecture, while the decoder used an RNN
[22, 23]. However these systems performed poorly with increasing sentence length. The
addition of the attention mechanism addressed this problem, producing satisfying results
[24, 25]. In 2017, Vashwani et al. introduced the Transformer deep learning architecture in
the groundbreaking paper “Attention is all You Need” [25], which demonstrates that Trans-
formers achieve state-of-the-art performance on machine translation tasks, with significant
improvements in training speed and accuracy due to the model’s parallelizable structure.
Each token does not depend on the previous tokens’ computations in the sequence, as would
be the case in an RNN or LSTM, therefore the calculations can be done independently of
one another [26]. This is achieved by utilizing self-attention and multi-head attention instead.
Every layer in the Transformer architecture includes a series of multi-head attention layers
followed by a dense layer. Multi-head attention utilizes scaled dot-product attention to link a
query with key-value pairs, represented by the equation:

Attention(Q, K, V) = softmax (QKT> V
) ) /dk
where:
* Q is the matrix of queries,

» Kis the matrix of keys,

3https://commission.europa.eu/resources—partners/etranslation_en
“https://opus.nlpl.eu/
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Figure 1.4: Architecture of a Recurrent Neural Network (RNN), a Convolutional Neural Network (CNN)
and an attention network (in which category a Transformer belongs) °.

* Vis the matrix of values,
+ dk is the dimension of the keys (or queries),

The softmax function is applied to the scaled dot product of Q and K, effectively normalizing
the attention scores to create a probability distribution. This ensures that the model focuses
more on relevant parts of the input data. The architecture scales well to larger datasets and
more complex tasks, making it a foundation for subsequent models, not only in NMT, but
also for BERT, GPT, and other large language models.

There are various attention mechanisms in transformers and other sequence models [27],
three of which are depicted in Figure 1.5 8. Encoder-Decoder Attention allows the decoder
to focus on the entire output from the encoder. It helps the decoder focus on relevant parts
of the input sequence when generating the target sequence. In Encoder Self-Attention the
encoder layers apply attention to their own outputs, allowing each token in the input to attend
to every other token, capturing dependencies between tokens. Lastly, Masked Decoder Self-
Attention is the same as Encoder Self-Attention, but with different masking. It allows the
decoder to attend only to previously generated tokens, but not future positions [28].

SDerived from the Neural Network Zoo: https://www.asimovinstitute.org/neural-network-zoo/
Shttps://nlp.stanford.edu/seminar/details/lkaiser.pdf
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Figure 1.5: Three types (or ways) of attention.

1.3.2 Methods of evaluation

Evaluation of machine translation techniques has also been influenced by neural networks
evolution, leading to the creation of new metrics, such as COMET (Crosslingual Optimized
Metric for Evaluation of Translation), a neural framework for training highly multilingual and
adaptable MT evaluation models that can function as metrics [29]. It calculates the similarity
between a machine translation output and a reference translation using token or sentence
embeddings and is based on the similarity of vector representations. At the time of its pre-
sentation, COMET achieved state-of-the-art results for segment-level correlation with human
judgments, and showed promising ability to better differentiate high-performing systems [29].
Unlike traditional metrics that rely on n-gram overlaps between the translated text and refer-
ence translations, COMET uses neural networks to assess translation quality. This allows
COMET to better capture nuances of language, such as meaning, fluency, and adequacy,
which traditional metrics might miss.

1.3.3 Techniques and new developments

Pre-training and fine-tuning are key techniques used in model training to enhance the accu-
racy of the output. Pre-training is the initial phase, where a model is trained on large datasets,
a process that is computationally intensive and data-heavy. Most competitive neural network
models undergo pre-training to achieve strong baseline performance. Fine-tuning, on the
other hand, involves further training a pre-trained model on a smaller, more specific dataset,
often tailored to a particular domain or task. This allows the model to gain specialized knowl-
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edge and improve its performance in areas where pre-training alone may not suffice. How-
ever, fine-tuning should be applied on a case-by-case basis and is not a one-size-fits-all
solution [30].

After the first wave of NMT systems, which used mostly bilingual models, multilingual models
gradually became more popular. Multilingual Neural Machine Translation (MNMT) is an ap-
proach to machine translation where a single model is trained to translate between multiple
languages, rather than using separate models for each language pair. The model shares
parameters across languages, allowing it to learn common linguistic patterns and general-
ize better, especially for low-resource languages. To manage multiple languages, the model
uses special tokens or embeddings to indicate the source and target languages, guiding the
translation process. It also has the benefit of being able to attempt zero-shot translation,
learning to translate between language pairs it has never seen in this combination during
training, that being a practical example of transfer learning within neural translation models.
Zero-shot translation can be improved with little additional data of the language pair in ques-
tion [31].

In the last two years, the advent of generative Al, with the use of large language models
(LLMs) led to investigations for their use in machine translation applications. These models
differ from pre-existing NMT systems in using just a transformer’s decoder, instead of an
encoder-decoder architecture and are not trained in parallel datasets but try to predict the
next word in a sequence that derives from a large dataset of text, predominantly in English
. Research is ongoing, although first insights have shown improvements in high-resource
languages but neutral or negative results in under-represented languages without significant
training datasets [32, 33].

1.4 Current and future challenges

Current MT systems have reached the stage where researchers are debating whether or
not they can rival human translators in common linguistic pairs [34]. However, low-resource
languages still have a long way to go before they reach the same state, as the performance
of NMT systems correlates to the amount of provided training data [35]. Therefore, advanc-
ing machine translation of low-resource languages is of increasing interest [36]. Figure 1.6
illustrates the various resource methods currently utilized for this effort.

Linguistic errors leading to incorrect translations are always a consideration, though the shift
to NMT systems has helped in regards to this problem. However, MT systems still often
struggle to understand and maintain context over long passages of text and may misinter-
pret or lose context when translating paragraphs or entire documents. Idiomatic expressions,
slang, and cultural references are often lost or mistranslated. Words with multiple meanings
(polysemy) or ambiguous phrases can be challenging to translate accurately and the correct

"As an example, 92.1% of the characters in the dataset used to train GPT-3 are in the English language,
with only 7.9% of the characters dedicated to the other languages: https://github.com/openai/gpt-3/blo
b/master/dataset_statistics/languages_by_character_count.csv
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meaning may not be chosen. Finally, specialized domains such as legal, medical, or techni-
cal fields often require specific terminology and knowledge, which general models might not
possess.

Some technical challenges impact not only NMT models but also LLMs. Both systems, for
instance, experience hallucinations, referring to instances when the model generates infor-
mation that is not correct or coherent. These hallucinations can involve fabricating facts or
details that sound plausible but are entirely incorrect or invented. In the context of NMT,
these systems might produce translations that do not accurately reflect the source text [37].
Another issue observed in LLMs is model degradation when trained on generated data, lead-
ing to progressively poorer results [38]. Given the similarities between NMT and LLMs, this
issue could also arise in future NMT models, especially those trained on data from online
sources. Additionally, the nature of neural networks makes it difficult to trace how outputs
are generated, leading to a lack of reproducibility [39]. Lastly, while advancements have
been made in generating creative content, these outputs still generally fall short of those
produced by human writers.

Low-
resource MT
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collection data data resources choices
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Figure 1.6: Overview of research methods for low-resource machine translation [36].

The advancement of MT has sparked ethical concerns regarding the relationship between
technology and human translators. Experts in MT sometimes underestimate the importance
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of human input in conjunction with automated systems. Terms like “human parity” or “super-
human performance” are occasionally used, which can diminish the value of human trans-
lators. Many professional translators, concerned about their job security, are hesitant to en-
gage in post-editing of machine-translated text, viewing it as a task that feels alienating and
lacks creativity. It's crucial to carefully consider whether MT poses a threat to the translation
profession or can serve as a complementary tool, similar to other technological innovations
in the past [34].
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2. FOCUS OF THIS DISSERTATION AND GENERAL AIMS

The objective is to create an offline machine translation application that will be open source.
It should not rely on any proprietary technologies / services and run client-side for its main
purpose, while offering quality-of-life improvements compared to similar predecessors. Apart
from the core mechanism of machine translation, it would be useful to offer additional func-
tionality, such as transcribing text from images or converting speech in audio files to text.
Ideally it should support as many platforms as possible and be easy to maintain in the fu-
ture. Collaboration with similar projects such as project Bergamot will be pursued, to avoid
reinventing the wheel.

The application should operate on CPUs. Even though high-end GPUs provide computing
power that is orders of magnitude more powerful than that of CPUs, they are not ubiquitous.
Furthermore, they often need manual tuning and compatible drivers to function properly,
which does not offer a pleasant out-of-the-box user experience (UX).

The implemented application will be referred from now on as Tradutorium. The noun denoting
the translator in Portuguese / Italian is tradutor / traduttore respectively (with similar words
for the rest of the Romance languages), while the suffix -orium denotes the place that this
particular action takes place in.

2.1 Possible advantages of a local machine translation application

2.1.1 Privacy and security

An offline machine translation application has obvious advantages in the privacy field com-
pared to an online service, because sensitive data does not need to be transmitted over the
internet, which is particularly valuable in scenarios where confidentiality is important. This
was the main reason that project Bergamot was funded by the European Union’s Horizon
2020 research and innovation programme '. Mozilla also joined the project from its origina-
tion 2 in order to add machine translation functionality to its Firefox browser, which takes a
privacy-first approach, differentiating it from its commercial competitors 2. Tradutorium aims
to provide another private-friendly cross-platform option.

2.1.2 Availability and control

Because it doesn’t depend on an internet connection, an offline application can be used any-
where —whether in remote areas with unreliable connectivity or during network outages. This
guarantees uninterrupted access to translation services. Moreover, offline translation tools
can be customized to meet specific needs by selecting appropriate models or incorporating
tailored ones, enhancing accuracy and relevance based on particular requirements.

"https://cordis.europa.eu/project/id/825303
’https://blog.mozilla.org/en/mozilla/local-translation-add-on-project-bergamot/
Shttps://www.mozilla.org/en-US/firefox/features/private/
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2.1.3 Compliance with regulations

Many industries are subject to strict regulations, such as the General Data Protection Regu-
lation (GDPR) in the European Union, or the Health Insurance Portability and Accountability
Act (HIPAA) in the United States. This is especially true in sectors like healthcare, finance,
and legal, where data protection is paramount. Offline translation tools can help ensure
compliance by keeping data within the organization’s infrastructure and avoiding potential
breaches associated with online services. Organizations can also implement additional se-
curity measures, such as encrypted local storage and restricted access, to further protect
data within offline applications.

2.1.4 Lower cost of use

Online translation services typically offer free translations up to a certain word limit, with
additional charges for exceeding this limit or accessing extra features. Frequent use can
rapidly make these services expensive. In contrast, offline applications can handle large
volumes of text without incurring extra costs. However, tt should be noted that some offline
applications might have restrictions on commercial use. Fortunately, the models provided by
Project Bergamot do not have such restrictions and can be used for commercial activities as
well.

2.2 Existing end-user software

Before embarking on the creation of a new application, with the effort that this entails, the
existing software options that are currently available were considered to prevent unneces-
sary duplication of effort. Those described below are high-quality options, and the need for
an alternative was not because of substandard implementations but of differing needs.

The most obvious alternative is TranslateLocally 4, which was created by the same team that
developed and maintains Bergamot Translator and uses the models created by the project.
Like Tradutorium, it is mainly desktop-oriented, although a WebAssembly version is also
available. It is written in C++ and uses the cross-platform Qt Framework [40].

Another open-source option is LibreTranslate °. It is based on ArgosTranslate, which uses
models that have been trained using OpenNMT / CTranslate2. It is written in Python and is
web-oriented, with a browser interface and API calls support. However, it is difficult to install
locally because there is no executable that is distributed by the project, and one needs to
clone the repo or install it in a container with Docker. It should be noted that LibreTranslate
supports the parsing and translation of various formats, such as word processor documents
or presentations.

“https://translatelocally.com/
Shttps://libretranslate.com/
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2.2.1 Comparison with Tradutorium

Both of the mentioned software packages are robust and well-designed applications. How-
ever, Tradutorium sets itself apart with a different overall philosophy: it aims to integrate
multiple methods of translating data, whether it be text, images, or audio. Beyond this, there
are several other differences, such as platform support—Tradutorium is currently only avail-
able as a desktop application—and various engineering decisions.

For example, both Tradutorium and TranslateLocally use the Bergamot Translator, but they
handle it differently. Tradutorium communicates with Bergamot Translator via shell com-
mands, whereas TranslateLocally, based on a cursory examination of its source code, seems
to use a different approach. This difference likely stems from TranslateLocally’s deeper fa-
miliarity with the internals of the underlying library, knowledge that may not be immediately
apparent to external developers.
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3. TECHNICAL DETAILS

The following section details the technical considerations and challenges that were encoun-
tered during the planning, implementation and deployment of the application. It also offers
explanations about the choice of specific technologies instead of available alternatives. It is
hoped that this documented process will provide additional insights about the scope of the
application and its ambitions.

3.1 .NET platform

.NET, a comprehensive and versatile software development framework created by Microsoft,
is an ideal platform for an implementation like this. Originally Windows only (as .NET Frame-
work) it was open sourced and made cross-platform in 2015. .NET offers a wide ecosystem
of libraries and tools, either from a rich standard library or from the .NET community, that han-
dle common tasks like file I/0O or networking and can be easily integrated into .NET projects,
making it easier for developers to create a wide range of cross-platform applications. The
most popular and widely used programming language for the platform is C# (pronounced C
Sharp). C# is object-oriented, requires garbage collection (which is provided by the .NET
platform) and spans from high-level features such as data-oriented records to low-level fea-
tures such as function pointers while offering static typing and type and memory safety as
baseline capabilities [41]. Code written is compiled in the Common Intermediate Language
(CIL), a form of bytecode, which can then be run on any platform that’'s supported by the
Common Language Runtime (CLR), a virtual machine that can execute CIL instructions
[42]. The process is similar to the execution model of the Java platform, where programs
are compiled to Java bytecode and can then be run by the Java Virtual Machine (JVM) [43].
Applications that use these high-level platforms have to interact less with the platform imple-
mentations or the underlying systems and can thus focus on the main functionality.

.

Figure 3.1: dotnet bot, the community mascot for .NET. It represents the community that comes with
the .NET brand and platform.

The latest stable version at the time of development, .NET 8, was used. This version pro-
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vides significant improvements to Native AOT (Ahead-Of-Time) compilation, a technology for
compiling .NET applications into native machine code ahead of time (as is usual in other lan-
guages such as C, C++ or Go), as opposed to using JIT (Just-In-Time) compilation, which
compiles code at runtime. Native AOT aims to improve the performance and deployment
characteristics of .NET applications by generating native binaries that can be executed di-
rectly by the operating system bypassing the need for the .NET runtime environment to be
installed on the target systems.

3.2 GUI framework

3.2.1 Consideration and choices

The choice of platform was not the only important decision that had to be made. Since
Tradutorium is a graphical user interface (GUI) application, selecting an appropriate frame-
work to facilitate its development was crucial. Key factors considered included cross-platform
support (including mobile compatibility), extensibility, active development, and several other
technical details outlined below.

Table 3.1 provides a comparison of various Ul frameworks available for .NET. These frame-
works can be divided into two main categories: those developed by Microsoft and those
created by the community or smaller companies. Microsoft-developed frameworks are often
popular due to the backing of a large corporation, which is seen as a positive indicator for
their continued evolution and ongoing support. Among these, the oldest is Windows Forms
(WinForms), introduced with .NET 1.0, primarily serving as a wrapper for the Win32 API.
Windows Presentation Foundation (WPF), released with .NET 3.5, introduced features
like data binding and templating and was the first of many XAML-based frameworks. XAML,
or eXtensible Application Markup Language, is a Microsoft variant of XML used for defining
Ul elements in a flexible manner. Later XAML-based frameworks include Silverlight, WinUI,
and finally MAUI, the latter being a continuation of Xamarin.Forms (mentioned below).

However, Windows Forms, WPF, and WinUI are limited to Windows. Silverlight, once a
competitor to Adobe Flash, has been unsupported for years. While MAUI offers support for
Windows, macOS, Android, and iOS, it does not support Linux. Generally, Microsoft frame-
works prioritize Windows as the primary platform, with other operating systems being an
afterthought. Additionally, Microsoft has faced criticism for spreading its resources across
multiple frameworks, leading to suboptimal implementations and the potential for some to be
abandoned [44].

In addition to Microsoft’s offerings, there are third-party GUI libraries for .NET. Gtk# was
initiated by the Mono project, aiming to use C# and .NET for cross-platform development,
requiring a Ul library. It was a wrapper for the popular GTK+ library, primarily used in Linux
environments. Originally developed by Xamarin, Gtk# development stalled after Microsoft
acquired Xamarin, only supporting GTK+ 2. A community fork, GtkSharp, added GTK+ 3
support, but development has slowed, and it doesn’t support the latest GTK+ 4. Similarly,
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Xamarin.Forms, also created by Xamarin, was transformed into MAUI after the Microsoft
acquisition and has ceased further development.

First Microsoft- Cross- Mobile Active
Framework develop-
release made platform support
ment
Windows 2002 Yes Windows- No Yes
Forms only
Gtk# 2004 No Yes No No?
WPF 2006 Yes LT No Yes
only
Silverlight 2007 Yes Yes Partial® No
WinUl 2011 Yes Gl @sE- No Yes
only
Xamarin.Forms 2014 No° Yes Yes Nod
Avalonia 2014 No Yes Yes Yes
GtkSharp 2015 No Yes No Yes
UNO Platform 2018 No Yes Yes Yes
NET MAUI 2022 Yes Partial® Yes Yes

@ Continues as GtkSharp, a community fork

b Supported the now deprecated SymbianOS and Windows Phone operating systems,
not Android or iOS

¢ Xamarin was later acquired by Microsoft

d Continues as .NET MAUI

¢ Does not support Linux

Table 3.1: Available .NET Ul frameworks.

This leaves Avalonia and Uno Platform as strong contenders. Both support Windows,
macOS, Linux, Android, iOS, and WebAssembly. Avalonia is often considered a spiritual
successor to WPF, offering cross-platform support while fixing many bugs and introducing
new features. It is not based on WPF’s codebase, as Avalonia’s development began before
WPF was open-sourced. On the other hand, Uno Platform extends the Windows-only WinUI
to work across multiple platforms. Avalonia is generally seen as more consistent, extensible,
and future-proof, with the .NET community often favoring it in discussions and comparisons
between the two [44].

3.2.2 Avalonia framework

When .NET was open sourced in 2014, with plans to become cross-platform and not Windows-
only as before, the need for a cross-platform GUI framework that would be native for .NET
surfaced. The obvious paradigm was to create something that would follow in the footsteps
of other existing frameworks for the platform, most notably WPF. The main benefit of XAML
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Figure 3.2: Evolution of XAML frameworks [45].

is that the Ul code is separated from the logic of the application, in contrast with previous
approaches, like Windows Forms, where the two were intermingled.

@ Avalonia Ul

Figure 3.3: Avalonia project logo.

Since WPF is considered a spiritual predecessor, and its internal codename before the first
public release was Avalon, the name Avalonia was chosen, symbolizing its influence. Both
frameworks use their own set of custom controls rather than adopting the native widgets
provided by the underlying operating system. The main difference is that WPF is built on
DirectX, which is limited to Windows, while Avalonia relies on SkiaSharp, a .NET binding
to the Skia graphics library, for rendering its widgets. Both approaches support hardware-
accelerated rendering, providing better performance and smoother graphics. Rendering the
Avalonia controls with Skia guarantees consistent behavior across all platforms, while utiliz-
ing native controls may exhibit different results based on the platform’s implementation.
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App Code
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Runtime
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Figure 3.4: Avalonia architecture. Note that the rendering layer uses Skia everywhere, instead of each
platform’s native controls.

Through the years, Avalonia went from just a preliminary prototype to a production-ready
state and is now being used by various open source projects or companies, one of which
is Jetbrains, a well-known corporation producing popular integrated development environ-
ments (IDEs) aimed at developers. In 2023, version 11 was released, which is considered
the first version with a stable APl and introduced support for mobile platforms like Android
and iOS. Outside the main Avalonia product, the team responsible created Avalonia XPF,
which can execute Windows-only WPF applications on other operating systems and is aimed
mainly at companies with existing codebases. Even though this is a different project from the
main Avalonia Ul framework, it funds Avalonia development, while showcasing the team’s
technical ingenuity and long-term plans that appear to lead to continued prosperity and active
development.

3.3 Development tools

The package manager used by the .NET ecosystem is called Nuget. It simplifies the pro-
cess of managing dependencies in .NET applications, handling the installation and updates
of various libraries, including Avalonia, NTextcat, Tesseract, Whisper.net and many others.
Unfortunately, Bergamot Translator cannot be used through a .NET package manager (since
no bindings exist for this specific ecosystem) and requires a separate compilation process
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before it can be used, which is described in a later section.

For Windows development, Visual Studio 2022 on Windows 10 was utilized. Although mainly
known as an IDE, it offers a comprehensive suite of tools specifically designed for C++ de-
velopment. These include a C++ compiler, an integrated debugger, CMake support, various
build systems, and static analyzers. Together, they provide everything needed to build, run,
and compile software like Bergamot Translator. However, Visual Studio is not available on
other operating systems (a version that existed for macOS was recently retired). To ad-
dress this, Jetbrains Rider, a cross-platform IDE for .NET development was used on Debian
12 (“Bookworm”). Rider 2023.3 EAP (which stands for Early Access Program), a prerelease
version, was used since only that version supported .NET 8 at the time of early development.

3.4 Website and repository

The domain tradutorium.org has been registered and can be used as the official home of
the project. The code is hosted on a Git repository, located at Gitlab !, but also mirrored
at Github for easier access and redundancy. The models used are included in another Git
repository 2. Pull requests and issues can be submitted at the Gitlab instance. The rea-
son Gitlab was chosen for bug tracking is its support for self-hosting the core software and
officially supporting export or import of the issues that a repository contains 2. Github, in
contrast, is a Software as a Service (SaaS) application. Owing to the federated nature of the
Git protocol, the hosted code or commits do not present a problem in the case of migration
to a different service. However, secondary metadata that is contained in the repository, like
the bug tracker, is more complex to transfer to an alternative service.

The project is made available under the Mozilla Public License (MPL), which is a weak copy-
left license also used by projects like Mozilla Firefox and LibreOffice and is not expected to
cause license incompatibilities with the underlying dependencies. Conveniently, it also hap-
pens to be the license used by Bergamot Translator, due to its close association with the
Mozilla Foundation.

3.5 Supported platforms

The technologies used (.NET and Avalonia) are cross-platform, can be run on desktop (Win-
dows, Mac, Linux) or mobile (Android, iOS) operating systems, and even support browser
environments through WebAssembly compilation. The same applies to computer architec-
tures, as .NET runs at least on the 32-bit and 64-bit versions of the x86 and ARM instruction
sets, with RISC-V being under development. In theory, it should be possible to easily create
versions for the aforementioned platforms.

'Gitlab code repository: https://gitlab.com/Spyros3000/tradutorium
2Models repository: https://gitlab.com/Spyros3000/tradutorium-models
Shttps://docs.gitlab.com/ee/user/project/issues/csv_export.html
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The truth, as usual, is more complex. Since Tradutorium relies on a multitude of other Ii-
braries, whether for offline machine translations or audio and image transcription, if these
are not developed in a programming language that compiles to the CLR and instead utilize
unmanaged code they will need to be compiled or cross-compiled for specific instruction sets
(for example, Windows x86-64 or Linux ARM64).

Because of that complication, some platforms that are easily accessible have higher priority.
Therefore, focus has been given mostly to Windows x86-64 and Linux x86-64.

3.6 Implementation details

3.6.1 Internal language code conversion

The libraries discussed in the next section each use different coding systems for the lan-
guages they support. Bergamot follows the ISO 639-1 standard, which represents languages
with two-letter codes. In contrast, NTextCat and Tesseract use the ISO 639-3 standard, fea-
turing three-letter codes to encompass all known natural languages. Wiktionary takes a
different approach, using the more readable English names for languages instead of any
coding standard. Since text needs to be passed between these libraries, converters were
developed to handle the differences. A CSV (Comma-Separated Values) file was created,
which is loaded at the start of the application, and is then converted into a .NET object.
Whenever a conversion is needed (e.g., between different standards or formats), a func-
tion is called to search this .NET object for the appropriate language name, returning the
corresponding code or name in the required standard.

Two-letter Three-letter .
English
language code language code Wiktionary name

(1ISO 639-1) (1ISO 639-3)

af afr Afrikaans

am amh Ambharic

ar ara Arabic

as asm Assamese

az aze Azerbaijani

Table 3.2: Extract from the different language codes that are needed in the application.

3.7 Deployment

3.7.1 Available deployment methods

Traditionally, .NET applications were deployed as bytecode in the CIL, with the assumption
that the .NET Framework or .NET runtime was already installed on the system. When the
.NET framework was first introduced in 2002, disk space was limited, and internet speeds
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were slow by today’s standards. A framework that only needed to be downloaded and in-
stalled once, and could then run any application built for it, was an appealing solution [46].
This approach mirrored the deployment strategy of Sun Microsystems’ Java platform at the
time.

While this deployment method is still available today, it is gradually being phased out in favor
of more modern alternatives. With ample disk space and fast internet speeds no longer a
concern, the need for a separate runtime installation has become less appealing, especially
as users find it unintuitive and cumbersome. Consequently, recent versions of .NET allow
for self-contained application deployment, targeting specific runtime environments. These
applications use ahead-of-time (AOT) compilation, in contrast to the traditional just-in-time
(JIT) compilation employed when executing CIL with a compatible runtime.

The first method, known as ReadyToRun, could be described as a middle ground toward full
AOT compilation. It reduces the workload of the just-in-time (JIT) compiler by replacing as
much intermediate code as possible with precompiled native code. This approach improves
startup times but increases application size due to the inclusion of both intermediate and
native code. Additionally, the necessary runtime components for executing the intermediate
code are bundled with the application. ReadyToRun is a welcome deployment method when
performance is critical [47], especially in cases where the more advanced method described
below is not feasible.

The second method, Native AOT, fully compiles the entire application to native code ahead
of time, as can be inferred by the name. This eliminates the need for a runtime, resulting
in faster startup times, reduced memory usage, and smaller application sizes compared to
those deployed with ReadyToRun. However, not all .NET applications can take advantage of
this performance boost. Features that rely on runtime behaviors, such as reflection, dynamic
code generation, or dynamic loading, cannot be precompiled because the compiler lacks the
necessary runtime information to handle them [48].

3.7.2 Native AOT: challenges and solutions

Starting with version 11, the Avalonia framework removed from its codebase dependencies
on .NET internal features that were incompatible with Native AOT, allowing applications built
with Avalonia to use this deployment method [50]. However, another issue arose. As of NET
7 (released in November 2022), Native AOT was primarily designed for console applications.
The current stable release, .NET 8 (November 2023), expanded support to a broader range
of applications, making it a viable option for this project.

When Avalonia was combined with Native AOT in this project, the transition was largely
smooth, as expected. The framework itself posed no issues, however a separate issue arose
related to how JSON serialization was handled in the project. Specifically, a custom JSON
converter had been implemented to process input from Wiktionary (detailed in section 4.5).
This converter was designed to parse and handle the structured data from Wiktionary en-
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Figure 3.5: Differences between Just-In-Time and Ahead-Of-Time compilation [49].

tries, transforming it into usable objects within the application.

In .NET 8, reflection-based serialization was disabled by default in the .NET JSON serializa-
tion library (System.Text.Json). Reflection, which is a feature that allows dynamic access
to metadata at runtime, is inherently incompatible with the goals of Native AOT. Native AOT
aims for static compilation and optimizes executables by eliminating unused code paths and
features, so reflection, which relies on runtime inspection and code generation, conflicts with
these optimizations [51]. As a result, the custom JSON converter, which had previously re-
lied on this feature, stopped working after the switch to Native AOT. This failure led to the
following error message:

System.InvalidOperationException: Reflection-based serialization has been disabled for this
application. Either use the source generator APIs or explicitly configure the 'JsonSerialize-
rOptions. TypelnfoResolver’ property.
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The recommended solution of using source generation for JSON serialization was utilized.
Source generation is a compile-time process that generates code specifically tailored to han-
dle JSON (de)serialization for the required types, rather than relying on runtime reflection. Im-
plementing the source generation APIs involved modifying the JSON converter to work with
the new JsonSerializerOptions and using the JsonSourceGenerationOptionsAttribute
to pre-generate the necessary serialization logic during compile time. This method provided
both performance improvements and Native AOT compatibility. The required adjustments
were implemented without significant effort, thanks to the detailed .NET documentation .

This results in an executable with a size of roughly 35MB. It's important to note that for Tradu-
torium to function correctly, the folder containing the executable must also include additional
files or directories, such as libraries, models, or configuration files. Table 3.3 lists the files
and folders included in the Windows version, along with an explanation of their purpose.

Filename Notes
audio_transcription_models Models for audio transcription
config Application configuration files
language codes CSV with language codes
language_models Models for machine translation
nonbreaking_prefixes Prefixes for Bergamot models
ntextcat_models Models for language detection
runtimes

tesseract_models Models for image transcription
x64

av_libglesv2.dll

bergamot.exe Bergamot translator
libHarfBuzzSharp.dll

libSkiaSharp.dll

pcre2-8.dll Bergamot translator dependency
Tradutorium.AudioTranscription.exe
Tradutorium.ImageTranscription.exe

Tradutorium.Main.exe Main application

Table 3.3: Files (in black) and folders (in blue) included in the Windows version of Tradutorium.

4https://learn.microsoft.com/en-us/dotnet/standard/serialization/system-text-json/source
-generation
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4. FEATURES

In this section, the functionality offered by the application, Tradutorium, is described in de-
tail. In addition, Appendix | and Appendix Il attempt to visualize the technical and functional
aspects of the application. Most features can run on a standard recent computer without sig-
nificant resource needs. Exceptions, such as audio transcription, which may require more
robust computing power, are addressed in the accompanying text or relevant tables.

As previously indicated, the project and its source code are available on a GitLab repository,
at https://gitlab.com/Spyros3000/Tradutorium. The domain tradutorium.org is also
registered and may serve as the project’s future homepage, though it is currently inactive.

Offline
machine
translation
Language
identification
. Wiktionary
Tradutorium integration
Audio
transcription
Image

transcription

Figure 4.1: Current Tradutorium features.

4.1 Language identification

Language detection is the process of automatically identifying the language in which a given
text is written. In this specific case it is the first step in the machine translation workflow.
Once the language is detected, the system can select the appropriate translation model, in-
stead of requiring users to select manually the input language.
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The input text should be at least a few sentences long to accurately identify the correct
language. If the text is too short, there’s a higher chance of incorrect language detection.
Forinstance, phrases like “La casa”, “Una cosa”, “Un momento”, “Una mano” have the same
meaning in both Italian and Spanish. Similarly, pairs such as “Mio padre/Mi padre”, “Il proble-

ma/El problema”, “Il vino/El vino” differ only in the articles. Other examples like “Una doman-
da/Una demanda”, “La strada/La estrada”, “La musica/La musica” or “Buona fortuna/Buena
fortuna” can easily be confused. Similar overlaps exist between these languages and Por-

tuguese or Romanian, as they all belong to the Romance language family.

Technical details

NTextCat ? is the language detection system that was used in Tradutorium. It is
a C# implementation of the TextCat library by Ivan Akcheurov (originally in Perl,
implementation of a popular text categorization algorithm). TextCat’s primary purpose
is to determine the language of a given text sample (language identification) and is
seemingly the most common software for this purpose (Wikimedia uses a PHP port
of TextCat). It is an implementation of the Cavnar and Trenkle “N-Gram-Based Text
Categorization” technique by Gertjan van Noord [52].

The language models provided by NTextCat have been sourced from Wikipedia,
with three options available. The first model, Core14.profile.xml, supports only
14 relatively popular languages. The second one, Wiki82.profile.xml, covers 82
languages based on Wikipedia editions, and the third, Wiki280.profile.xml, Sup-
ports 280 languages from various Wikipedia editions. Tradutorium defaults to using
Wiki82.profile.xml. However, since Wikipedia editions do not always match real-
world languages, at least one precaution was necessary. If “simple english” is detected
(referring to the Simple English Wikipedia, which uses a simplified English vocabulary),
an automatic redirection to “english” is performed.

o
 E s E s EE s S s EE S S S E S S S S S S S S S S EEEEEEEEEEEEEE e e?

ghttps://github.com/ivanakcheurov/ntextcat

4.2 Offline machine translation (Project Bergamot)

/ The Bergamot project is a collaborative initiative involving several aca-

demic teams focused on machine translation, along with the Mozilla

Foundation. Together, they aim to develop an efficient system for of-

fline machine translation. The project shares contributors with the Mar-

ian NMT effort and relies on that system for training its language models.

However, the Bergamot models are designed to prioritize compactness

Figure 4.2: Berg- and low computational overhead to ensure they run smoothly on stan-
amot project logo. dard hardware. They utilize quantization techniques in order to achieve
this goal, converting the continuous, high-precision values typically used
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in model parameters into lower-precision representations. This reduces the storage require-
ments and speeds up inference while minimizing the loss in model accuracy, enabling the
model to run efficiently on less powerful hardware [53]. The final models are only 15-20MB

in size while still maintaining competitive BLEU scores.

Available models
Bulgarian — English (bgen) English — Bulgarian (enbg)
Czech — English (csen) English — Czech (encs)
German — English (deen) English — German (ende)
Persian — English (faen) English — Persian (enfa)
French — English (fren) English — French (enfr)
Icelandic — English (isen)
Italian — English (iten) English — lItalian (enit)
Norwegian (Bokmal) — English (nben)
Dutch — English (nlen) English — Dutch (ennl)
Norwegian (Nynorsk) — English (nnen)
Polish — English (plen) English — Polish (enpl)
Portuguese — English (pten) English — Portuguese (enpt)
Russian — English (ruen) English — Russian (enru)
Ukrainian — English (uken) English — Ukrainian (enuk)

Table 4.1: Pre-trained language pairs provided by project Bergamot as of September 2023.

Perhaps the most important piece of software produced by the project is Bergamot Translator,
a “cross platform C++ library focusing on optimized machine translation on the consumer-
grade device” that uses language models produced by the project. Even though the main
purpose of the project is to facilitate website translation that happens locally, through the
Firefox browser, Bergamot Translator can be compiled for many computing platforms.

AR

</>

Technical details

C and C++ compiler.

e EEEEEEEEEEEEE s s EsEs s s EEE s S,

with the hope of being useful to interested consumers of Bergamot Translator.

Use in browsers is possible through Emscripten, which allows C or C++ applications
and libraries to be precompiled and run efficiently there. This is achieved by utilizing
LLVM, an open-source suite of compiler technologies, along with Clang, its associated

Tradutorium relies on Bergamot Translator for translation between languages, which is
the main purpose of the application. The software needs to be pre-compiled in order
for Tradutorium to later use the produced executable. In lieu of an extensive tutorial
from other sources, section 5 offers a thorough description of the compilation process

L4
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4.3 Audio transcription (Whisper) and translation

Speech recognition (also known as automatic speech recognition (ASR) or speech-to-text) is
the field developing methods that enable computers and other devices to recognize spoken
language, converting it into text or executing commands based on the recognized speech. It
involves receiving audio input, analyzing the speech, and identifying the words and phrases
spoken by the user. The reverse process is called speech synthesis or text-to-speech.

Speech Utterance

!

Acoustic Model

Feature

Acoustic
Front-end

!

vector

————>

Search Algorithm
(Decoder)

I T

Language Lexicon
Model

Hypothesized
Word/Phoneme

Figure 4.3: A typical speech recognition architecture [54].

Integration of speech recognition within Tradutorium means that users can input pre-recorded
audio of human speech, which is converted to text. The text is then used to generate a
translation into a pre-selected target language. The original input text should not be deleted
immediately, in order for the user to be able to select a different target language and see a

new translation.

o T
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The ecosystem of open-source audio transcription libraries was less mature in late
2022. The most advanced open source speech-to-text library at the time was Coqui
STT 2, based on (the now abandoned) Mozilla DeepSpeech . However since then,
OpenAl has released a new audio transcription library, called Whisper, that can be
used freely by anyone. Whisper is built on a large-scale transformer model, trained
on a vast amount of multilingual and multitask supervised data. The latter category
involves training on multiple related tasks simultaneously, with each task having its
own labeled dataset, but sharing common underlying structures or features.
extensive training allows it to generalize well across different tasks and languages,

This
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Figure 4.4: Languages supported by Whisper models (as of November 2023) and their WERs (word
error rates) or CER (character error rates, shown in Italic) evaluated on the Common Voice 15 and
Fleurs datasets.
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achieving high accuracy in transcribing speech, especially in controlled environments.

Whisper takes an audio file or real-time audio stream as input. The audio is then
processed into features that represent the sound waves’ frequency and amplitude.
As mentioned previously, a transformer model is used to encode the extracted
audio features. This encoding process converts the raw audio into a more abstract
representation that captures the nuances of speech, including phonemes and into-
nation patterns. The encoded features are then decoded into text using a language
model that predicts the most likely sequence of words in the multiple languages
supported by Whisper. The final output is a transcription of the spoken language in
text format that can be afterwards be translated by other means [55]. Whisper models
can also provide machine translation for that output, however this feature was not
utilized since the functionality is already provided by the MT-focused Bergamot models.

Whisper is designed to run on graphics processing units (GPUs) to take advantage of
their performance capabilities. However, Georgi Gerganov reimplemented the library
as Whisper.cpp, enabling it to run on standard computer processors (CPUs) ¢. Addi-
tionally, Sandro Hanea developed .NET bindings ¢ for Gerganov’s version, facilitating
integration with .NET-based applications. These bindings were utilized in Tradutorium
to transcribe audio.

8https://github.com/coqui-ai/stt
bhttps://venturebeat.com/business/mozilla-winds-down-deepspeech-development/
°https://github.com/ggerganov/whisper.cpp
Ynttps://github.com/sandrohanea/whisper.net

-----------------------------------------------------------------------------------------------

Model Parameters Size Memory
usage
tiny / 39 M 75 MB ~273 MB
tiny.en
base / 74 M 142 MB | ~388 MB
base.en
small / 244 M 466 MB | ~852 MB
small.en
medium / 769 M 1.5GB ~2.1 GB
medium.en
large-v1 / 1550 M 20GB | ~3.9GB
large

L4
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Table 4.2: Available Whisper.cpp models. As the list progresses the output quality increases, however
the same is true for the memory usage and time needed.
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4.4 Image optical character recognition (Tesseract) and translation

In the same way that Tradutorium handles audio transcription for translation, image transcrip-
tion has also been integrated. The resulting text can then be translated via the application’s
built-in machine translation models. This is possible through a process called Optical char-
acter recognition (OCR).

OCR refers to the problem of converting text that is contained in images into machine-
encoded text. The input may consist of typed, handwritten or printed text from various
sources. The quality of the transcription depends on the readability of the input image, the
variety of languages, fonts and styles in which text can be written, the complex rules of lan-
guages and other factors [56]. Itis important in order to automate mass editing or processing
of analog documents or texts, that would not be possible by human manpower alone. It also
significantly helps visually impaired users, who can then use accessibility software with the
machine-encoded text. In the context of machine translation, it can be considered as a first
step, with the second being the translation of the recognized text in the target language.

The idea of OCR dates back to the 19th century. The first primitive devices, designed to
help the blind appeared in the early 20th century, with systems that correspond to the mod-
ern meaning of the term being available around the mid of the century, interpreting Morse
codes. In later decades the field found increasingly wide support in the industry, reading
passports and price tags, before finally becoming available to consumers [56].

The process of OCR can be examined by analyzing the multiple stages that are needed for
the creation of a resulting output. They are usually the following [56]:

* Pre-processing: enhancing the quality of the image
+ Segmentation: separating the image into characters

» Feature extraction: extracting features from the image

Classification: categorizing characters into classes

* Post-processing: improving the accuracy of the results

The classification step of OCR until recently used traditional classifiers such as Bayesian
classifier, decision tree classifier or nearest neighborhood classifiers [56]. Nowadays, state-
of-the-art systems utilize neural networks, trained on large datasets, to recognize written text.
The results are superior compared to previous approaches.
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Technical details

The most advanced and popular open-source OCR system available for everyone to
use is Tesseract. Originally developed by Hewlett-Packard labs in the 1980s, it was
later open sourced [57]. Following the latest technological advances, version 4 added
an LSTM-based engine. Its quality is lower than that of closed-source competitors
[58], however it can be considered more than adequate in the majority of cases, as
evidenced by a recent testimonial by the Internet Archive team [59]. Accuracy for
common languages using the Latin script is significantly higher than languages with
different scripts [58].

A .NET wrapper for the library exists, created by Charles Weld 2. It supports the pre-
trained neural models for more than 100 languages that are available from the official
Tesseract project °. It is also cross-platform, although the Linux version of the wrapper
must detect a couple of dependencies in the system in order to run as intended °.

8https://github.com/charlesw/tesseract/
bhttps://github.com/tesseract-ocr/tessdata/
‘https://github.com/charlesw/tesseract/issues/503

4.5 Wiktionary integration
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Wiktionary is “a collaborative project to produce a free-content
multilingual dictionary, which aims to describe all words of

= L
/ "Df &’z all languages using definitions and descriptions in English.”
A Lp Py It is managed by the Wikimedia Foundation as its sister

project, Wikipedia, and aims to provide definitions, transla-
tions, pronunciations, etymology, and other linguistic informa-

‘#. QE W tion for words in various languages. It has grown to be

one of the most substantial linguistic resources on the Inter-

Wiktionary net. It is available in more than 190 languages of varying
The free dictionary

wealth.

Figure 4.5: Logo of the Tradutorium aims to integrate with the most plentiful version, the En-
English Wiktionary. glish Wiktionary. The purpose of this integration is to enable easy

lookup of definitions within the input text, with the first found defi-

nition being displayed. This feature may be incorporated into other areas of the application
later. It should be noted that the English Wiktionary includes definitions for words in multiple
languages, not only English. The same is true for the other available versions. For example,
the Greek Wiktionary offers definitions of words in English, French and so forth.
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Technical details

An official API is available for the English Wiktionary ¢ and it was used in order to get
the definition of a selected word. The data are returned in JSON format, as an object
that contains key/value pairs. Therefore, they cannot be automatically deserialized by
the System.Text.Json library that is included with .NET. A JSON converter needed
to be implemented in order to recognize the structure of the provided JSON file and
parse the definitions. After the process of deserialization, the converted object can be
easily used by Tradutorium, in order to display at least the first definition of a word,
with a hyperlink to the relevant Wiktionary webpage in case the user wants to consult
other probable definitions.

The definitions are stored in a list of .NET objects that were created specifically for this
purpose. All the languages with definitions of the searched word are available in that
list. Tradutorium then presents the first available definition from the language that the
input was detected to be in.

The Wiktionary definition contains markup, some of which is unique to that service.
In a second step, the definition is converted to valid HTML that can be displayed by
an HTML control. This step replaces the Wiktionary markup with hardcoded values or
URLs that correspond to the English Wiktionary website. As the Avalonia TextBlock
cannot display HTML text, the Avalonia HTML renderer was used °.

@https://en.wiktionary.org/api/rest_v1/
bhttps://github.com/AvaloniaUI/Avalonia.HtmlRenderer
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4.6 Pivot languages

The language pairs that have been trained as part of project Bergamot are currently English-
oriented, as can be seen in Table 4.1. This means that one of the input or output languages
is English, therefore it is not possible to translate directly between two other languages, e.g.
French and lItalian. However, since in this specific example the French-English, English-
French, Italian-English and English-Italian language pairs exist, another method can be used,
which includes two translation steps. It uses an intermediate (pivot) language (which in this
case is the English language) as the output language of the first step. A visualization of the
concept can be seen in Figure 4.6. Afterwards, it translates again, from the pivot language
to the requested language. In the previous example, this means that instead of translating
directly from French to Italian, it uses the following path: French — English — Italian.

The double translation process can introduce errors and compound inaccuracies, leading to
a lower overall translation quality compared to direct translation. Each translation step may
introduce its own set of errors, and nuances of meaning can be lost or distorted. Practical ex-
perience, though, shows that these problems are underrepresented in languages that show
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Direct translation

Source language Pivot language Target language

First pass Second pass

Figure 4.6: Direct translation between source and target language versus translation through a pivot
language.

linguistic similarities and that indirect translation is a worthwhile technique, not to be under-
estimated. It also makes the system much more scalable: in the possible case of translating
between hundreds of languages, one would need to train thousands of direct language pairs.
However, by using a pivot language, one only needs to train a number of models that is equal
to the number of supported languages multiplied by two (since translations from and to the
target language need to be supported).

4.7 Application localization

Although it is not fundamental to the application goals, the Tradutorium Ul is available in
multiple languages. Four translations are currently provided (English, Greek, Italian and
French), and more can be added if willing translators are found. Currently, the Tradutorium
Ul is fairly simple, and the supported languages are part of the Indo-European family, sharing
similar traits. However, if the application is to be localized into a wider range of languages
with varying characteristics, particular care should be taken to address common localiza-
tion challenges. These include supporting Right-to-Left (RTL) languages, handling complex
plural forms, managing gendered languages, and adapting the Ul layout to accommodate
longer or shorter text strings.

Filename Language Notes
Resources.resx English (en-US) | Default, fallback language.
Resources.el-GR.resx Greek
Resources.fr-FR.resx French
Resources.it-IT.resx Italian

Table 4.3: Translations in Tradutorium and the corresponding .resx files.
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Technical details

The code contains no hardcoded strings but descriptive identifiers (IDs), which serve
as placeholders. During the runtime, the corresponding translations for these IDs are
loaded and shown. In .NET applications, localized resources are stored in .resx files.
These are XML files used to store key-value pairs, where keys represent the text or Ul
element, and values are the translations [60]. Each localization originates as a simple
text file, which is then converted to the .resx format by the resgen tool #. Each .resx
file corresponds to a specific language and culture, as can be seen in Table 4.3.

The application’s Ul language can be changed via the Settings menu, and the change
takes effect after restarting the application. The selected language is stored in the
lang.txt file located in the configuration directory, which is checked during each appli-
cation launch. The Culture (also known as locale outside of .NET) is then set to match
the selected language, and the ResourceManager class in .NET loads the corresponding
localized resources.

@https://learn.microsoft.com/en-us/dotnet/framework/tools/resgen-exe-resource-fil
e-generator

[ ]
U
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5. BERGAMOT TRANSLATION COMPILATION PROCESS

Tradutorium relies on Bergamot Translator for translation between languages, which is the
main purpose of the application. The software needs to be pre-compiled in order for Tradu-
torium to later use the produced executable. The compilation process is described in detail
in the hopes of being useful to interested consumers of Bergamot Translator, in lieu of a
non-existent extensive tutorial in other sources.

5.1 Compiling on Unix

5.1.1 Required dependencies

Compiling Bergamot Translator on Unix systems is designed to be a straightforward process,
especially given that Unix-based environments are often considered the primary platform for
this project. However, before compiling, it's necessary to install the required dependencies,
such as libpcre2-8-0 (Perl Compatible Regular Expressions, a regular expression library) and
OpenBLAS (a highly optimized Basic Linear Algebra Subprograms, or BLAS, library). This is
a simple process thanks to the wide availability of software in the official Debian repositories.
OpenBLAS was chosen over Intel MKL (Math Kernel Library) for this reason, as MKL (which
is used in the Windows version, described below) requires a more involved setup.

However, the BLAS library can be switched later if needed by manually installing Intel MKL
and specifying its installation path before starting the compilation process. This might be
necessary in cases where performance issues arise. Several comparisons have reported
noticeably better performance with Intel MKL compared to OpenBLAS ', including those
involving TranslateLocally which uses Bergamot Translator internally 2.

5.1.2 Compilation overview

As expected, the compilation process proceeded without any complications by following the
instructions provided in the repository. The executed commands effectively cloned the repos-
itory, set up the build environment, and compiled the project, leading to a successful build
with no issues encountered.

git clone --recursive https://github.com/browsermt/bergamot-translator.git

mkdir build-native
cd build-native
cmake ../

make —j2

"https://phabricator.wikimedia.org/T247245
2https://github.com/XapaJlaMnu/translateLocally/blob/3cbe86d622e93b8al9c1e28f2ff86e1e62b9
ba2e/README . md#openblas
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5.1.3 Challenges and solutions

During compilation of the software on a Linux system, an unexpected problem was encoun-
tered, because of a software bug that exists in a core system component.

The Linux compilation was tested in Debian 12 “Bookworm”, the latest stable release of that
Linux distribution. Unfortunately, this operating system bundles GCC 12.2 as the default
compiler. This version of GCC is hit by a bug that detects false positives 3, and prevents
compilation when warnings are treated as errors. This affects intgemm, a core dependency
of Bergamot Translator. Even though a patch was submitted to intgemm #, the problem per-
sists. The available workarounds were to either downgrade to GCC 11, upgrade to a newer
version of GCC (either GCC 12.3 or GCC 13) or to add the argument -Wno-uninitialized;
-Wno-maybe-uninitialized; to appropriate placesin the bergamot-translator/3rd_party/
marian-dev/CMakeLists.txt config file, in order to turn off the relevant warnings. The third
option was chosen.

5.2 Compiling on Windows

5.2.1 Required dependencies

The compilation process on Windows required significantly more effort compared to the
somewhat straightforward Unix compile process. First of all, the following prerequisites
needed to be installed in the system before the compilation process could be started:

1. Visual Studio, with the “C++ desktop development” component selected,
2. Git for Windows,

3. Intel MKL (OpenBLAS can also be used as an alternative, although it was not tried on
Windows),

4. vepkg, a package manager for C and C++ development. It should be installed in a
filepath that does not contains whitespace and it will be used to install the boost and
pcre2 dependencies.

The installation process is easier in Unix environments, with the dependencies being avail-
able just by running a few commands. In the Windows world each necessary software must
be downloaded and installed separately. vcpkg should be downloaded from its Git repository
and then compiled. Only then can the boost and pcre2 dependencies be installed:

git clone https://github.com/Microsoft/vcpkg.git
.\vcpkg\bootstrap-vcpkg.bat
vcpkg install boost:x64-windows

Shttps://gcc.gnu.org/bugzilla/show_bug.cgi?id=105593
“https://github.com/kpu/intgemm/issues/101
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vcpkg install pcre2:x64-windows

To ensure that the system can locate PCRE2 on Windows, the directory where the library is
installed must be added to the system’s PATH environment variable. The PATH variable tells
Windows where to look for executable files and libraries, so any tools or programs that rely
on PCREZ2 will be able to find and use it from the command line. On the test system, the full
file path looked like this:

C:\vcpkg\installed\x64-windows\bin

5.2.2 Compilation overview

To download the Bergamot Translator code from the official GitHub repository, you will need
to execute a series of commands that resemble typical Unix command-line processes. These
commands will help you clone the repository to your local machine, allowing you to access
the source code and make any necessary modifications or enhancements.

git clone --recursive https://github.com/browsermt/bergamot-translator.git
mkdir build-native
cd build-native

Then, the x86_x64 Cross Tools Command Prompt for VS 2019 / 2022 should be launched.
The standard Windows command line is inadequate to continue the compilation process, be-
cause the Visual Studio installation that exists in the system should be used. This allows the
command line to access the various installed Visual Studio components related to C++ de-
velopment. However, this step alone is not sufficient. After initializing the command prompt,
another script needs to be executed, this time focusing on the various dependencies for the
Bergamot Translator. This script will determine the installation filepath of these dependencies
or download them as needed. The CheckOrInstallDeps.bat script ° from Marian NMT can
be used for this purpose. It should be copied in the bergamot-translator directory (which
was created automatically when the repository was cloned) and then modified to include the
paths for the dependencies, such as Intel MKL.

Finally, the following commands should produce a bergamot . exe that can be used by Tradu-
torium. The second command configures the project using CMake, specifying that it should
generate build files specifically for the NMake build system, which is the standard make util-
ity for Microsoft development environments. Using NMake is necessary for Windows-based
development, particularly when working with Microsoft Visual Studio tools. The project is to
be built in Release mode, for use by end users.

cd <directory_filepath>\bergamot-translator\build-native
cmake ../ -G "NMake Makefiles" -DCMAKE BUILD TYPE=Release

Shttps://github.com/marian-nmt/marian/blob/master/vs/CheckOrInstallDeps.bat
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As a side note, in order for Bergamot Translator to run on end-user systems where the above
compilation process has not been followed, the pcre2.d11 library should be copied in the
same folder as bergamot . exe, since it is a dependency that could not be compiled into the
final executable file. If this dependency is not detected in the runtime, bergamot . exe cannot
be executed. This specific file can be found in the vcpkg installation path.
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6. MODEL TRAINING FOR LANGUAGE MODEL

An English-to-Greek machine translation language model was created, in the same manner
that existing Bergamot models have been produced. Bergamot does not offer a pre-trained
model for this language pair (as of September 2024) and it could fill this need. It also allowed
to get a deeper look at the insights of the project and the challenges the creation of a model
entails.

The necessary instructions for training a Bergamot-compatible language model can be found
in the project’s repository [61]. The provided scripts include tailored configurations in order
to achieve the desired results. For additional guidance, the MarianNMT documentation was
also consulted when necessary. Supplementary information was found on the personal web-
pages of Bergamot Translator developers [62].

The model was trained on an Nvidia TITAN Xp, with 12GB of VRAM, graciously provided by
the Institute for Language and Speech Processing (ILSP). Marian v1.11.0 was used during
training [63]. Hardware constraints meant that the corpus of texts was smaller than other
tries. The Europarl dataset [64] and the DGT 2018 dataset [65] were combined and used,
as can be seen in Table 6.1. Validation sets included a part of Europarl that was not used
when training. To evaluate, the WMT datasets could not be used as in the examples, since
they do not include Greek corpora as part of their language pairs. Instead, a Europarl test
set (with unseen data that were not used during the training) was used as a dataset with
the same genre of training data and the devtest of the Flores200 dataset as data of different
genres without significant overlap with the type of training data [67]. Sacrebleu was utilized
to generate the BLEU and Chrf scores.

Dataset | Number of Lines | Greek sentences | English sentences
Europarl 1,229,000 1,428,828 1,343,274
DGT 2018 4,900,254 8,082,676 7,832,718
Total 6,129,254 9,511,504 9,175,992

Table 6.1: Training dataset, Europarl and DGT 2018.
The main stages of the model creation included:

» Data preparation from parallel corpora in English and Greek,
+ Training of the teacher language model,

» Word alignment / knowledge distillation from teacher to student,

Training of the student language model,

Quantization of the student model to achieve a shrunk-down model,
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In the context of machine translation, and also in terminology used by MarianNMT and the
Bergamot project, teacher-student models (a process also known as knowledge distillation)
are a powerful technique to improve efficiency without compromising translation quality [68].
The teacher-student framework enables training a smaller, more efficient model (student) by
utilizing the knowledge learned by a larger, more complex model (teacher). This approach is
particularly useful in resource-constrained environments. The student models can be more
easily executed on a CPU instead of a GPU that offers more performance, at the cost of
higher prices and not wide availability.

The terminology used refers to a “teacher model” as the original model trained by Marian NMT
and “student model” as the final, quantized model and whose hardware requirements are
significantly lower’s than those of the teacher. In this chapter, when a filename is mentioned
it is a subdirectory to the https://github.com/browsermt/students/tree/819£41962c8
867859f8e511dcba9b63fc997db82/train-student repository, which includes the scripts
needed to train a Bergamot model.

6.1 Teacher training

After the parallel corpora preparation the training of the teacher model began. As is usual, it
is based on a transformer architecture which achieves competitive results in the last decade.
The training process took about 9 days to complete until 45 epochs were reached. The model
with the best performance on the validation set was selected as the final teacher model, after
comparing with the existing highest score at each checkpoint. The full size of the produced
teacher model is 357MB.

The generated model was a transformer and the most important parameters used during the
training process are shown in Table 6.2. The full parameters used during training can be
found in Appendix IlI.

Parameter | Value Explanation
enc-depth 6 Number of encoder layers (s2s).
dec-depth 6 Number of decoder layers (s2s).
dropout-rnn | 0.2 | Scaling dropout along rnn layers and time.
dropout-src | 0.1 Dropout source words.
dropout-trg 0.1 Dropout target words.

Table 6.2: Principal parameters used during the training of the teacher model.

6.2 Word alignment
This step generates the word alignment and lexical shortlists from the teacher model that will

be used during the training of the student model. The so-called teacher model’s soft targets
are the probability distributions over the possible translations produced by the teacher model,
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which not only include the correct translation but also reflect the probability of alternative
translations. The soft targets provide richer information about the teacher model’s decision-
making process and inform the student model not only what the correct translation is but also
what alternatives are likely and how confident the teacher is in its prediction. In contrast, hard
targets include only the correct translation and ignore all other possibilities.

The alignment/install.sh installed the fast_align and extract-1lex tools needed for this
step and then the alignment/generate-alignment-and-shortlist.sh script generated the
word alignment and lexical shortlists.

6.3 Student training

A student model is a compressed version of a larger, more powerful teacher model. It is
trained to replicate the behavior of the teacher model, which has been trained on a large
dataset and achieves high accuracy but at the cost of computational complexity. The stu-
dent model learns not only from the raw data but also from the teacher’s predictions (often
referred to as soft targets) during knowledge distillation.

Following the instructions of the Bergamot project, the student model was fine-tuned by em-
ulating 8bit GEMM (General Matrix Multiplication) during training during the training, in order
to prepare for the following quantization step and achieve better results. A model without
finetuning was also prepared in order to compare results and determine the significance of
this step. More details are available at the finetune subdirectory.

The student model is trained using both the original training data and the word alignments and
lexical shortlists distilled by the teacher model. The script that was modified can be found at
models/student.base/train.sh. In the same directory an evaluation script exists (eval.sh)
which was not used. Instead Sacrebleu was utilized directly with the custom datasets men-
tioned earlier.

The full parameters used during training can be found in Appendix IV. The student model is
more compact, as it has a size of only 163 MB.

6.4 Quantization

Quantization in model training is an optimization technique used to reduce the computational
and memory requirements of a machine learning model by representing its weights and ac-
tivations with lower precision. It is especially useful in student models that are distilled from
larger teacher models, as it enables further compression while preserving much of the ac-
curacy learned during distillation. The process involves converting the model’'s parameters
from high-precision formats, like 32-bit floating-point (FP32), to lower-precision formats, such
as 16-bit floating-point (FP16), 8-bit integers (INT8), or even lower, significantly decreasing
the memory footprint and computational cost but also the size of the model [30, 69, 70]. This
step is essential if everyday hardware has to be supported. The lack of quantization can
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lead to higher precision computations, which may require more memory and computational
power, usually available only to expensive graphic processing units [69].

The quantization process compares competitively with the full models, at a fraction of their
size. There is by design a marginal accuracy loss, however advances in quantization help to
mitigate it and the benefits continue to surpass the drawbacks of the method [69]. For high-
stakes applications requiring exact precision, mixed-precision quantization is used, a method
where different layers or parts of a model are quantized to varying bit-widths. It helps retain
accuracy by preserving higher precision in sensitive and efficient layers, and only apply low-
precision quantization to insensitive and inefficient layers [70].

As mentioned, during the training process, quantization was simulated to reduce the BLEU
hit. This approach allows the model to adjust and compensate for the reduced precision while
it is being trained. The opposite would be Post-Training Quantization (PTQ), where quan-
tization is applied as a post-processing step and a slight drop in accuracy may occur [69, 70].

The intgemm library ! is used for quantization of Bergamot models to 8-bit integers. Unfortu-
nately the quantization step could not be completed because of a segmentation fault during
the execution of the last command. The fault produced an error message similar to an exist-
ing issue in the Firefox Translations Training repository 2. Marian 11.2 was tried to see if the
error can be bypassed, without success.

6.5 Results

The evaluation on the Europarl test set yielded acceptable results, as expected, given that
the models were trained on a similar dataset. Although the test set was not included in
the training data, the vocabulary often overlaps. This overlap is significant because models
typically rely on familiar words and phrases to generate accurate translations. Consequently,
the training allows the models to develop a robust understanding of the language and context
likely to appear in the Europarl corpus.

BLEU ChrF
Teacher model 28.6 51.7
Student model 204 411

Table 6.3: BLEU and ChrF results of the trained models on the Europarl test set.

However, in a dataset that contains significantly different data, such as Flores200, the scores
dropped significantly. This indicates that the models struggle to generalize beyond their train-
ing contexts. The Europarl and DGT datasets do not represent the full linguistic diversity or
contextual variety found in real-world applications. The Flores200 dataset may contain spe-
cific phrases or genre-specific jargon from the 842 web articles it was sourced. Therefore, the

"https://github.com/kpu/intgemm/
*https://github.com/mozilla/firefox-translations-training/issues/450
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model, trained mostly on formal instances of speech or notation, has not encountered before
the informal way of writing that is commonly used in web content and cannot comprehend it
in order to translate.

BLEU ChrF
Teacher model 14.4 36.0
Student model 3.0 18.0

Table 6.4: BLEU and ChrF results of the trained models on the Flores test set.

Finally, a student model was created without using the finetuning command that is recom-
mended during the latter’s training process. This approach allowed for a direct comparison
between the two training methodologies. As anticipated, the evaluation scores for the non-
finetuned student model were similar to those of the finetuned model, but slightly lower. This
decrease can be attributed to the lack of additional refinement that finetuning provides, which
helps optimize the model’s performance on specific tasks or datasets.

BLEU ChrF
Student model (Europarl) 19.8 40.5
Student model (Flores) 2.2 16.4

Table 6.5: BLEU and ChrF results of the trained student models without the finetuning step.

In NMT, models sometimes default to generating empty outputs when they encounter chal-
lenging phrases or contexts that lack sufficient training data. This behavior can stem from dif-
ferent explanations, the most common being that the correct-length translations are outscored
by empty sentences due to label smoothing or the high-frequency of End-of-Sentence (EoS)
tokens. This leads the model to avoid errors by outputting nothing instead [71]. This was
also encountered here, both in the teacher and the student models.

A comparison was made with other models trained by project Bergamot and used in Tradu-
torium. These models have been quantized, perform significantly better and show that the
process can generate solid results. Reasons for the low performance of the experimental
en—el model can be attributed to insufficient training data, since it was trained on a signifi-
cantly smaller amount of sentences, whereas the Bergamot / Mozilla models are trained with
vast datasets, such as Opus [66]. Other probable reasons were the use of parameters during
the training process as well as the domain / genre mismatch, because the training data was
mainly of legal nature, while the evaluation used a more generic dataset.

BLEU ChrF
bg — en model 37.9 63.6
fr — en model 41.9 65.6

Table 6.6: BLEU and ChrF results of other pre-trained models on the Flores test set.

S. Stravoravdis 58



Tradutorium: An offline cross-platform Machine Translation application

7. FUTURE DIRECTIONS

7.1 Addition of more Bergamot-compatible models and automation of the necessary
steps

After Firefox introduced its offline translation capabilities through Project Bergamot, the de-
velopment of additional translation models accelerated. A new repository was created to host
these models ', and the current list can be found in Table 7.1. Furthermore, some language
pairs have been enhanced, with updated versions replacing the older ones.

These new models can be integrated into Tradutorium. However, the integration process
is currently manual and involves several undocumented steps to ensure the program can
locate the models in specific file paths. Given the increasing number of models, this approach
is time-consuming and error-prone. Ideally, this process should be automated to minimize
human involvement. Additionally, it's important to manage model versions carefully to avoid
using outdated ones when newer versions are available.

Available models
Bosnian — English (bsen)

Catalan — English (caen) English — Catalan (enca)
Croatian — English (hren) English — Croatian (enhr)
Danish — English (daen) English — Danish (enda)
Estonian — English (eten) English — Estonian (enet)
Finnish — English (fien) English — Finnish (enfi)
Greek — English (elen)
Hungarian — English (huen) English — Hungarian (enhu)

Indonesian — English (iden)
Latvian (Lettish) — English (lven) | English — Latvian (Lettish) (enlv)
Lithuanian — English (lten) English — Lithuanian (enlt)
Maltese — English (mten)
Romanian — English (roen)
Serbian — English (sren)

Slovak — English (sken) English — Slovak (ensk)
Slovenian — English (slen) English — Slovenian (ensl)
Spanish — English (esen) English — Spanish (enes)

Turkish — English (tren) English — Turkish (entr)

Vietnamese — English (vien)

Table 7.1: Language pairs provided by Firefox translations as of September 2024, either in production
or in development.

"https://github.com/mozilla/firefox-translations-models
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7.2 Dynamic download of models

The ability to download a version of the application with no or minimal models included and
then downloading the necessary models on demand could be useful. In this case, a reliable
and permanent web service is essential, as the application’s functionality would be compro-
mised if the provided link becomes unavailable. The tradutorium.org domain has already
been registered and could potentially be used for this purpose.

Currently, the only models in Tradutorium that can be dynamically downloaded are the Whis-
per GGML models 2, used for audio transcription. These models are supported by a custom
downloader implemented by the whisper.cpp/whisper.net projects and are hosted on Hug-
gingface, which is a stable platform unlikely to shut down.

Mozilla also supports neural machine translation in the Firefox browser, with dynamic loading
of Bergamot project models. Initially available as a Web extension 3, this functionality was
integrated into the core browser in September 2023 (version 118), allowing language pairs
to be downloaded on demand. Later versions of Firefox implemented various improvements
to the translation functionality.

7.3 Audio recording, before the transcription

Allowing users to record audio directly within the application and then providing options to
transcribe and translate it would be a desirable feature. Currently, the audio must be recorded
separately and then imported into Tradutorium. Although there is a cross-platform API for
sound devices (OpenAL 4) and a .NET library (OpenTK °) that offers OpenAL bindings among
other functionalities, implementing this feature proved to be complex.

To address this, a user interface should be designed that allows users to select the correct
input audio device from the available options. The recording should continue until the user
sends a stop signal, such as clicking a “Stop” button. However, OpenTK has recently re-
architected the programming classes it offers, making the previous methods for handling
audio capture somewhat obsolete. As a result, a new, less-documented approach will be
needed to solve the audio capture problem.

7.4 Support and testing of more desktop computing platforms

As mentioned previously, Tradutorium depends on many underlying libraries. Most of them
need to be compiled for the various system architectures that are supported. In practice, this
means that due to the extreme prevalence of the 64-bit x86 architecture, the application has

2Georgi Gerganov Machine Learning models
Shttps://addons.mozilla.org/en-US/firefox/addon/firefox-translations/
“https://www.openal.org/

Shttps://opentk.net/

S. Stravoravdis 60


https://addons.mozilla.org/en-US/firefox/addon/firefox-translations/
https://www.openal.org/
https://opentk.net/

Tradutorium: An offline cross-platform Machine Translation application

been tested only on x86-64 Windows and x86-64 Linux targets.

The following targets therefore should be targeted and tested thoroughly: Windows ARM64,
Linux ARM64, macOS x86-64, macOS ARM64. Many more CPU architectures are available,
but they may not be in common use or are not supported at the time by .NET (like RISC-
V, which is under development). At the current moment, only 64-bit need to be supported,
since 128-bit architectures are nonexistent and 32-bit architectures have low and dwindling
demand, mainly because of their inability to handle the large amount of memory used by
most systems.

Platforms Platform priority | Type of platform
x86-64 Windows Tier 1 Desktop
x86-64 Linux Tier 2 Desktop
x86-64 macOS Tier 2 Desktop
ARM64 Windows Tier 2 Desktop
ARM®64 Linux Tier 2 Desktop
ARM64 macOS Tier 2 Desktop
ARM64 Android Tier 3 Mobile
ARM64 i0OS Tier 3 Mobile
WebAssembly Tier 3 Web, general
RISC-V Linux Tier Unknown Desktop

Table 7.2: Platforms that Tradutorium aims to support. Tier 1 platforms have been tested and work out
of the box. Tier 2 platforms should work without major changes but have not been tried. Tier 3 support
requires significant additions to the application, such as a mobile Ul and ways to communicate with the
underlying dependencies. Finally, Tier Unknown platforms are not yet supported by the .NET runtime
and will be evaluated when this changes.

7.5 Mobile version

A mobile version would be highly beneficial, as the need for accessible machine transla-
tion often arises when traveling or in outdoor settings. While this is achievable, it requires
extensive reimplementation to redesign the user interfaces to be mobile-friendly. Addition-
ally, there may be significant challenges with the underlying libraries or mechanisms. For
instance, currently, Tradutorium interacts with Bergamot Translator via a shell console that
processes commands and outputs translations. While shell consoles are typical on desktop
platforms, they are not as prevalent on mobile operating systems, which are more restricted
and locked down.

7.6 WebAssembly version

A WebAssembly version would be beneficial for running the application on various browsers
and browser-only platforms, such as Chromebooks. However, it's important to distinguish
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between two different operational modes. An offline web application has access to all nec-
essary program files, libraries, and models stored locally, allowing for instant loading. In
contrast, an online web application relies on remote systems to load most of its data, making
it dependent on network latency and speed.

In the online mode, only the essential files needed for the application’s basic operation should
be loaded initially, with additional resources requested as needed. Some features may be
more limited or even unavailable in this mode. For example, while it is feasible to load the
base Whisper model for audio transcription (140MB), doing so may take some time. How-
ever, loading the medium model, which is much larger at 1.8GB, might be impractical or
impossible in certain situations.

7.7 Multiple translation engines and language pairs

Right now, translation is possible using the linguistic pairs that have been prepared as part
of project Bergamot and trained with Marian. Through the process of quantization they have
been extremely minimized and they are optimal for use in applications, because of their size
and performance. There is nothing inherent though, that prevents Tradutorium from using
other NMT engines and corresponding models, assuming they can be integrated without
unexpected problems of course. The performance and size in most cases is not as optimized
as the Bergamot models, but their use would be decided by the user, who would allow or not
the use of specific models depending on their performance, license or supported languages.
Possible targets for integration are:

* Pre-trained language pairs of varying size (larger than Bergamot’s) are provided by
the ArgosTranslate project for several languages . The license details are unclear,
although the models have been trained on open datasets and are already used by
LibreTranslate.

« A multilingual model called NLLB-200 (No Language Left Behind) [67]. It was created
by Meta and supports roughly 200 languages, many of them not well supported by
existing tools 7. It should be noted however that, due to the model’s license, it can
only be used in non-commercial settings. Table 7.3 presents a comparison among the
available versions of this model.

» Decoder-only transformer-based large language models (LLMs) that may offer better
results in machine translation compared to previous approaches.

All the aforementioned models can be presumably used by the CTranslate2 library, if the
latter is integrated, similarly to Bergamot Translator. The project claims compatibility with
these specific model types 8.

Shttps://www.argosopentech.com/argospm/index/
"https://ai.meta.com/blog/nllb-200-high-quality-machine-translation/
8https://github.com/OpenNMT/CTranslate2
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Model Model Params Size
type
NLLB-200-

Distilled Dense 600M ~4.4 GB
NLLB-200-

Distilled Dense 1.3B ~8.6 GB
NLLB-200 Dense 1.3B ~8.6 GB
NLLB-200 Dense 3.3B ~20.6 GB
NLLB-200 MoE ? 54.5B ~404 GB

Table 7.3: Available versions of the NLLB-200 multilingual model. As the list progresses the output
quality increases, however the same is true for the memory usage and time needed.

7.8 Code refactorings

The codebase could be enhanced by re-architecting it to follow the MVVM (Model-View-
ViewModel) design pattern, utilizing the MVVM Community Toolkit [72]. This toolkit, widely
used in the .NET ecosystem, supports .NET 8 and Native AOT as of late 2024 °. Implement-
ing MVVM helps separate the application’s core logic from its user interface, making the code
more maintainable. Additionally, because the core functions are independent of the Ul, this
approach allows for easier transitions between different Ul technologies, such as switching
between desktop and mobile modes.

Researching and trying alternative methods to integrate the Bergamot Translator directly,
without relying on a command shell, could also facilitate porting Tradutorium to additional
platforms. While the performance gain from this approach may be minimal, it could simplify
the process and make the application more versatile.

8Mixture of Experts model. Should achieve the same quality as its dense counterpart much faster during
pretraining.

9Native AOT support is available since version 8.3: https://devblogs.microsoft.com/dotnet/announci
ng-the-dotnet-community-toolkit-830/
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8. CONCLUSIONS

The development of this thesis combined practical and research interests, encompassing
both application programming and model training.

The programming aspect (Tradutorium) operated at a higher level, and is indirectly linked
to NMT. It “stood on the shoulders of giants” by reusing existing models and libraries de-
veloped by numerous contributors, all of whom are appropriately credited in the main text.
The intended purpose was to utilize these available resources in order to create an end-user
application that would be useful to users that are not necessarily involved with the academic
community. Although the outcome is preliminary and requires further refinement to reach
a professional standard, the functionality described (offline NMT, audio transcription, OCR,
language identification, and integration with Wiktionary resources) has been successfully im-
plemented and can serve as a foundation for future iterations without major obstacles.

One significant observation during the development was the need for automation to stream-
line the release of new versions, avoiding the manual and time-consuming setup of depen-
dencies. Additionally, refactoring the codebase can strengthen the project’s structure, mak-
ing future expansions more manageable. These are discussed in the “Future Directions”
section and will be the first areas that | will focus on when further development proceeds.

The model training followed the instructions provided by the Bergamot project, primarily as
an experiment to better understand the mechanics of creating an NMT language model. The
goal was not to compete with larger, automated efforts that typically dedicate significant com-
puting power and employ comprehensive corpora to achieve superior translation scores. As
is evident by the empirical findings after the model creation, this turned out to be infeasible,
due to limited resources. Instead, this project focused more on exploring and documenting
the intricacies that were encountered and the results that the process achieved. The chal-
lenges and details that required specific attention contributed to a deeper understanding of
the current NMT pipeline and research. These insights may prove beneficial to readers who
wish to undertake similar endeavors.

From a personal perspective, the programming component of this project was more straight-
forward and easy to complete, due to prior academic and professional experience. In con-
trast, training an NMT model was “terra incognita”, requiring thorough research at many steps
that would be considered straightforward but presented unanticipated barriers. These chal-
lenges had to be overcome before proceeding, although they sometimes turned into learning
opportunities.

Throughout this journey, Dr. Tambouratzis provided invaluable assistance, offering detailed

responses and explanations whenever necessary. His feedback was crucial; without it, this
thesis would fall short in depth and fail to meet the required academic standards.
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ABBREVATIONS - ACRONYMS

Al Artificial Intelligence
ANN Artificial Neural Network
ALPAC Automatic Language Processing Advisory Committee
AOT Ahead-of-Time
API Application Programming Interface
ASR Automatic Speech Recognition
BLAS Basic Linear Algebra Subprograms
BLEU BiLingual Evaluation Understudy
chrF CHaRacter-level F-score
CIL Common Intermediate Language
CLI Common Language Infrastructure
CLR Common Language Runtime
CNN Convolutional Neural Network
COMET | Crosslingual Optimized Metric for Evaluation of Translation
CPU Central Processing Unit
CSv Comma-Separated Values
EAP Early Access Program
EBMT Example-based machine translation
EoS End-of-Sentence
FOSS Free Open Source Software
GEMM General Matrix Multiplication
GDPR General Data Protection Regulation
GGML Georgi Gerganov Machine Learning
GPU Graphics Processing Unit
GUI Graphical User Interface
HIPAA Health Insurance Portability and Accountability Act
HTML HyperText Markup Language
ID |dentifier
IDE Integrated Development Environment
Intel MKL Intel Math Kernel Library
JIT Just-in-Time
JSON JavaScript Object Notation
JVM Java Virtual Machine
LLM Large Language Model
LSTM Long Short-Term Memory
METEOR | Metric for Evaluation of Translation with Explicit ORdering
MNMT Multilingual Neural Machine Translation
MoE

Mixture of Experts
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S. Stravoravdis

MPL Mozilla Public License
MVVM Model-View-ViewModel
NLLB No Language Left Behind
NMT Neural Machine Translation
OCR Optical Character Recognition
OpenAL Open Audio Library
OpenTK Open Toolkit
PCRE Perl Compatible Regular Expressions
PTQ Post-Training Quantization
RISC Reduced Instruction Set Computer
RNN Recurrent Neural Network
RTL Right-to-Left
SaaS Software as a Service
SMT Statistical Machine Translation
ul User Interface
UXx User Experience
VS Visual Studio
WPF Windows Presentation Foundation
XAML | Extensible Application Markup Language
XML Extensible Markup Language
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APPENDIX |

Visual representation of the libraries utilized to create Tradutorium:

- Tradutorium

- .NET library or wrapper (managed code)

- native library or executable (unmanaged code)
- system or network utility

- Internet resource

[Berga mot Tra nslator]

[Command line prompt]

NTextCat <—| Tradutorium ’<—> HTTP(S) request]

N\,

(Wiktionary AP|]

Whisper.net charlesw/tesseract}

Whisper.cpp [Tesseract OCR]

[OpenAI Whisper]
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APPENDIX I

Tradutorium flow diagram:
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APPENDIX 1lI

Teacher model training command:

marian \

--model enel/transf_6layr_8hds_sedO_valid.log_model.npz \
--type transformer \

--train-sets corp_europarl+dgt.en corp_europarl+dgt.el \
--vocabs enel/vocab.enel.spm enel/vocab.enel.spm \
--sentencepiece-options \

--normalization_rule name=nfkc \
--sentencepiece-alphas 0.2 0 \

--dim-vocabs 32000 32000 \

--disp-freq 100 \

--mini-batch-fit \

--workspace 7000 \

--layer-normalization \

--exponential-smoothing \

--dropout-rnn 0.2 \

--dropout-src 0.1 \

--dropout-trg 0.1 \

--valid-metrics cross-entropy \

--valid-sets europarl-v7_test.en europarl-v7_test.el \
--transformer-heads 8 \

-—dim-emb 512 \

--valid-freq 10000 \

--beam-size 6 \

--normalize=0.6 \

--early-stopping 5 \

--cost-type=ce-mean-words \

--max-length 200 \

--save-freq 100000 \

--keep-best \

--log enel/transf_6layr_24hds_train_sed0.log \
--valid-log enel/transf_6layr_8hds_valid_sedO.log \
--enc-depth 6 \

--dec-depth 6 \

--learn-rate 0.0001 \

—--lr-warmup 8000 \

--1lr-decay-inv-sqrt 8000 \

--1lr-report \

--seed 0 \

--label-smoothing 0.1
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APPENDIX IV

Student model training command:

marian \

--model model.npz -c student.base.yml \

--train-sets corpus.{$SRC,$TRG}.gz -T ./tmp --shuffle-in-ram \
--guided-alignment corpus.aln.gz \

--vocabs vocab.spm vocab.spm --dim-vocabs 32000 32000 \

--max-length 200 \

--exponential-smoothing \

--mini-batch-fit -w 9000 --mini-batch 1000 --maxi-batch 1000 \
--devices $GPUS --sync-sgd --optimizer-delay 2 \

--learn-rate 0.0003 --lr-report --lr-warmup 16000 \
--1lr-decay-inv-sqrt 32000 --cost-type ce-mean-words \
--optimizer-params 0.9 0.98 1e-09 --clip-norm 0 \

--valid-freq 5000 --save-freq 5000 --disp-freq 1000 --disp-first 10 \
--valid-metrics bleu-detok ce-mean-words \

--valid-sets devset.{\$SRC,\$TRG} --valid-translation-output devset.out \
--quiet-translation \

--valid-mini-batch 64 --beam-size 1 --normalize 1 \

--early-stopping 20 \

--overwrite --keep-best \

--log train.log --valid-log valid.log
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