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Abstract

In this work, we propose a new algorithm for bilingual sentence alignment based on
multilingual language models. We apply it to low-resource languages and low-resource
biomedical domains of rich languages and compare it with the existing alignment algorithms.
We have developed machine translation systems for the WMT20 Biomedical Text translation
task for four translation directions and achieved the highest BLEU scores for two of them. We
further show the advantage of XLM-R (a completely unsupervised multilingual language model)
over LASER (a sentence embedding algorithm that requires some labeled data) for parallel
corpus alignment of low-resource languages.

Introduction

This work represents our work on data filtering, alignment, and processing pipeline intended to
improve the quality of parallel data used for training state-of-the-art neural machine translation
systems. We discuss various parts of the pipeline that can hugely impact the performance of
such models. In particular, we focus on the bilingual sentence alignment problem by proposing
a new algorithm, performing extensive experiments, comparing with the prior work, and
showing the effectiveness of our methods, especially for low-resource languages.

This paper includes YerevaNN’s Neural Machine Translation system and the developed
pipeline for the WMT20 Biomedical Translation task. The pipeline comprises the multilingual
language model-based parallel sentence preprocessing toolkit (parasite), which aligns bilingual
corpora resulting in higher BLEU scores on machine translation task. Provided systems are for
English—Russian and English«<~German language pairs. Our submissions achieve the best
BLEU scores for the English Russian pair, with the English—Russian direction outperforming
the other systems by a significant margin (Hambardzumyan et al., 2020; Bawden et al., 2020).
The submitted translation systems are pioneering for all the submitted pairs in the human
evaluation stage.

We propose a new algorithm for bilingual sentence alignment, which helps to drastically
improve the quality of the corpora and the NMT system. We further compare this method with
already known ones. As a continuation of the bilingual corpora alignment problem, we discuss
primarily used algorithms: Vecalign, Bleualign (NMT), Hunalign w/ lexicon, etc., Present the time
complexity and alignment scores by showing the significance of Vecalign over the other
algorithms on a given set. We examine the choice of the multilingual model for bilingual
sentence alignment by comparing the two pre-trained models. Moreover, we use Vecaling as
the main algorithm for future experiments. We compare alignment F, scores using LASER and
XLM-R pre-trained models embeddings’ on German«<French, English«»Kazakh, and
Armenian—Kazakh language pairs. We show the advantage of XLM-R, a completely



unsupervised multilingual language model on low-resource languages bilingual sentence
alignment tasks over LASER, a supervised multilingual model. Provide PCA visualizations of
different combinations of languages on a given multilingual model, plus pairwise distance
calculation results. Afterward, training Machine Translation systems to spotlight the obtained
results’ significance on the downstream task.

The work is organized as follows: Section 1 discusses related works and
state-of-the-art architectures, Section 2 describes WMT20 Biomedical Translation task
submissions, pipeline, and the new bilingual sentence alignment algorithm: “Parasite,”
experiment with Section 3 presents the comparison of multilingual models for alignment
algorithms, Vecalign’s comparison with other alignment algorithms, obtained F, scores, PCA
visualizations, distance matrix construction, their average distance measurements, and
downstream task results.

Finally, the Appendix presents extended versions of the illustrations of PCA and
distance matrices, along with more tables with experimental results.

1 Related Work

1.1 WMT20 Biomedical Machine Translation

WMT is a Conference on Machine Translation that is conducted every year, with multiple
shared tasks. The proposed models combine newly suggested architectures and techniques to
achieve the highest automatic and human evaluation results every year. One of the proposed
shared tasks is a low-resource domain translation task: Biomedical Text translation.
English—Russian direction was new for WMT20 Biomedical Translation; meanwhile, in
English—German direction, two teams ARC (Peng and Liu, 2019) and UCAM (Saunders and
Stahlberg, 2019) recorded almost identical BLEU scores. Researchers in these two teams
focused on transfer learning methods or attempted to mix the training data with other sources
to address the data scarcity issue.

Mainly UCAM tackled the problem by using an ensemble model. They have applied
transfer learning iteratively on datasets from different domains, obtaining strong models
covering two domains for the English—German language pair. They have used a general news
translation model to do transfer-learning on an in-domain dataset, “UFAL Medical.”

Meanwhile, ARC, except making domain adaptation on a pre-trained model, also trained and
fine-tuned their systems from scratch on a mix of out-of-domain and in-domain parallel corpora
as well. They admit that enhanced performance is attributed to more in-domain training.
Eventually, their fine-tuned models scored higher BLEU scores compared with the ones trained
from anon. Both articles admit that their data preprocessing pipelines play a significant role in
results quality enhancements.



ARC removes potentially misaligned sentences based on “fast-align” scores when it
comes to misaligned sentences, which at first glance seems a considerable loss. UCAM does
not mention the problem of misaligned sentences, so they use the dataset as it is.

The most common architecture used in NMT systems is the Transformer described in
(“Attention Is All You Need,” Vaswani et al., 2017) and its extended Transformer Big
modification, which we will cover more in-depth in the following section.

1.2 Bilingual Sentence Alignment

In the early days of statistical MT, sentence alignment was a central research topic but
gradually received less attention once standard sentence-aligned parallel corpora became
available (Thompson and Koehn, 2019). Interest in low-resource MT has led to a renewal in
data gathering methods (Buck and Koehn, 2016; Zweigenbaum et al., 2018; Koehn et al.,
2019); however, we find little recent work on bilingual sentence alignment. One of the leading
papers that wraps a significant part of the work done in bilingual sentence alignment is
presented by (Thompson and Koehn, 2019) in “Vecalign: Improved Sentence Alignment in
Linear Time and Space” paper. In this paper, the authors use a multilingual model LASER to
obtain the sentence embeddings; while publishing the paper, the LASER was the State Of The
Art (SOTA) multilingual model so far. That’s how the use of LASER is justified. Just a few
months after that, mBERT and XLM-R came to light. LASER is a BiLSTM based architecture;
meanwhile, mBERT and XLM-R are Transformers. However, they essentially differ in
architecture, but they do the same job in general; they are multilingual models, which means
their objective is to create a latent space where sentences’ semantics will be closer despite
their languages.

Vecalign is the pioneering algorithm for bilingual sentence alignment in high and
low-resource settings and improves MT quality (Thompson and Koehn, 2019). First, it has the
lowest running time complexity; secondly, it outperforms all algorithms in terms of binary
classification test accuracy score: F, (Thompson and Koehn, 2019).

In general, there are three main approaches to the problem of text alignment at the sentence
level: length-based (Brown et al. 1991, Gale and Church 1991), dictionary or translation based
(Chen 1993, Melamed 1996, Moore 2002), and partial similarity-based (Simard and Plamondon
1998). This prior method may work well for a family of languages such as German and English.

As a low-resource language pair, we consider Kazakh in our experiments of XLM-R and
LASER comparison. As for the WMT19, a news translation task was proposed: a low-resource
translation task on English—Kazakh direction. For English—Kazakh direction, there were 13
submitted models and 11 on Kazakh—English (Barrault et al., 2019). All the submitted systems
did not outperform human translations. Most of the proposed models were based on
back-translation or pivoting techniques; some used Russian or Turkish as a third language to



translate a given sentence from Kazakh to Russian/Turkish than to English. The choice of the
third languages is based on alphabetical similarities and family dependence.

On Kazakh—English direction, the system proposed from the “NEU” team scored the
highest results on the human evaluation stage, “rug-morfessor” followed them with a modest
difference of score. In English—Kazakh, the leading group was the “UAlacant-NMT” with its
two systems, then the “NEU” team follows. Because (“Findings of the 2019 Conference on
Machine Translation (WMT19)” Barrault et al. 2019) do not report BLEU scores for
English—Kazakh directions, but human evaluation results; we base on the papers reported
BLEU scores individually. It should be noted that that the presented results in each paper were
not explicitly represented, in the sense that in some papers, the evaluation sets were not
mentioned; probably, most of them were focused on their methods comparison on local sets.
However, as the NEU claims, the team achieved the highest score in English«—>Kazakh
directions (Li et al., 2019). They have recorded poor results by doing vanilla training;
meanwhile, significant improvements are seen when applying back-translation and pivoting
techniques.

2 WMT20 Biomedical Machine Translation

2.1 Introduction

WMT20 Biomedical Translation Task is a narrow in-domain Machine Translation (MT) problem
(Bawden et al., 2020). In such tasks, the available bilingual data is limited and often noisy,
which generates many challenges. The proposed directions for this particular task were 15. We
have participated in English«»Russian and English«German language pairs Biomedical
Translation task by scoring considerable results. We explain our success by heavy data
preprocessing, especially by parallel corpora alignment. Alignment errors have been noted to
have a negligible effect on statistical MT performance (Goutte et al., 2012). However,
misaligned sentences are much more detrimental to neural MT (NMT) (Khayrallah and Koehn,
2018).

The choice of the aforementioned 4 directions is explained by time-resource limitations
and the author’s knowledge of languages. So far, the automatic measures used for NMT quality
scoring do not fully replicate translation fluency and semantics but score the corresponding
words matching. The knowledge of the languages is preferred to do an approximate human
evaluation on development stages, and as well analyze the dataset.

We have manually cleaned and aligned a much higher quality subset of the original
“MEDLINE” training data for local evaluation purposes. The goal of this manual analysis is to
have a reliable test set for the evaluation of the proposed methods. This manual step is useful



only during the development of the algorithm. It will not be required in subsequent applications
of our methods.

The insights collected during this manual analysis were then used to fix the most
common issues within the training data. In particular, we noticed that the original dataset
contained paper abstracts in two languages without sentence-level alignments. The organizers
training corpus was created using an automated sentence segmentation and alignment
process, which failed most of the time. We built a data pipeline that handles cleanup, sentence
segmentation, alignment of translation sentence pairs, and preprocessing. Performed
operations recorded a significant boost on the quality of NMT in terms of BLEU score.

2.2 Architecture

All our NMT models are built on top of WMT19 News Translation task winner models by (Ng et
al., 2019). We employ the FairSeq library (Ott et al., 2019) to fine-tune pre-trained models on
the in-domain translation data. It is worth mentioning that this model is a sequence to
sequence model; this being said, the translation (or any other task) is done on the sentence
level and not on the document level. From this, it is ideologically obvious that high-quality,
aligned parallel data is necessary for good quality results.

The used architecture is Transformer: a model architecture eschewing recurrence and
instead relying entirely on an attention mechanism to draw global dependencies between input
and output. The Transformer allows for significantly more parallelization. The Transformer
model extracts features for each token using a self-attention mechanism to determine how
important all the other words in the sentence are concerning the preceding word. Moreover, no
recurrent units are used to obtain these features; they are weighted sums and activations that
are parallelizable and efficient. The schema of the Transformer is presented in Figure 1.
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Figure 1: Architecture of Transformer. The figure is taken from (“Attention is all you need” Vaswani et al.,
2017).

We can observe an encoder structure on the left side and the decoder on the right. Both
contain a core block of “an attention and a feed-forward network” repeated n times.

The core concept of the self-attention mechanism is the following: a
sequence-to-sequence operation, if we denote the input vectors x,, X,,..., X, and the
corresponding output vectors y;, Va,..., Y- The vectors all have dimension k. To produce output
vector y;, the self-attention operation takes a weighted average over all the input x vectors, and
the most straightforward option is to calculate the dot product of those. The three critical
elements for self-attention are Queries, Values, and Keys. For every encoder input (token
embedding), the 3 vectors are created. These vectors are created by multiplying the
embedding by three matrices that we trained during the training process. The second step in
calculating self-attention is to calculate a score. The aim is to score each token of the input
sentence against this token. The score determines how much focus on putting other parts of
the input sentence as we encode a word at a particular position. It is calculated by taking the
dot product of the query vector with the key vector of the respective token.



The pre-trained models used for our experiments are based on the
“transformer_wmt_en_de_big” architecture. In the previous works, the same Transformer
architecture is used with a modified feedforward network dimension (8192) and a shared matrix
for input(encoding) and output(decoding) embeddings.

We start fine-tuning single_model versions of Facebook’s WMT19 models on in-domain
(biomedical) parallel data and stop the training when the perplexity on the validation set does
not improve for 5 consecutive epochs. To fight noisy training data, we use labelsmoothed
cross-entropy loss (Miller et al., 2019). Also, because we are fine-tuning, the neural
architecture and related implementation details cannot be changed in the fine-tuning scenario.
While this limited our experimental setup, it also allowed us to care less about hyperparameter
tuning and focus on other parts of the pipeline.

2.3 Parallel Data

For all directions, we use only “MEDLINE” training data provided by the shared task organizers.
We chose 50 random documents from the training data as the validation set. In the case of
English—~German (en—de), we use “OK”-tagged sentence-pairs from the WMT19 Biomedical
Translation test set (Bawden et al., 2019) as the local test set, which is manually aligned. To
have a local test set of similar quality for English<»Russian (en«<ru), we take another random 50
documents, then manually fix misaligned sentences and filter out a few pairs with incorrect
translations. Eventually having a dataset which consists of: training set of 47,745 (en<»ru) and
37,469 (en—de), development or validation set of 425 (en<ru) and 652 (en«—de), and test set of
553 (en—ru), 463 (ru—en) and 783 (en—de) and 612 (de—en) sentences.

We noticed that the provided data was poorly aligned during the manual review of the en<ru
local test set. It was possible to get high-quality sentence pairs by re-aligning the sentences
(only 9 sentences were dropped except the titles/subtitles, out of 504 sentences). Then we tried
to use these insights to build a new automated system for monotonic alignment of the
sentences (described in Section 2.4).

Table 1 exhibits a document containing the most common issues found during manual
analysis in the MEDLINE training data: the bitext documents may be misaligned: the translation
of a source sentence may appear on a different line, or even on multiple lines, on the target
side, headings and section names may occur next to a sentence on one side only, or on both
sides, English documents may start with titles (often wrapped in brackets), while the Russian
ones do not.



1 [Risk factors of stroke in men exposed to Lens ruccnenoBaHus - U3y4CHHE
environmental factors at workplace]. (haKTOpOB pUCKa pa3BUTHUS UHCYIbTA Y
OBJECTIVE MY>KYMH Pa3HbIX BO3PACTHBIX IPYIIIL,

MOJIBEPTAIOIIUXCS BO3JCHCTBUIO
HEOIaroNpPUATHBIX TPOU3BOJICTBEHHBIX
(haxkTopoB

2  To explore risk factors of stroke in men of Marepuan u METO/IbI
different age groups exposed to adverse
environmental factors at work.

3 MATERIAL AND METHODS Four hundred  O6cnenoBanst 411 Mmyx4uH B BO3pacTe OT
and eleven men after stroke, aged from 30 to 30 o 65 net, nepeHecIINX UHCYIBT, U3

65 years, including 335 patients, who had HUX 335 MarueHToB MOABEPralnucCh
been exposed to adverse environmental BIIMSIHUIO HEOJIAronpusTHBIX

factors at work, were compared to 76 patients POM3BOACTBEHHBIX (PaKTOPOB U 76
who had not been exposed to adverse MaIMEeHTOB, KOTOPbIE BO3ACUCTBUS
environmental factors. BpEIHBIX (DAaKTOPOB HE UCTILITHIBATIN

(rpynma cpaBHEHHUS).

4 RESULTS Pesynprarsl.

5 The distribution of the frequencies of risk YcraHoBIEHA YaCTOTa paclpeaeIeHUs
factors of stroke depending on the character (aKTOPOB pUCKa Pa3BUTHUS HHCYIIETA Y
of adverse factors was shown. MY>KYUH B 3aBUCUMOCTH OT XapakTepa

o eCCHOHAIBHBIX BPEIHOCTEH.

Table 1: A sample document (id 26978637) from the MEDLINE en<«ru training set exhibits the most
common issues in the dataset. The first line in English includes the title of the paper, which is not present
in Russian. The English version of the main content of the first line in Russian is given on the second line.
In Line 3, English has an extra heading that corresponds to Line 2 on the right side. The rest of the third
line on the left matches the third line on the right side, and the last two lines are perfectly matched.

These issues are too common in the training set, and simply removing incorrect pairs of
sentences would significantly reduce the dataset. Instead, we decided to fix the misaligned
sentences to preserve as much parallel content as possible. The solution is described in the
following section.

2.4 Monotonic Alignment

The problems of the training set described in Section 2.3 can be caused by poor: XML
parsing, sentence segmentation, or monotonic segment alignment method. Here we describe a
novel method for monotonic sentence alignment using multilingual language models and
discuss the contribution of its hyperparameter choices. Multilingual language models have



been previously shown to be effective in parallel data mining (Kvapilikova et al., 2020). We also
compare our approach to the baseline data pipeline provided by the shared task organizers
based on the Syntok segmentation system and GMA (Melamed, 2001).

Our method of monotonic sentence alignments is as follows: we calculate a similarity
matrix of all source-target candidate pairs and decode pairs to maximize the similarity of the
resulting sentence pairs. We consider two approaches for the decoding step: greedy and
dynamic.

The similarity matrix is calculated using Euclidean and Cosine distances of sentence
embeddings from a pre-trained multilingual language model. We found xIm-roberta-large
(Conneau et al., 2019) to be the best one. In order to obtain a fixed-size vector for each
sentence, we simply take the average of the wordpiece embeddings (Cer et al., 2018; Artetxe
and Schwenk, 2019). The choice of taking the average of the token embeddings is justified not
only by our experiments but also by (Cer et al., 2018; Artetxe and Schwenk, 2019)
observations. We experimentally see that taking the average of the embeddings results in the
best representation of a sentence (Appendix Table 4). We get the highest alignment F, scores
using this technique. One might consider a Sentence Transformer choice; however, finding a
pre-trained one for a given language pair is not an easy task, and training it from zero is
expensive. Meanwhile, our algorithms focus on cheap and at the same time effective
approaches. The similarity matrix for the document in Table 1 is presented in Table 2.
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[Risk factors ... workplace].

OBJECTIVE

To explore ... at work.

MATERIAL AND METHODS

Four hundred ... factors.

RESULTS

The distribution ... shown.

Table 2: A sample document (id 26978637) from the MEDLINE en<«ru training set (Table 1). XLM-R is
used to compute the contextual word embeddings. The sentence embedding is considered as the
average of all the word-piece embeddings. The similarity matrix is calculated using Euclidean distance,
pairwise between all the source and target segments. Note: the darker the color, the higher the similarity
score, thus the darker, the better. The outlined rectangles indicate the rectangles/correspondences to be
chosen.

We assume that translation pairs are distributed in a monotonic way in the document: without
cross-matching. Using the greedy/dynamic approach, we decode the best path with the
highest total similarity. We also use multi-sentence windows as possible translation candidates
to support one-to-many mappings.



We also attempt to address some common issues concerning the given MEDLINE
abstracts that may harm the quality of the alignments:

1. remove titles from the English version that are absent in the Russian version,

2. detect the headings that often get attached to adjacent sentences,

3. lowercase the text before obtaining embeddings (as the English headings are written in
capitals, unlike the Russian ones),

4. experiment with different sentence segmentation systems such as SciSpacy (Neumann
et al., 2019) (in-domain, for English) and Razdel3 (for Russian),

5. penalize candidates with source/target length ratios exceeding 2.

Additionally, we consider using normalized distances and the margin-based approach
described in (Artetxe and Schwenk, 2019).

The parasite works in an end-to-end manner: it takes the documents to be aligned,
flags regarding text preprocessing, and outputs the aligned documents. One of the flags is
designed for sentence segmentation choice, which can be different depending on the
language. The rest of the flags are language-independent, and thus the overall algorithm is
language independent.

2.4.1 Greedy Approach

In the greedy approach, we construct the set of correct sentence pairs in an iterative process.
Given the similarity matrix, we add the sentence pair with the maximum similarity score at each
step. There is an assumption that the alignments should be monotonic; after each step, we
exclude all remaining candidate sentence pairs that would break the monotonicity.
Monotonicity in this context means that crossing matches of alignments are excluded. Our
implementation finds at most one target sentence for a source sentence (and vice versa), so
the window size is 1.

Algorithm 2: Greedy decoding

Sy , Tu ¢ source and target sentences
D;; ¢ Sim(S; , T; )
Res ¢« {}
while [Align| < min(N, M) do
i, j ¢ arg max(D)
Align ¢ Align U {i, j}
Dino.j » Doi,yom €0
end
Result: Align




2.4.1 Dynamic Approach

In the dynamic algorithm, we consider maximizing the sum of the similarity scores of the
selected sentence pairs according to the given matrix. Our implementation of this approach,
unlike the greedy one, can produce sentences consisting of multiple (up to K) segments on
each side. To find the mapping with the best total similarity score, we use dynamic
programming.

Algorithm 2: One-to-many (K) dynamic decoding

Sy , Ty ¢ source and target sentences
Bestyy ¢ 0
Resyu € {}
for 1 = 1> N do
for j = 1> M do
for u, v =1 -> K do
candidate ¢ Best;, ;., + Sim(S;, i, Tj,.;)
if candidate > Best; ; then
Best; ; ¢ candidate
Res;; ¢ Res;, ; U {Siy. i, Ty, 5}
end
end
end
end

2.5 Results

We prepared three submissions for the WMT20 Biomedical Translation Task: runi for all
directions was the baseline model. At the same time, for run2 and run3, we chose the best
models according to their BLEU score on the local test set at the time of the submission. In
run2 and run3, all the models besides de—en of run2 are trained with our data pipeline and
bigger batches.

We also applied the back-translation technique to improve NMT system quality. We
obtain translations with “wmt19.en-de.joined-dict.single_model”,
“wmt19.de-en.joined-dict.single_model”, “wmt19.en-ru.single_model” and
“wmt19.ru-en.single_model” pre-trained models. Then fine-tune new models on a mixed data
consisting of the regular parallel training data (biomedical) and back-translated data with equal
proportions.

To perform back-translation, we need a set of in-domain monolingual sentences that do
not overlap with the test set. To train back-translated de<—en and ru«<en directions, we took all
English sentences from all parallel corpora available from previous years’ MEDLINE set (both



training and test sets), excluding the parallel corpora we would eventually train on. This way, we
collected 296,052 (236,379) English sentences for German (for Russian). To obtain a parallel
corpus, we translated them using our models and then filtered them using the same process as
with the regular training data. Eventually we had 281,054 (220,916) sentence pairs for en—de
(eneru).

We did not perform back-translation from Russian or German (directions en—de and
en—ru), as we did not expect to find in-domain sentences that are not present in MEDLINE.
For de—en of run2, back-translation data was collected with beam search (size of 8), in case of
ru—en, we had noise added similar to (Edunov et al. 2018) they showed that adding input-level
noise significantly boosts the back-translation performance, and for run3, we used a simple
sampling strategy. Our experiments with back-translation showed no significant advantage of
any of those compared to the others. For run2 and run3, we used v2 preprocessing; the
sentence splitting was done with scispacy (for English and German) and a slightly modified
version of razdel (for Russian).

After our submissions, we further improved our data pipeline. Table 3 is an empirical
analysis of the effect of different components of our data pipeline, as measured by the
performance on the final translation task.



Model en—ru ru—en
baseline model 27.7 30.7
+ v2 preprocessing 30.5 31.3
+ train with bigger batches 30.7 31.3
+ greedy alignments 30.1 31.8
+ detect section names 30.7 32.3
+ remove titles 31.3 32.5
+ optimize total similarity 30.4 32.2
+ normalize distance matrix 30.8 32.1
+ penalize source/target ratio 31.2 31.5
+ one-to-many (K=3) 32.2 32.3
Vecalign (LASER) (K=3) 29.0 29.6
Vecalign (XLM-R) (K=3) 27.6 29.1

Table 3: The effect of different components of the data processing pipeline. Given BLEU outcomes are
scored on the local test set.

Each row of the table corresponds to a model trained on the data obtained from a pipeline with
specific components enabled. All the models are trained by fine-tuning the general domain
baseline using our default hyperparameters. We measure the BLEU score on the local test set.

We noticed several issues with our preprocessing pipeline during our early experiments,
which we fixed for the later experiments. In particular, we noticed that some sacremoses
command-line flags were broken, and the out-of-the-box inference tool from FairSeq did not
fully replicate the preprocessing pipeline used for training (punctuation normalization and
vocabulary-aware subword segmentation). The original pipeline (called v1) was used for our
baseline models. The later experiments used the fixed implementations of the sacremoses and
FairSeq (denoted by v2).

Fixing the issues of the standard preprocessing (v2 vs. v1) gives a significant boost,
especially when decoding to Russian (en—ru direction). The effect of training with bigger batch
sizes gives only a slight improvement, while the absolute training duration reduces drastically.
As mentioned previously, there were issues with section names and titles in the provided
parsed documents. After addressing these issues, our greedy approach gives better



alignments. The total similarity optimization using dynamic programming is not always better
than the greedy method, but the performance improves en—ru with another +1.1% BLEU
score. Overall, the new data pipeline enhances NMT performance: +1.6% BLEU for ru—en and
a more considerable gain of +4.5% BLEU score for en—ru. Although we observe consistent
performance improvement for both directions en<ru, the effect for en—ru direction is more
significant. We could not determine the reason for such asymmetry.

In our experiments, we solely used the MEDLINE dataset given by WMT20 biomedical
translation task organizers. We chose our baseline model and two other models with the
highest BLEU scores on a local test set as our three submissions. The best ones got 35.2%
BLEU on English-German and 41.3% on German-English test sets. For English-Russian and
Russian-English directions, we reached BLEU scores of 37.9% and 43.2%, respectively, the
best scores among all submissions of the WMT20 Biomedical Translation Task.

Our system scores the best results for human evaluation for en—ru direction than all
submitted systems. However, reference sentences still achieve better results. Almost the same
picture is for the opposite direction (ru—en). Meanwhile, we outperform one of the teams and
the reference translation in en—de direction, having an almost equal performance with another
two, losing a team. In de—en direction performing better than a team, and having nearly the
same results with others.

3 Bilingual Sentence Alignment

3.1 Introduction

This section discusses the need for good-aligned parallel data for the NMT task and examines
available algorithms for bilingual sentence alignment. We consider using the XLM-R pre-trained
model instead of LASER. We measure the pros and cons of two models on the Vecalign
bilingual sentence alignment algorithm, mainly focusing on low-resource language pairs data
alignment. Thompson and Koehn considered aligning low-resource data but did not
experiment with using a multilingual model other than LASER,; they note that the algorithm is
not LASER specific (Thompson and Koehn, 2019). The choice of XLM-R boils down to the
problem of available parallel data. As we will discuss in detail in (Section 3.3), the LASER is
trained on parallel data; meanwhile, in XLM-R, monolingual data is being used. This being said,
LASER is a supervised and XLM-R an unsupervised language model. This structural difference
yields a well-separated choice. When working on low-resource language or low-resource in
domain but rich language translation tasks, the available parallel data is very scarce, and the
better option, in this case, is to go with a model which does not require bilingual data; such as
XLM-R.



3.2 Vecalign

Vecalign algorithm proposes a novel sentence alignment scoring function based on the
similarity of bilingual sentence embeddings (Thompson and Koehn, 2019). Embeddings of
blocks of sentences are obtained by averaging sentence embeddings produced by a
multilingual model. The size of the resulting vector does not depend on the size and number of
sentences; thus, the time complexity of comparing the similarity of blocks of sentences does
not depend on the number of sentences being compared.

In Vecalign, they show empirically that average embeddings for blocks of sentences are
sufficient to produce approximate alignments, even in low-resource languages. This enables
them to approximate Dynamic Programming (DP) in O(N+M) in time and space.

The similarity between sentence embeddings is used as the scoring function for
sentence alignment (Thompson and Koehn, 2019). Sentence embedding similarity has been
shown to effectively filter out non-parallel sentences (Hassan et al., 2018; Chaudhary et al.,
2019) and locating parallel sentences in bilingual corpora (Guo et al., 2018).

For similarity score calculation, cosine distance is an obvious choice for comparing
embeddings. Still, it has been noted to be globally inconsistent due to “hubness” (the tendency
of high-dimensional data to contain hubs/groups) (Radovanovic et al., 2010; Lazaridou et al.,
2015). High-dimensional spaces are often affected by hubness (Radovanovic” et al., 2010). The
hubness is the tendency of some vectors “hubs” to appear in the top neighbor lists of many
sample items: that is, they contain certain elements — hubs — that are near many other points in
space without being similar to the latter in any meaningful way (Lazaridou et al., 2015).
Thompson and Koehn (2019) propose normalizing with randomly selected embeddings as it
has linear complexity. Sentence alignment seeks minimal parallel units, but they find that DP
with cosine distance favors many-to-many alignments. They scale the cost by the number of
source and target sentences considered in a given alignment to remedy this issue. And the

resulting scoring cost function is:

c (X, y) — (Sl—cos(x, v)) nSentSs(x) nSents(y)
> 1—cos(xy S) +y1- cos(xs, y)

s=1 s=1

where X, y denote one or more sequential sentences from the source/target document; cos(x,y)
is the cosine similarity between embeddings of x, y; nSents(x), nSents(y) denote the number of
sentences in x, y; and Xy,...,Xs, Y1,...,Ys are sampled uniformly from the given document.

Instead of searching all possible alignments via dynamic programming, Vecalign
suggests half the size of the sentences in the source and the target by averaging them, which

will produce (%) (%)cost for comparisons. Then, they refine this approximate alignment using

the original sentence vectors, constraining to a small window around the approximate



alignment. A window size w must search, which at a minimum should be large enough to
consider all paths covered by the lower-resolution alignment path, but also can be increased to
allow recovery from minor errors in the approximate alignment. The length of the refinement
path to search is at most (N + M) (deletions/insertions), so refining the path requires at most
(N + M) w comparisons. Thus the whole NM comparisons can be approximated by

(N+Mow + (%)(%) comparisons. Applying this logic recursively, the quadratic NMcost can

be approximated with a sum of linear costs:
(N + Mo + (5 +2)0 + (+-Do +.= y L0

= 2(N + M)w
k=0,12. 2

Considered operations are insertions, deletions, and 1-1 alignments in all but the last search.
Recursive downsampling and refining of DP was proposed for dynamic time warping in
Salvador and Chan (2007) but has not previously been applied to sentence alignment.

So far, known alignment algorithms are Gale and Church (1993), Moore (2002), Hunalign
(Varga et al., 2007), Bleualign (Sennrich and Volk, 2010), Gargantua (Braune and Fraser, 2010),
and Coverage-Based (Gomes and Lopes, 2016).

The second recently released alignment algorithm is “Bleualign”: a sentence alignment
algorithm that, instead of computing an alignment between the source and target text directly,
bases its alignment search on an MT translation of the source text. The main disadvantage of
an MT-based algorithm is that it requires an existing MT system. For low-resource language
pairs, this requirement makes the algorithm unattractive because the process of obtaining an
aligned data and an adequate MT falls into a loop. Bleualign initially used an SMT for MT, but
the algorithm is not limited to that, so an NMT can be used to boost performance (Sennrich
and Volk, 2010). Another method: “Coverage-Based,” is based on Bleualign; their scoring
function uses Moses phrase tables by which they avoid the need for an MT system (Gomes
and Lopes, 2016 ).

“Hunalign” is the primary third used one. It concentrates on dictionary and length-based
methods and gives a hybrid algorithm. In the first step of the algorithm, a raw translation of the
source text is produced by converting each word token into the dictionary translation with the
highest frequency in the target corpus or to itself in case of lookup failure. Next, an IBM "Model
I’ translation model (Brown et al. 1991) is trained on the set obtained from the first phase. Third,
the similarity is calculated using this translation model, combined with sentence length
similarity. The output alignment is calculated using a custom score. Hunalign can be used in
two “ways,” one with a lexicon/dictionary and the second without it, so if a dictionary does not
exist, the algorithm can build one by traversing through the set (Varga et al., 2007).



Some experiments are done on manually aligned yearbook articles published in multiple
languages by the Swiss Alpine Club from the Text+Berg corpus, and this dataset is being
released with Bleualign paper. Alignment F, scores are calculated on the previously mentioned
algorithms. The results are shown in Table 4 (Thompson and Koehn, 2019).

Algorithm o() (P R F1

Gargantua N? 0.48 |0.54 |0.51
Hunalign w/o lexicon N 0.59 0.70 0.64
Hunalign w/ lexicon N 0.61 0.73 0.66
Gale and Church (1993) T N? 0.71 0.72 0.72
Moore (2000) T I 0.86 |0.71 0.78
Bleualign T N2 0.83 |0.78 0.81
Bleualign-NMT N2 0.85 [0.83 0.84
Coverage-Based* N2 0.85 |0.84 |0.85
Vecalign N 0.89 0.90 0.90
Vecalign (XLM-R) N 0.75 0.78 0.76

Table 4: * Best reported in Gomes and Lopes (2016). T Best reported in Sennrich and Volk (2010). O(%)
data-dependent time complexity (Thompson and Koehn, 2019).

As we can see, the Vecalign algorithm outperforms the second best method by 0.5 F; points
and performs worse with XLM-R. Bleualign improves its results by using an NMT instead of an
SMT. Hunalign and Vecaling provide linear time complexity; meanwhile, Bleualign,
Coverage-Based, Gale and Church, and Gargantua methods are quadratic. So from time
complexity perspective as well, Vecalign outperforms the others.

3.3 LASER Versus XLM-R

LASER is an architecture to learn joint multilingual sentence representations for 93 languages,
belonging to more than 30 different families and written in 28 various scripts; it uses a single
BiLSTM encoder with a shared BPE vocabulary for all languages, which is coupled with an
auxiliary decoder and trained on publicly available parallel corpora (Artetxe and Schwenk,
2019).
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Figure 2: Architecture of LASER system to learn multilingual sentence embeddings. Based on multiple
BIiLSTMs. The figure is taken from (“Massively Multilingual Sentence Embeddings for Zero-Shot
Cross-Lingual Transfer and Beyond” Artetxe and Schwenk, 2019)

As shown in Figure 2, LASER consists of two major parts: the encoder and the decoder; in the
encoder, BPE embeddings are learned. The resulting matrices are passed to multiple numbers
of layers of BiLSTM. Sentence embeddings are obtained by applying a max-pooling operation
over the output of a BILSTM encoder. The obtained sentence embeddings are used to initialize
the decoder LSTM through a linear transformation and are also concatenated to its input
embeddings at every time step. We can see that no other connection between the encoder and
the decoder exists, as we want all relevant information of the input sequence to be captured by
the sentence embedding.

The joint byte-pair encoding (BPE) vocabulary is used with 50k tokens, which is learned
on the concatenation of all training corpora. This way, the encoder has no explicit signal on the
input language, encouraging it to learn language-independent (multilingual) representations. In
reverse, the decoder takes a language ID embedding that specifies the language to generate,
which is concatenated to the input and sentence embeddings at every time step. The list of the
languages and number of sentences respectively used can be found in the paper of LASER
(Artetxe and Schwenk, 2019).

XLM-R is a Transformer based masked language model trained on 100 languages,
using 2TB of filtered CommonCrawl data (Conneau et al., 2020). As the authors report, XLM-R
significantly outperforms multilingual BERT(mBERT) on various cross-lingual benchmarks.
XLM-R heritages the architecture of XLM, only making slight modifications that improve
performance at scale. The used architecture is the Transformer model (Vaswani et al., 2017),
trained with multilingual MLM objectives using only monolingual data. The approach randomly
picks streams of text from each language and trains the model to predict the masked tokens in
the input. Sentence Piece subwork tokenization is used (Kudo and Richardson, 2018), and the
used vocabulary has 250K tokens. Table 5 presents the languages used in this work and the
number of sentences on each model training set.



Model fr (French) | de (German) en (English) kk (Kazakh) | hy (Armenian)

LASER 8.8M 8.7M 2.6M 4k 6k
(sentences)
XLM-R (tokens) 9.7k 10.2k 55.6k 476 421

Table 5: Number of sentences used on LASER and XLM-R for a given language. Note that XLM-R gives
the number of tokens which is approximated to sentences in the braces.

(Artetxe and Schwenk, 2019) present the number of sentences and (Conneau et al., 2020) the
number of tokens, so assuming that a sentence might contain a token, they still drastically
differ.

Of course, it is not just the size that matters, but the quality of the datasets; thus, it is
noteworthy that the dataset used for XLM-R is clean “CommonCrawl” (Conneau et al., 2020),
for LASER “Europarl,” “United Nations,” “OpenSubititles2018”, “Global Voices,” “Tanzil,” and
“Tatoeba” corpora are combined to form the final dataset (Artetxe and Schwenk, 2019). The
dataset used for LASER is not parallel in all directions (not all pairs exist in the corpus); they
picked bitexts aligned with two target languages, choosing English and Spanish for that
purpose.

3.3.1 Principal Component Analysis

Multilinguality in a broader sense means the model’s ability to group a given set of
sentences through semantics rather than languages. To get a visual understanding of how
multilingual LASER and XLM-R are, we present Principal Component Analysis (PCA) graphs. As
a “benchmark” representation, we exhibit Sentence Transformers results on the same set
(Reimers and Gurevych, 2019). Sentence Transformers have the same structure as the regular
Transformers, and they train the model by giving sentences as input. Unfortunately, there are
not so many pre-trained sentence language models available out there. Usually, the existing
ones are trained in few languages (2 or 3). We use T-systems already trained models taken from
their huggingface page. The data used to visualize are taken from huggingface’s provided
dataset package, from the “XNLI” problem’s train set by randomly picking 1k sentences to train
the PCA components on and 12 sentences to visualize.

Plots in Figure 3 represent that Sentence Transformer is making clusters on a sentence
level as well does LASER; meanwhile, XLM-R is clustering on a language level, which is
undesirable for multi-linguality. This can be seen when no center zero/normalize operation is
applied; the clusters are apparent. Nevertheless, when centering zero, the embeddings
language level clusters break, and the overall picture tends to form semantic level clusters



instead. The whole point of multilingual embedding is that its embeddings do not distinguish
between languages but share common vector space.

Principal Component 1
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Figure 3: Principal Component Analysis of embeddings extracted from Sentence Transformer, LASER,
and XLM-R on 3 languages (en, de, fr). Sentences are taken randomly from huggingfaces “datasets” ->
“xnli” -> “train” -> "premise”. 1200 sentences for training the PCA model, and 12 to visualize. Top left:
“T-Systems Sentence Transformer” trained on en, de, fr languages, top right: LASER, bottom left: XLM-R
with mean pooling, bottom right: XLM-R with mean pooling and embeddings centered zero.

From Plots in Appendix Figure 1 can be seen that; XLM-R with mean pooling makes
clear clusters of languages, even showing the closeness of kk (Kazakh) sentences in two



different corpora, en (English), fr (French), and de (German) lay closer, and hy (Armenian) is far
away from all the languages because of its structural and alphabetical differences. Things are
relatively not straightforward in LASER’s PCA; not clear clusters on language level nor
semantic. For XLM-R, after applying center zero operation, they make significant groups of
semantics, but noisy things prevail.

After all the resulting PCA’s, it is evident that center zero operation decreases the
distance between a pair of sentences by promoting multilingualism on average. For
high-resource languages (de, fr, en), multilingualism persists with LASER extracted embeddings
and diminishes for low-resource languages (hy, kk).
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Figure 4: Principal Component Analysis of embeddings extracted from LASER and XLM-R on
high-resource (de, fr) and low-resource (hy, kk) languages. Sentences taken for hy and kk are the first
900 sentences from each pair of languages used for scoring F1 and training; 12 sentences used for
plotting. For de and fr are taken randomly from huggingfaces “datasets” -> “xnli” -> “train” -> "premise”.
Top left: LASER for de and fr, top right: XLM-R for de and fr, bottom left: LASER for hy and kk, bottom
right: XLM-R for hy and kk.

As for Figure 4, it can be seen that LASER for de and fr gives significantly closer
embeddings, but it fails on hy and kk by giving embeddings with more considerable distances.



Meanwhile, XLM-R performs almost the same way both for de-fr and hy-kk pairs. However, it
provides fewer embeddings with a more considerable distance for hy-kk, compared with
LASER.

To conclude the obtained results for PCA pics, we can state that it is visually seen that
LASER performs great on high-resource languages and XLM-R for low-resource languages.
Still, we do not limit the experiments with only visual representations and calculate Distance
Matrices in the coming Section.

3.3.2 Distance Matrices

The Vecalign and the parasite share a common idea: to extract vector representations of each
sentence in a parallel document and construct their distance matrix by calculating the
distances between each pair(s) and corresponding the pair(s) with the lowest distance to each
other. The way of choosing the best matches in both algorithms can be either greedy or by
dynamic programming. As has been already mentioned the Vecalign uses LASER as the
multilingual pre-trained model for embedding extraction, and the parasite uses XLM-R. The
second significant difference is the cost function, which is used to score the distance of a given
source and target sentence pair, for which the Vecalign uses the cost function provided in
Section 3.2; meanwhile, the parasite records better results using Cosine distance over
Euclidean distance. To see how these scoring functions perform in our context, we present
distance matrices for the 3 distance measures over 2 language pairs: de-fr and hy-kk.

Figure 5 and Figure 6 show that XLM-R mostly gives homogeneous representations;
nevertheless, LASER starts to become biased when producing embeddings for low-resource
language pairs. Significantly being biased towards hy, it can be seen from the small rectangle
highlighted in the top left of the rectangle, which indicates that hy sentences have a lower
distance from themselves compared with kk sentences from themselves.
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Figure 5: Distance matrix construction, on both horizontal and vertical axes, is a concatenation of source
(de) and target (fr) sentence embeddings. From top to bottom, cosine, euclidean, and Vecalign’s custom
function. From the left are LASER obtained embeddings and from the right XLM-R with center-zero
normalization. Note: the colormap used is Matplotlb’s “seismic,” where blue indicates low value, white
medium, and red high.
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function. From the left are LASER obtained embeddings and from the right XLM-R with center-zero
normalization. Note: the colormap used is Matplotlb’s “seismic,” where blue indicates low value, white
medium, and red high.



The main diagonal, starting from the left top corner and finishing at the bottom right,
should always be highlighted and be 0 because that indicates the distance of each sentence
from it. The secondary diagonals are the ones indicating the space between two language
sentences. One of them starts from the middle of the top edge of the square and ends at the
middle of the right edge; this indicates the difference between source and target. The second
secondary diagonal starts from the middle of the left edge of the square and finishes at the
middle of the square’s bottom edge, which shows the difference between target and source
pairs. Because the distance operation is commutative, if a secondary diagonal is highlighted,
then the second one should also be seen.

Let’s look at the Vecalign score function produced distance matrices. We can see that
in the case of de-fr using LASER and XLM-R, the secondary diagonals are highlighted. XLM-R
slightly faded compared with LASER. Nevertheless, for hy-kk, LASER is left with only one; the
main diagonal and XLM-R still have secondary diagonals highlighted.

To give a quantitative representation of these relations, we measure the average similar
sentence and dissimilar sentences distances. The similar sentences lay on the secondary
diagonal; meanwhile, the dissimilar sentences occupy the area under the secondary diagonal.

It should be noted that the resulting distances are not comparable because of the range
they take. That is why they are presented in separate tables. The Cosine distance ranges from
0 to 1, Euclidean from 0 to some maximum possible discrepancy value, and the Vecalign score
distance from 0 to n*m (where n and m are the sources and target sentence lengths). We tried
to remedy the issue by normalizing the Vecaling.

LASER records higher distances when moving from high-resource to low-resource
language pair in the case of Cosine distance. Moreover, LASER is pretty stable for
high-resource pairs with significantly lower variance/std. XLM-R, meanwhile, is pretty stable of
language pair change. Almost the same picture is for dissimilar distance in XLM-R, plus gives
pretty good scores. For high-resource pairs, difference or separability is the same despite the
multilingual model. For LASER, the difference decreases by 37% when moving to a
low-resource pair. While in the case of XLM-R, the difference is not significant.

For Euclidean distance, LASER decreases score by 20% when moving to a
low-resource domain; meanwhile, XLM-R records an increase by 30%; however, the given
score for similars distance is lower on the de-fr dataset compared with the hy-kk set.
Interestingly, Vecalign score distance LASER and XLM-R do not significantly differ by their
difference value for the low-resource language pair, though LASER has significantly higher
variance. Nevertheless, again LASER drops its performance when moving to the hy-kk pair by
almost 46%.



It is noted that both Cosine and Euclidean distances are stable measures, which is not
the case for Vecalign score distance, where a random choice of sentences is used for
summations.

The full report of measurements can be found in Appendix Table 1, 2, and 3.

3.4 Alignment Scores

To compare LASER and XLM-R embeddings alignments using the Vecalign algorithm, we
picked 3 pairs of languages.

The first one was high-resource languages pair; de and fr, taken from Vecalign’s paper,
yearbook articles by the Swiss Alpine Club from the Text+Berg corpus. We obtained the
identical scores reported in Vecaling for LASER embeddings alignment for de—fr and
significantly lower score when using XLM-R.

The next pair was one high-resource (en) and one low-resource (kk) languages; we used
WMT19 new translation datasets provided by the organizers. We found the source of the
provided dataset and diversified the documents used in the test set from validation and training
sets. Made alignments from LASER and XLM-R extracted embeddings and compared them
with the given ideal test set. The set provided by the organizers was ideally clean and aligned.
We eventually obtained almost identical scores, with a slight advantage to XLM-R.

The last pair contained low-resource languages; hy and kk. The findings of parallel data
in these two languages were not an easy one. The one found was a report from the “Eurasian
Economic Union,” which was supposed to be clean and almost identical in all languages
because of being an official document. The kk version of that document we found from a
non-official source had some extra sentences (links to external articles). Despite this, there
were alignment problems, so though it was an official document, there were still differences, so
it was a perfect dataset to do experiments for this problem. The validation set is hand-aligned,
and the ladder file is manually created. The obtained results were remarkable; XLM-R exceeded
LASER by almost the same difference for de—fr. Table 6 presents the results of precision,
recall, and F, score for 3 pairs.



de—fr en—kk hy—kk

P R 3 P R F, P R F,

LASER 0.90 0.90 0.90 0.84 0.73 0.78 0.80 0.78 0.79

XLM-R 0.75 0.79 0.76 0.84 0.74 0.79 0.98 0.99 0.98

Table 6: Precision, Recall, and F, scores on de—fr (high-resource), en—kk (high and low-resources), and
hy—kk (low-resource) pairs corpus alignment, embeddings extracted from LASER and XLM-R models,
respectively.

F, score is known from statistical analysis of binary classification. It is obtained from the
precision and recall of the test. Precision intuitively can be defined as the number of selected
items relevant, and recall is the number of relevant items selected. F, varies between 0 and 1;
the larger, the better. So F, is given by the expression:
2
F =

-1 . .o—1
1 recall = + precision

Alignments in Vecalign are outputted in ladder-like format, and scoring is also done by
accepting gold/ideal alignment ladder-style file. To see what a ladder-style file looks like, let us
exhibit the parallel document in Table 1. After segmentation, the first sentence in English (the
title) will remain steady, but the word “OBJECTIVE” will appear in the second line; the
remaining will be the same as it appears in Table 1. So the ladder-style file for ideal alignment
for this document will be the following:

[0]:[1]
[1, 2]:[0]
[3]1:[1, 2]
[4]:[3]
[51:[4]

Table 7: Ladder-style file of Table 1 document.

In square brackets, the indexes of sentences are given; if there are more than two will be
separated by a comma and space. A block (the object surrounded by square brackets)
corresponds to another block, and they are divided by a colon from each other. If a block of
sentences does not match any block, the corresponding block should be empty.

We have also experimented with different variations of sentence embedding extraction
from tokens’ embeddings, such as using mean-pooling, max-pooling, using MLM head as the



representation of the sentence, adding an extra mask token, center zeroing/normalizing,
centering one sentence from another, etc. Based on those experiments, we continually used
XLM-R with mean pooling and center zeroing as the best performing method for sentence
embedding extraction. The full table of experiments can be found in Appendix Table 4.

3.5 Downstream Task

To show the effect of parallel data quality and the difference between LASER and XLM-R on
low-resource languages, we demonstrate a downstream task; NMT for en—kk pair.

The set used is taken from the WMT19 low-resource English—Kazakh translation task.
Organizers provide both the training and validation sets. The datasets have around 7700
sentences in the training set and 2100 in the validation set.

The Architecture used for this task is “transformer_wmt_en_de_big” with default
settings that we used for WMT20 training, using ADAM optimizer, without label smoothing, with
10 learning rate inverse square root learning rate scheduler. With the same approach for our
WMT20 submissions, the training was terminated if the validation loss did not improve for 5
consecutive epochs. The results are presented in Table 8.

It is worth mentioning that the choice of the dataset and the model is not the perfect
one. Because the dataset does not contain “sufficiently” many samples and the architecture is
immense, having 213M parameters makes it easy to overfit the model and/or not get a good
performance.

en—kk kk—en
Original 0.8 2.2
Vecalign aligned (LASER) 0.9 24
Vecalign aligned (XLM-R) 1.1 2.3

Table 8: Results of BLEU scores on official WMT19 en«<kk test set for our system. The original presents
the original data provided by the organizers (all the preprocessing steps are applied except alignment),
with no alignment applied on our side. The following records are the aligned results using LASER and

XLM-R embeddings.

Results show that Vecalign improves the BLEU score in both directions, whether using LASER
or XLM-R. The XLM-R pioneered in the en—kk direction; meanwhile, LASER scored a slightly
better BLEU score for the kk—en direction.



Compared with the previous year’s WMT participating model (“The NiuTrans Machine
Translation Systems for WMT19” Li et al., 2019), our systems recorded significantly lower BLEU
scores; 2.6 for en—kk direction and 10.1 for kk—en.

We explain this by the architectural difference. The NEU team’s architecture
outperforms the standard Transformer-Big significantly in translation quality and convergence
speed (Li et al., 2019). This architecture is a modification of the Transformer-Base, which has
around 65M parameters (Wang et al., 2019). Because the main purpose of this experiment was
not to outperform the NEU team’s results but to show the effect of alignment, we didn’t
continue training with their specified architecture.

Conclusion

This work represents the design of machine translation systems during the Summer internship
at YerevaNN and the more in-depth research on bilingual sentence alignment.

We described our submission for the WMT20 Biomedical Translation task, which
includes a new algorithm, “parasite,” for bilingual sentence alignment based on multilingual
language models. According to the human evaluation, we have recorded the best BLEU scores
in English—Russian directions according to the automatic evaluation and had strong results in
English<—Russian and English«German directions. These results were made possible because
of the parallel sentence alignment and the heavy preprocessing pipeline we used.

We investigated commonly used bilingual sentence alignment algorithms, presenting
their differences, both ideologically and computationally. We applied Vecalign, a recently
proposed alignment algorithm, on German«<French, English—Kazakh, and Armenian—Kazakh
language pairs and measured alignment accuracy while using LASER and XLM-R pre-trained
embeddings. We showed the advantage of XLM-R extracted embeddings for a low-resource
language pair over LASER. The advantage was further confirmed by PCA visualizations and
pairwise distance matrices of the sentence embeddings in various languages. Finally, we
trained machine translation systems using the obtained alignments to explore the effect of the
alignments on a downstream task.

The experiments performed in this work showed that in terms of bilingual sentence
alignment, LASER is getting worse on low-resource languages and low-resource (e.g.,
biomedical) domains of rich languages; meanwhile, XLM-R’s performance is relatively constant.

Most of the scripts written for these experiments can be found on:
https://github.com/HovhannesTamoyan/billingual sentence alignment,

https://qithub.com/HovhannesTamoyan/wmt20 biomedical scripts,
https://github.com/YerevaNN/parasite.



https://github.com/HovhannesTamoyan/billingual_sentence_alignment
https://github.com/HovhannesTamoyan/wmt20_biomedical_scripts
https://github.com/YerevaNN/parasite
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Figure 1: Principal Component Analysis of embeddings extracted from LASER and XLM-R on 5

languages (en, de, fr, kk, hy). Sentences taken for en, kk, and hy are the first 900 sentences from each

pair of languages used for scoring F1 and training; 12 sentences used for plotting. For de and fr are
taken randomly from huggingfaces “datasets” -> “xnli” -> “train” -> "premise”. Because there was no
pre-trained Sentence Transformer found trained on the low resources (kk, hy), it was impossible to

provide their visualization. Top left: XLM-R with mean pooling, top right: XLM-R with mean pooling and

embeddings centered zero, bottom left: LASER. Note: kk-en is the kk from en-kk set and kk-hy is kk
from hy-kk set.




Similars distance Dissimilar distance Difference
LASER 0.09 + (0.059) 0.52 £ (0.272) 0.43
de-fr
XLM-R 0.56 = (0.155) 0.99 = (0.511) 0.43
LASER 0.28 = (0.150) 0.44 = (0.263) 0.16
hy-kk
XLM-R 0.58 + (0.158) 0.97 + (0.506) 0.39

Table 1: The Cosine distance between source and target languages, using LASER and XLM-R extracted
embeddings. The similars’ distance shows the semantically close, but in different languages, sentences
mean. The dissimilar distance shows the semantically not close and in different languages sentences
mean. On the braces, the std of each list is given. The difference is the subtraction of dissimilar
distances from a similar distance. Note: the lower the similarities distance and the higher the dissimilar
distance, the better. The higher the difference between these two measures, the better.

Similars distance Dissimilar distance Difference
LASER 0.24 = (0.063) 0.64 = (0.325) 0.39
de-fr
XLM-R 1.73 = (0.629) 2.31 £ (1.235) 0.58
LASER 0.32 = (0.076) 0.41 £ (0.218) 0.08
hy-kk
XLM-R 2.26 = (1.013) 3.08 = (1.779) 0.82

Table 2: The Euclidean distance between source and target languages, using LASER and XLM-R
extracted embeddings. The similars’ distance shows the semantically close, but in different languages,
sentences mean. The dissimilar distance shows the semantically not close and in different languages
sentences mean. On the braces, the std of each list is given. The difference is the subtraction of
dissimilar distances from a similar distance. Note: the lower the similarities distance and the higher the
dissimilar distance, the better. The higher the difference between these two measures, the better.



Similars distance Dissimilar distance Difference
LASER 0.02 = (0.017) 0.16 + (0.085) 0.13
de-fr
XLM-R 0.09 = (0.027) 0.16 = (0.086) 0.07
LASER 0.12 = (0.055) 0.18 £ (0.104) 0.06
hy-kk
XLM-R 0.10 + (0.029) 0.16 + (0.088) 0.06

Table 3: The Vecalign score distance between source and target languages, using LASER and XLM-R
extracted embeddings. The similars’ distance shows the semantically close, but in different languages,
sentences mean. The dissimilar distance shows the semantically not close and in different languages
sentences mean. On the braces, the std of each list is given. The difference is the subtraction of
dissimilar distances from a similar distance. Note: the lower the similarities distance and the higher the
dissimilar distance, the better. The higher the difference between these two measures, the better.




Name pooling | mask_token_added | use_encoder | use_mim_head | center_zero P R F,
avg.without_encod avg 0.12 | 0.11 | 0.115
ing
max.without_enco max 0.40 | 0.44 | 0.422
ding
center_zero.avg.wi avg y 0.13 | 0.14 | 0.137
thout_encoding
center_zero.max.w max y 0.05 | 0.08 | 0.063
ithout_encoding
avg avg y 0.65 | 0.70 | 0.669
max max y 0.54 | 0.61 | 0.573
mask mask y y 0.66 | 0.70 | 0.677
center_zero.avg avg y y 0.75 | 0.79 | 0.769
center_zero.max max y y 0.18 | 0.26 | 0.210
center_zero.mask mask y y y 0.75 0.77 | 0.761
mask.use_mim_he mask y y y 0.62 | 0.66 | 0.640
ad
center_zero.mask. mask y y y y 0.73 | 0.74 | 0.735
use_mim_head
center_zero_by_la mask y y y by lang 0.51 0.58 | 0.542

ng.mask.use_mim
_head

Table 4: The sentence embedding construction from XLM-R given token embeddings. Note: y indicates

yes.




