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Abstract

As parallel corpora for low-resource languages are scarce, and automatic approaches to mine sentence pairs can lead
to noisy datasets, parallel sentence filtering aims to detect only actual translations. We study here two language pairs:
Upper Sorbian—-German and Czech—German to represent both high and low availability of data resources. To evaluate
filtering performance, we generate synthetic datasets by combining existing parallel corpora with synthetic non-parallel
pairs, notably with five types of local semantic changes on the German side, such as negation or modality transforma-
tions. We represent sentences using three multilingual language models, XLM-R, Glot500m, and LaBSE, and train
classifiers for the task. All three model representations led to worse filtering quality when pairs were altered more subtly,
such as an antonym replacement. We still observed that a language model pre-trained on the considered language
achieves more robust classification performance when sentence pairs are more ambiguous. We also evaluated a
cross-lingual approach where the classifier is trained on the Czech—German pair and then applied to the Upper Sor-
bian—German pair. Such a language transfer paves the way for filtering other low-resource language pairs in the future.

Keywords: parallel sentence filtering, language representation, low-resource languages

1. Introduction

Parallel corpora represent a crucial resource, as
they notably help improve the multilingual capabil-
ities of language models or the training of a ma-
chine translation system. Such datasets are widely
available for high-resource language pairs (e.g.,
English—-German), but become scarcer when they
involve low-resource languages. To address this
lack of large corpora, parallel sentence mining (or
bitext mining) aims to discover translation pairs from
two monolingual texts, ideally from a similar do-
main, such as news or Wikipedia articles. While
this can lead to massive multilingual corpora, such
as WikiMatrix (Schwenk et al., 2021), the automatic
extraction may also contain noisy pairs. This can
be critical, especially for low-resource languages,
as they negatively affect downstream performance
(Lin et al., 2025).

To tackle this issue, several WMT shared tasks
focused on the task of parallel corpus filtering, espe-
cially in low-resource conditions (Koehn et al., 2020;
inter alia). The objective is then to predict whether
a given sentence pair from a noisy corpus is a trans-
lation or not. One of the notable approaches trains
classification models to distinguish parallel from
non-parallel sentences, improving the quality of the
filtering and, hence, of the final bilingual corpus.

This article thus uses a classification approach
to study the task of parallel sentence filtering.
We focus on two language pairs: Upper Sor-
bian—German (HsB—DE) to represent a low-resource

data condition and Czech—German (cs—DE) for a
higher-resourced case. Recent shared tasks on
Machine Translation (Weller-Di Marco and Fraser,
2022; Okabe et al., 2025a) concentrate on the for-
mer language pair, underlining the current utility of
clean parallel corpora.

As no existing datasets fit our task (with sen-
tence pairs classified based on translation quality),
we created synthetic corpora: sentence pairs la-
belled as ‘parallel’ come from existing parallel cor-
pora, and ‘non-parallel’ pairs from randomly paired
monolingual sentences. As such random pairs ap-
peared too simple to detect, we also generated
more challenging non-parallel sentence pairs. We
follow the methodology of (Chen et al., 2023) and
newly extend it to our two non-English-centric lan-
guage pairs. This also gives us full control over the
type and proportion of noise in the pairs. In prac-
tice, we altered the sentences on the German side
with a set of five word-level replacements: antonym,
negation, modal verb transformations, as well as
entity and number replacements. We strove to give
a more balanced representation of all transforma-
tion types, contrary to (Chen et al., 2023).

We rely on a simple classification pipeline: first,
it encodes sentence pairs thanks to multilingual
language models (XLM-R (Conneau et al., 2020),
Glot500m (Imani et al., 2023), and LaBSE (Feng
et al., 2022)). Then, based on their representation
and the cosine similarity, we train standard classi-
fiers to predict a binary label. On clearly different
sentence pairs, high classification accuracy can
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be achieved with a reliable language model or a
strong classifier. As expected, our word-level trans-
formations made the dataset more complex for all
models.

Moreover, as Upper Sorbian is a low-resource
language but related to Czech, we devise and eval-
uate a cross-lingual strategy where we train on the
higher-resourced cs—bE pair and apply the clas-
sifier to the unseen HsB—DE. We investigate here
whether language transfer can help filtering when
parallel data is too scarce to train a classifier.

We aim to answer the following research ques-
tions, mainly for the low-resource Upper Sorbian—
German language pair:

* RQ1: How well are the language pairs rep-
resented in the multilingual space by the lan-
guage models for parallel sentence filtering?

+ RQ2: To what extent does the word-level per-
turbation introduced in the sentence impact
the classification quality?

*+ RQ3: Can a classifier trained on a better-
resourced language pair be used for a low-
resourced pair?

Our contributions are as follows: (i) we create a
synthetic classification dataset for parallel sentence
filtering with five sentence transformations, (ii) we
train and analyse standard classifiers to distinguish
parallel from non-parallel sentences based on the
sentence embeddings, and (iii) we evaluate the
robustness of the classifiers trained on the same
or related language pair. We publicly release the
created datasets alongside the code material.’

2. Related work

Two tasks aim to create parallel corpora automati-
cally, as they are less widely available compared to
their monolingual counterparts: parallel sentence
mining and filtering. They can be regarded as
successive steps: mining gathers sentence pairs,
which can then be filtered to obtain a higher-quality
corpus.

Parallel sentence mining The BUCC shared
tasks (Zweigenbaum et al., 2017, 2018) notably
studied the parallel sentence mining task. These
only considered high-resource pairs, such as En-
glish—-German, which prompted other works on
low-resource language pairs. Besides, submitted
or concurrent systems usually relied on bilingual
and static embeddings (Hangya and Fraser, 2019),
while later approaches use contextual representa-
tions as in (Artetxe and Schwenk, 2019a). Further

"https://github.com/TUM-NLP/
lr-parallel-sentence-classification/

works improved the sentence-level representation
of low-resource languages for the task using dis-
tillation and parallel sentences (Heffernan et al.,
2022; Tan et al., 2023) or post-processing methods
(Okabe et al., 2025b). All mining approaches rely
on a filtering process, which is usually based on a
similarity score to keep or discard sentence pairs.

Parallel corpus filtering The task of parallel cor-
pus filtering aims to improve the last step of the
mining pipeline or, more generally, the quality of
a bilingual corpus. The goal is to remove noisy
sentence pairs from an allegedly parallel corpus,
for instance, scraped automatically through mining.
Several editions of WMT shared tasks focused on
improving the quality of such corpora (Koehn et al.,
2018), specifically for low-resource languages and
pairs (Koehn et al., 2019, 2020; Sloto et al., 2023).
Methods based on multilingual pre-trained models,
such as LASER (Artetxe and Schwenk, 2019b), are
competitive approaches for the task (Chaudhary
et al., 2019). Parallel corpus filtering is frequently
treated as a classification task, with models trained
on clean parallel sentences and synthetic noisy
pairs (Xu and Koehn, 2017; Zaragoza-Bernabeu
et al., 2022). A sentence classification approach
can be used within a larger filtering pipeline, in com-
bination with other heuristics, such as language
identification or length ratio comparison. Finally,
our evaluation method also differs from the shared
tasks. They evaluate the quality of a filtered cor-
pus on the downstream machine translation perfor-
mance, while we only compute accuracy scores.

3. Language pairs and datasets

3.1. Two language pairs

The main language we study is Upper Sorbian (ISO:
hsb; Glottocode: uppe1395), a Slavic language
spoken in eastern Germany. It is classified as en-
dangered by Ethnologue (Eberhard et al., 2025)
and is considered low-resource in NLP according
to (Joshi et al., 2020), as it lies in the ‘scraping-bys’
(1) cluster.

The closest higher-resource language to Upper
Sorbian is Czech (cs; czec1258), also a Slavic
language. It is the official national language of the
Czech Republic and thus thrives in both data and
NLP tools in comparison.

As Upper Sorbian is a minority language in Ger-
many, we pair it with German (de; stan1295; a
Germanic language). This language pair was no-
tably considered by successive editions of Machine
Translation Shared Tasks at WMT (Fraser, 2020;
Libovicky and Fraser, 2021; Weller-Di Marco and
Fraser, 2022; Okabe et al., 2025a). Hence, we
focus on the following two language pairs in our
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case study: Upper Sorbian—German (HsB—DE) for
the low-resource scenario and Czech—German (cs—
pe) for the high-resource setting.

3.2. Original corpus creation

The central goal is to assess how well standard
classification models can distinguish parallel from
non-parallel sentence pairs based on sentence rep-
resentation. As such labelled datasets do not exist
for our two pairs, we construct a balanced dataset
with both categories. First, we combined parallel
sentences drawn from existing corpora and gener-
ated non-parallel sentence pairs in equal proportion.
To create this second category, we randomly match
sentences from an unrelated monolingual German
corpus. This widely used perturbation simulates a
misalignment during pairing.

Dataset source For the Upper Sorbian—-German
pair, we used the bilingual training corpus? from
the WMT 2022 Shared Task on Unsupervised MT
and Very Low Resource Supervised MT (Weller-
Di Marco and Fraser, 2022). The parallel corpus
for Czech—German comes from the EUBookshop
corpus® combined with the WikiMatrix corpus® in
OPUS (Tiedemann, 2012).

To create the non-parallel sentence pairs, we ran-
domly selected sentences from the German news
2024 monolingual dataset® in the Leipzig Corpora
Collection (Goldhahn et al., 2012).

Pre-processing We assume both initial paral-
lel corpora to be of high quality. Still, we pre-
processed them to create our synthetic datasets.
We filtered the sentences that were shorter than
10 words and that contained URLs or a large num-
ber of non-linguistic symbols (e.g., equations). We
also removed duplicated pairs and pairs that have
vastly differing lengths. Finally, we discarded non-
standard characters and formatting artefacts to nor-
malise the sentences.

3.3. Sentence transformation

Although the constructed datasets already con-
tain both positive and negative sentence pairs,
randomly paired sentences are often too simple

24SB-DE_train.tsv.gz; primarily news domain
https://github.com/mariondimarco/WMT22_
UnsupVeryLowResMT_Data/tree/main
Shttps://opus.nlpl.eu/datasets/
EUbookshop?pair=cs&de; V2.
4https://opus.nlpl.eu/datasets/
WikiMatrix?pair=csé&de; vl.
Shttps://corpora.uni-leipzig.de?
corpusId=deu_news_2024.

for the classification task. Other methods to cre-
ate noisy sentence pairs notably include shuffling
words within a sentence (Xu and Koehn, 2017;
Zhang et al., 2020), removing words or replacing
them with words of similar frequency (Zaragoza-
Bernabeu et al., 2022). We opt to create more chal-
lenging and realistic conditions by applying a set of
five sentence transformation techniques inspired
by (Chen et al., 2023).

We categorised the transformations into two main
strategies: (i) modifying causal and logical relations
within sentences, and (ii) replacing surface-level
tokens. Each transformation follows a two-step
procedure: first, candidate sentences are identified
using rule-based linguistic filters, and second, a
word-level change is applied to alter the sentence
meaning to varying degrees. Only sentences that
were actually modified are kept and labelled as
non-parallel examples.

The transformations are applied to the German
side of the actual parallel sentence pairs, while
keeping the corresponding sentence in the other
language unchanged, thereby constructing con-
trolled non-parallel examples. German is chosen
for transformation as it is a high-resource language
and thus features reliable NLP tools.

All German sentences were processed using
spaCy’s German pipeline model (Honnibal et al.,
2020) to perform tokenisation, Part-of-Speech tag-
ging, and Named Entity Recognition (NER). These
three annotations were essential to identify the
words to add, remove, or replace in our five trans-
formations. We notably needed to recognise adjec-
tives, verbs, auxiliaries, modal verbs, entities, and
numbers. Table 1 illustrates each transformation
type with example sentences.

Antonyms transformation We manually com-
piled a list of 145 frequently used German antonym
pairs based on standard German dictionaries and
replaced selected words with their opposites. For
example, ‘gut’ (good) was replaced by ‘schlecht’
(bad). The full list is provided in our GitHub reposi-
tory.

Negation transformation We apply negation to
the original German sentence by inserting the parti-
cle ‘nicht’ (not) for positive sentences in appropriate
positions. For instance, ‘Das Wetter ist schén’ (The
weather is nice) was transformed into ‘Das Wetter
ist nicht schén’ (The weather is not nice). Con-
versely, we also removed negation markers such
as kein and its variants to revert sentences from
negative to positive.

Modality transformation We created mapping
pairs to change the modal verbs: for instance, the
verb ‘kann’ (can) becomes ‘muss’ (must). As verbs
are also inflected in German, we list all the possi-
bilities in the conjugation for the modal verbs (e.g,
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transformation category

original sentence

transformed sentence

antonym transformation

Denke daran, was im Augenblick wichtig
ist!
Remember what is important right now!

Denke daran, was im Augenblick un-
wichtig ist!
Remember what is unimportant right now!

negation transformation

Das ist ein gutes Vorzeichen fur unsere
kiinftigen Beziehungen
This is a good sign for our future relations.

Das ist kein gutes Vorzeichen flr unsere
kiinftigen Beziehungen

This is not a good sign for our future rela-
tions.

modality transformation

Ich kann genauso gut Ski fahren wie mein
Bruder.
| can ski just as well as my brother.

Ich muss genauso gut Ski fahren wie mein
Bruder.
| must ski just as well as my brother.

entity replacement

Unsere besten Freundinnen stammen aus

Unsere besten Freundinnen stammen aus

Neudorf.

Our best friends come from Neudorf

Koln.
Our best friends come from Cologne

number replacement
Monate und 22 Tage!

I'm not too young, I'm 127 years, 2 months

and 22 days old!

Ich bin nicht zu jung, ich bin 127 Jahre, 2

Ich bin nicht zu jung, ich bin 15 Jahre, 26
Monate und 63 Tage!

I'm not too young, I'm 15 years, 26 months
and 63 days old!

Table 1: Examples of transformation categories with original and transformed German sentences.

‘kbénnten’ with ‘mdssten’, another tense from the
same verb pair). This ensures that the transformed
sentences remain grammatically plausible.

Entity replacement We replaced three cate-
gories of named entities: people, locations, and
organisations. We use the NER tool from spaCy
for German. For each sentence, we convert the
first occurrence of an entity with another name (or a
combination) from a pre-defined set. For example,
‘Berlin’ can be replaced with ‘Prag’ (Prague).

Number replacement  Similarly, we replace nu-
merical values with other numbers from a pre-
defined set. This also holds for spelt numbers or
numerals to have a similar yet different quantity on
the German side. For example, a sentence con-
taining the year 2020 could be changed to 2038.

3.4. Final datasets

After applying all sentence transformation and pre-
processing steps, we obtain four datasets for our
experiments, which differ in the nature of the non-
parallel pairs. We call the first type of dataset with
randomly matched sentences, original (HsB—DE and
Cs—DE, respectively), while the transformed variant
will be denoted with a trailing _TR (HSB—DE_TR and
Ccs—DE_TR). The complexity induced by linguistic
rules for word-level transformation constitutes the
main restriction on the dataset size.

Table 2 displays the total number of sentences.
We split each dataset into training (80%), valida-
tion (10%), and test (10%) sets. We ensure that
all sets contain an equal proportion of both labels.
Each transformed dataset consists of 15,000 sen-
tence pairs for the entity and number replacement

transformations, and 10,000 sentence pairs each
for the antonym, modality, and negation transfor-
mations. The difference in number stems from the
fewer available candidate sentences for these three
categories.

dataset parallel non-parallel total

HSB—DE 60,000 60,000 120,000
HSB—DE_TR 60,000 60,000 120,000
CS—DE 60,000 60,000 120,000
CSs—DE_TR 60,000 60,000 120,000

Table 2: Number of sentences in the final datasets.

4. Methodology

We present the classification pipeline in Figure 1.
First, we represent sentence pairs in the same mul-
tilingual space using pre-trained language models.
We then create a feature vector for a sentence
pair using dimensionality reduction and computing
the cosine similarity. Finally, we train classification
models to predict the binary label.

4.1.

We evaluate three multilingual language models.
XLM-RoBERTa base or XLM-R (Conneau et al.,
2020) is a multilingual pre-trained language model
covering more than 100 languages. Glot500m
(Imani et al., 2023) extends XLM-R with a train-
ing over 500 languages, specifically covering low-
resource ones. We also consider a state-of-the-
art sentence encoder, LaBSE (Feng et al., 2022),

Language models
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Input: sentence pair

Multilingual embeddings

(1) (2)

Cosine similarity PCA
calculation Dimensionality reduction

Feature construction:
(1) cosine similarity + (2) PCA

|

Supervised classification

|

Output:
parallel vs non-parallel

Figure 1: Base pipeline for parallel sentence filter-
ing as a classification task.

which is optimised for the sentence similarity and
translation retrieval tasks.

For XLM-R and Glot500m, sentence-level repre-
sentations are obtained by mean pooling over the
final-layer token embeddings. For LaBSE, we di-
rectly use the provided sentence-level embeddings.
We note here that, while German and Czech were
seen by all three models during their pre-training,
only Glot500m was trained on Upper Sorbian.

4.2. Dimensionality reduction

As the sentence embeddings are large (768 for all
three models), we normalised and reduced them
using Principal Component Analysis (PCA). We
perform dimensionality reduction here to decrease
the computational complexity for downstream su-
pervised classifiers, while focusing on the most
significant components in the multilingual space.

We choose to retain 95% of the original variance
and present the final number of dimensions in Ta-
ble 3. We note that applying PCA leads to vectors
of around 200 dimensions in most cases.

4.3. Classification setting

Sentence pair representation For each sen-
tence pair, we construct one feature vector F'
by concatenating the embeddings in the two lan-
guages after applying PCA and their cosine simi-
larity, as in Equation (1) for HsB—DE:

F = [PCA(Uhss) || PCA(Vpe) || Sim(Tnss, Uoe)] (1)

For example, if we consider the PCA component
numbers for XLM-R reported in Table 3, the em-
beddings are reduced to 234 dimensions for Upper
Sorbian and 262 for German, yielding a 234+262+1

model HSB—DE CS—DE

HSB DE CSs DE

original datasets
XLM-R 234 262 267 272
Glot500m 212 233 275 266
LaBSE 171 196 181 195
transformed datasets
XLM-R 235 256 260 262
Glot500m 177 200 205 260
LaBSE 169 185 186 200

Table 3: The number of PCA components retained
(95% variance) for each language model and cor-
pus.

= 497-dimensional feature vector including the co-
sine similarity score.

Classifiers We evaluate six standard classifiers
implemented in the scikit-learn library (Pedregosa
et al., 2011): Logistic Regression, Random Forest,
LightGBM, Support Vector Machine (SVM), XG-
Boost, and Multi-Layer Perceptron (MLP). We fine-
tune the hyperparameters on the HsB—DE dataset
and keep them fixed across all subsequent datasets
and experimental settings. Table 4 displays the fi-
nal values of hyperparameters for the classifiers.

classifier parameters

Logistic Regression max_iter = 1000

i _F
Random Forest n_estimators = 500

n_jobs = —1
_ n_estimators = 500

LightGBM learning_rate = 0.05
Linear SVM max_tier = 1000

dual = True

n_estimators = 500
XGBoost learning_rate = 0.05
LP hidden_layers = (128, 64)

max_iter = 400

Table 4: Classifier configurations tuned on the vali-
dation split of the HsB—DE dataset.

4.4. Evaluation method

We evaluated all the experiments with the usual Ac-
curacy, Precision, Recall, F1 score, and the Area
Under the ROC Curve (ROC-AUC) since we have a
standard classification task with balanced datasets.
However, we only report accuracy, which we con-
sidered to be the primary evaluation metric in the
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main part of the article. Experimental results are
displayed in Appendix A with all five metrics.

4.5. Cluster-based isotropy enhancement

HSB vs DE

HSB
DE

(a) Glot500m

HSB vs DE

HSB
DE

(b) Glot500m with CBIE

Figure 2: Parallel sentences in HsB and DE with
Glot500m before and after using CBIE.

We display 10,000 parallel sentence pairs
(20,000 sentences in total) for the HsB—DE language
pair using the PCA representation obtained with
Glot500m in Figure 2. The two languages are rep-
resented separately with the model; with LaBSE (in
Appendix B) we only see a small overlap between
the two clusters. Both seem to struggle to match
the two languages to a varying degree and hence
present anisotropy.

Cluster-Based Isotropy Enhancement (CBIE) is
known for tackling this issue for a set of multilin-
gual sentence representations (Rajaee and Pile-
hvar, 2021). First, it clusters the dataset, then
applies PCA to each, and removes the top prin-
cipal components. Hammerl et al. (2023) have
shown that CBIE substantially improves perfor-
mance on cross-lingual similarity and retrieval tasks.
Okabe et al. (2025b) also found that this trans-
formation noticeably helps increase parallel sen-
tence mining quality for low-resource pairs, includ-
ing Upper Sorbian—German. As shown in Figure 2,
CBIE significantly improves the alignment between
HsB—DE embeddings with overlapping distributions
for Glot500m.

Hence, we apply the CBIE post-processing
to the sentence embeddings of the transformed
dataset (_TR) before dimensionality reduction. Sub-
sequently, we perform 95% PCA on the CBIE-
adjusted representations when constructing the fea-
ture vectors for the sentence pairs. As the process
depends on the dataset, we apply it separately per
language and split.

4.6. Cross-lingual setting

As Upper Sorbian and Czech are related, we also
evaluate how effective a classifier trained on a
better-resourced and related language pair can be
for a low-resource pair. We examine cross-lingual
transfer between the Upper Sorbian—-German and
Czech-German datasets in both directions. In the
high-to-low setting, we train the classification model
on the cs—pE_TR dataset and evaluate directly on
the HsB—DE_TR test set (cs — HsB). The low-to-
high (HsB — cs) does the opposite. The former
enables us to answer our third research question,
while the latter, although not realistically needed,
aims to assess the extent to which the represen-
tation of the low-resource language impacts the
classification quality.

5. Results

5.1.

We first present our experimental choices for the
trained machine learning models and the classifi-
cation approach.

Preliminary experiments

5.1.1. Classifier comparison
classifiers XLM-R  Glot500m LaBSE
Logistic Reg.  78.90 74.72 99.66
Rand. Forest 86.14 89.11 98.37
LightGBM 92.14 95.34 99.50
Linear SVM 89.66 96.19 99.67
XGBoost 92.41 95.25 99.52
MLP 97.43 98.20 99.68

Table 5: Comparison of the six classifiers across
the three language models on the HsB—DE dataset.

Table 5 compares the results of the six classifiers
on the original HsB—DE dataset. We note that the
sentence representations from LaBSE are the most
robust overall, while the mean-pooled representa-
tions lag further behind. On average, Glot500m
leads to better accuracy values than XLM-R, thanks
to its pre-training on Upper Sorbian. Besides, all
three language models achieve their highest accu-
racy with the MLP classifier. Hence, we only report
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the results of MLP in the remaining sections; full
results are presented in Appendix A.

5.1.2. Filtering pipeline choice

model cos. similarity PCA  PCA+cos+MLP
XLM-R 54.73 62.72 97.43
Glot500 61.86 73.60 98.20
LaBSE 94.35 97.44 99.68

Table 6: Comparison of the three embedding mod-
els across three different experimental settings on
the HsB—DE dataset: cosine similarity baseline, PCA
without classifier, and PCA with MLP (our base
pipeline).

We compare three filtering settings on the
HSB—DE dataset to assess the effects of two compo-
nents in our pipeline: the PCA and the supervised
classifier. The first setting uses the raw sentence
embeddings of the models and directly computes
the cosine similarity for the final decision, without
employing any classifier. The second approach
carries out PCA on the embeddings and then per-
forms classification using cosine similarity and a
threshold. These two methods, hence, represent
an unsupervised approach, with no trained classi-
fier. The threshold is selected here to maximise
filtering quality on the validation split. The last set-
ting corresponds to our base pipeline (cf. Figure 1),
which combines PCA representations with cosine
similarity that are fed into a supervised classifier
for binary classification.

Table 6 shows that the supervised approach
(third column) performs the best across classifica-
tion settings, as expected. Moreover, LaBSE gives
the most robust representation, reaching accura-
cies above 90% consistently for all three pipeline
settings. We note that although using PCA re-
duced dimensionality, it improved the overall per-
formance on our dataset. Using the classifier fur-
ther enhanced the results, even compensating for
the weaker sentence representation of XLM-R and
Glot500. These results confirm the utility of the
components in our base pipeline (third setting).

5.2. Monolingual setting

5.2.1. Original vs transformed datasets

Table 7 presents the performance of the three lan-
guage models with our base pipeline across the
four datasets: the original and transformed ver-
sions of HsB—DE and cs—DE. The results show that
all models achieve high accuracy scores on the
original datasets (above 98%), while performance
drops noticeably on the transformed sentence pairs.
In the latter case, Glot500m outperforms the other

HSB—DE CS—DE
model

origin. transf. origin. transf.
XLM-R 97.43 87.60 98.98 80.10
Glot500m 98.20 89.98 98.80 83.71
LaBSE 99.68 78.37 99.32 74.93

Table 7: Classification accuracy with and without
sentence transformation on the HsB—DE and cs—DE
datasets.

two models in both language pairs. It sees the
smallest decrease in accuracy (around 9-15%)
compared to LaBSE (more than 20%), which was
the strongest option when the sentences were ran-
domly matched.

We note that the representations for both lan-
guage pairs seem sufficient to carry out our clas-
sification task, with high accuracies in the simple
and challenging scenarios. In the latter case, pre-
training on Upper Sorbian seems to help achieve a
more robust representation. This answers RQ1.

5.2.2. Details per transformation

transformation XLM-R Glot500m LaBSE

HSB—DE_TR
antonym 71.52 75.94 68.25
negation 96.57 96.72 80.40
modality 95.07 94.70 71.17
entity 75.46 83.76 91.10
number 95.03 95.96 83.36

CS—DE_TR
antonym 80.74 84.97 75.90
negation 81.05 85.14 76.01
modality 80.99 85.08 75.92
entity 80.06 84.29 74.94
number 80.10 84.36 75.05

Table 8: Accuracy (%) of language models across
the five sentence transformations on HsB—DE and
cs—-DE. Best results per transformation are in bold.

We further investigate how difficult each trans-
formation type is for the three language models in
Table 8. We observe that for the high-resource lan-
guage pair, all transformations seem to affect the
classification performance similarly, while the ac-
curacy values fluctuate more with the HsB—DE pair.
Some language models are more robust to certain
perturbations: LaBSE gives the most reliable sen-
tence representation on the entity replacement cat-
egory, while Glot500m outperforms it for the other
modifications. For instance, on the modality trans-
formation, it remains at 95%, which is around 24%
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above LaBSE’s score. We suppose that the named
entities are more challenging, as they may be rep-
resented similarly by word encoders that were not
explicitly trained to discriminate them. Therefore,
classification performance is impacted by our word
replacements, and low-resource languages are
more prone to variability, for which pre-training (cf.
Glot500m) can again help. This answers RQ2.

5.2.3. CBIE results (monolingual)

model HSB—DE_TR CS—DE_TR
Glot500m  69.74 (120.24) 63.32 (120.39)
LaBSE 58.18 (120.19) 58.34 (1 16.89)

Table 9: Accuracy with CBIE transformation on the
transformed HsSB—DE and cs—DE datasets.

We assess the impact of anisotropy of the mul-
tilingual representation on the classification qual-
ity by applying CBIE to sentence representations.
Since XLM-R and Glot500m gave similar trends,
we only present the results of Glot500m alongside
LaBSE. Table 9 shows that although we know CBIE
generally improves the language alignment, it does
not help the parallel sentence classification quality.
All accuracy scores drop significantly by around
20% on the transformed datasets. We hypothe-
sise that reduced anisotropy makes the task harder,
because the classifier actually relied on imperfect
language alignment.

5.3. Cross-lingual setting

5.3.1. Cross-lingual transfer
model CS — HSB HSB — CS
XLM-R 80.64 (1 6.96) 74.27 (15.83)
Glot500m  84.11 (1 5.87) 78.16 (1 5.55)
LaBSE 69.73 (18.64) 68.62 (16.31)

Table 10: Cross-lingual performance of the classi-
fiers on the transformed dataset without re-training
in both directions.

In the cross-lingual setting, we train the classifi-
cation model on a language pair (e.g., cs—DE) and
evaluate it on the other language pair (e.g., HSB—DE)
without re-training. Table 10 compares the classi-
fication performance on the transformed dataset
in both directions of language transfer. Glot500m
is the most robust model in both directions of this
setting, as it maintains its edge against the other
two models. We observe that all accuracy scores
are lower than in the (simpler) monolingual setting,
but the representation obtained with Glot500m is

the least affected. This seems to be thanks to its
pre-training on Upper Sorbian, which helps with
cross-lingual transfer in the classification task. Al-
though the HsB — cs direction is purely experimen-
tal, the decrease in accuracy is of comparable level
in all settings. This seems to suggest that poorer
language representation quality did not greatly af-
fect classification performance, probably because
of the quality of the Czech representation. To an-
swer RQ3, a reliable approach seems to be to use
a language model pre-trained on the low-resource
language (as in Glot500m) when training a classi-
fier only on a high-resource and related language
pair.

5.3.2. Details per transformation

XLM-R Glot500m LaBSE
high to low: cs — HsB

transformation

antonym 58.42 54.09 62.50
negation 92.83 93.65 76.93
modality 93.23 90.95 61.63
entity 66.60 66.13 79.83
number 90.47 89.93 67.87
low to high: HsB — cCs
antonym 76.16 78.98 69.30
negation 76.59 78.99 69.13
modality 76.36 78.85 69.10
entity 76.68 78.81 67.87
number 76.69 78.91 69.35

Table 11: Accuracy (%) of language models across
various sentence transformations on HsB — cs and
Cs — HsB. Best results per transformation are in
bold.

Table 11 presents the classification accuracy per
transformation. As in the monolingual setting, the
variance is high when the (test) language is low-
resource, compared to a high-resource pair. We
notably see that Glot500m is the best approach on
the HsB — cs direction for all five transformation
types. Besides, accuracy remains within the same
range for a given model, suggesting that the word-
level perturbations do not impact the classification
performance more in the cross-lingual setting.

In the (main) opposite direction, Glot500m loses
its edge against the other two models for certain
transformations, but remains the overall best ap-
proach. It is indeed the only language model pre-
trained on all three languages involved. We notably
see a larger drop for the antonym transformation
comparatively. Besides, LaBSE remains the best-
performing model for the entity transformation, as
in the monolingual setting.
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5.3.3. CBIE results (cross-lingual)

model

Glot500m  58.62 (125.49)
LaBSE  57.87 (111.86)

CS — HSB HSB — CS

64.20 (113.96)
55.74 (112.88)

Table 12: Cross-lingual classification performance
with CBIE transformation applied on the trans-
formed HsB—DE_TR and cs—DE_TR datasets.

As in the previous section, we also evaluate the
influence of CBIE in the cross-lingual setting in
Table 12, when applied to both the training and
test sets. We observe the same trend as in the
monolingual experiment: CBIE transformation does
not help improve the classification performance
and leads to a decrease in accuracy for all settings.
The drop, however, is smaller in the cross-lingual
setting, especially for HsB — cs. Only Glot500m
on the cs — HsB direction suffers more than in the
monolingual setting; the pre-training alone does
not seem to suffice here.

6. Conclusion

We considered parallel sentence filtering as a
classification task, where we train a model to
distinguish parallel from non-parallel sentence
pairs. We created synthetic balanced corpora
from existing parallel sentences in two non-English-
centric language pairs: Upper Sorbian—German
and Czech—German. Beyond randomly matching
sentences, we also applied five types of word-level
transformations to sentences to obtain non-parallel
pairs.

We find that the multilingual models we choose
can correctly distinguish parallel from clearly non-
parallel sentence pairs (original dataset), but strug-
gle with the dataset we synthetically corrupt (trans-
formed dataset). We note that the drop in per-
formance can be slightly mitigated by a better
language representation, i.e., with dedicated pre-
training, as it was the case with Glot500m on HsB—
DE_TR. Yet, without a stronger encoding capability
(as in LaBSE), the classification task is more prone
to variability depending on the injected ambiguity.
Besides, CBIE, which is known for improving mul-
tilingual alignment, did not help the classifier and
actually made the task harder.

Furthermore, we explored a cross-lingual trans-
fer scenario for the classifier, notably training it
on the high-resource pair and applying it to the
low-resource pair. Despite the drop in accuracy,
we see that classification performance remains
relatively high, even on the more complex trans-
formed dataset. Here again, pre-training on the
low-resource language proved helpful.

Future work naturally includes an extension to
more languages to assess the stability of our re-
sults. The cross-lingual setting also enables us to
carry out parallel sentence filtering on pairs where
classifiers cannot be directly trained due to a lack
of data. Related languages from the same lan-
guage family (as it was the case for Upper Sorbian
and Czech) are the straightforward option in such
cases; we could also rely on locally dominant and
better-resourced languages.

7. Limitations

Our main limitation comes from the small language
coverage, as we focused on only one low-resource
(HsB—DE) and one better-resourced (cs—DE) lan-
guage pairs. Although this restricts the scope of
the findings, we aimed to evaluate the language
representation along with the classification capac-
ity in a controlled environment. We hope that this
work will foster further studies on a broader range
of languages to assess the robustness of our re-
sults. A related point is that the classification ac-
curacy is bound by the datasets we chose: due to
data scarcity on the low-resource side, we could
not test over varying domains. Nevertheless, the
cross-lingual setting features a domain mismatch
in terms of both language and content.

Moreover, our experiments only rely on synthetic
noise, primarily targeting semantic and logical con-
sistency. This setting may not fully reflect the diver-
sity of noise in real-world mined corpora. Yet, as the
difference lies in one word within the full sentence,
it represents a more subtle and, hence, challeng-
ing setup. Additionally, while we demonstrate high
classification accuracy on our synthetic dataset,
the direct impact of this filtering on downstream
Machine Translation (MT) performance remains to
be quantified.

Furthermore, this study focused on standard clas-
sifiers, while more advanced models exist. Our
goal was to observe both the quality of the repre-
sentation of a language pair and the classification
performance itself. Our base pipeline results from
a trade-off from that perspective. Besides, for well-
resourced pairs, such as Czech—German, more
data could have been considered for training to
evaluate their robustness across domains and lan-
guages.
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HSB vs DE

(a) LaBSE

HSB vs DE

(b) LaBSE with CBIE

Figure 3: Parallel sentences in HsB and DE with
LaBSE before and after using CBIE transformation.

A. Full classification results

Tables 13 and 14 present the full classification re-
sults on the HsB—DE and HSB—DE_TR datasets for
all six classifiers and five evaluation metrics.
Table 15 displays the full classification results
on the cross-lingual experiments (HsB — c¢s and
cs — HsB) with four classifiers and all five metrics.

B. CBIE transformation for LaBSE

Figure 3 displays the visualisation for parallel sen-
tences in Upper Sorbian and German obtained with
LaBSE, before and after appling CBIE.

8894


https://doi.org/10.18653/v1/2020.acl-main.756
https://doi.org/10.18653/v1/2020.acl-main.756
https://doi.org/10.18653/v1/W17-2512
https://doi.org/10.18653/v1/W17-2512
https://doi.org/10.18653/v1/W17-2512
http://www.lrec-conf.org/workshops/lrec2018/W8/pdf/12_W8.pdf
http://www.lrec-conf.org/workshops/lrec2018/W8/pdf/12_W8.pdf
http://www.lrec-conf.org/workshops/lrec2018/W8/pdf/12_W8.pdf
http://www.lrec-conf.org/proceedings/lrec2012/pdf/327_Paper.pdf
http://www.lrec-conf.org/proceedings/lrec2012/pdf/327_Paper.pdf
http://www.lrec-conf.org/proceedings/lrec2012/pdf/327_Paper.pdf
https://aclanthology.org/L12-1246/
https://aclanthology.org/L12-1246/
https://aclanthology.org/2022.wmt-1.73/
https://aclanthology.org/2022.wmt-1.73/
https://aclanthology.org/2022.wmt-1.73/

Model Classifier Accuracy Precision Recall F1 ROC AUC

LogReg 78.91 7430  88.40 80.74  88.26
RF 86.14 83.89  89.47 8659  93.95
wLM.R  LGBM 92.14 91.34 9312 9222  97.84
SVM 89.67 87.92 9197 8990  96.28
XGB 92.42 91.93  93.00 9246  97.83
MLP 97.43 96.92  97.98 97.45  99.65
LogReg 74.73 6897  89.88 78.05 85.15
RF 89.12 8722 9167 8939  95.81
Glotsoom  -GBM 95.34 9466 9610 9538  99.13
SVM 96.19 9558  96.87 96.22  99.27
XGB 95.26 9463 9597 9529  99.02
MLP 98.21 97.41 99.05 98.22  99.75
LogReg 99.67 99.60  99.73 99.67  100.00
RF 98.38 98.19 9857 98.38  99.90
lapsgE  LGBM 99.51 99.58  99.43 9951  99.99
SVM 99.68 99.62  99.73 99.68  99.99
XGB 99.53 9955 9950 99.52  99.99
MLP 99.68 99.63  99.72 99.68  99.99

Table 13: Full classification results of Table 5 (on the HsB—DE dataset) for the six classifiers.

Model Classifier Accuracy Precision Recall F1 ROC AUC
LogReg 80.31 73.99 93.46 82.59 80.31
RF 77.44 71.26 91.96 80.30 77.44
XLM-R LGBM 84.37 79.11 93.40 85.67 84.37
SVM 82.58 77.07 92.75 84.19 82.58
XGB 84.58 79.83 92.53 85.71 84.58
MLP 87.60 83.71 93.38 88.28 87.60
LogReg 82.00 74.86 96.37 84.26 82.00
RF 80.61 75.46 90.73 82.39 80.61
Glot500m LGBM 86.56 82.85 92.20 87.38 86.56
SVM 85.27 79.47 95.12 86.59 85.27
XGB 86.39 81.15 94.79 87.40 86.39
MLP 89.98 87.67 93.05 90.28 89.98
LogReg 71.51 68.31 80.23 73.80 71.51
RF 69.83 67.52 76.41 71.69 69.83
LaBSE LGBM 74.23 72.16 78.90 75.38 74.23
SVM 69.75 66.52 79.51 7244 69.75
XGB 74.72 72.98 78.52 75.65 74.72
MLP 78.37 76.31 82.28 79.18 78.37

Table 14: Classification results on the HsB—DE_TR dataset with the six classifiers.
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Model Classifier Accuracy Precision Recall F1 ROC AUC

LGBM 74.78 75.94 72.53 74.20 74.78
XLM-R SVM 75.43 75.08 76.12  75.59 75.43
XGB 74.81 76.28 72.00 74.08 74.81
MLP 74.27 79.64 65.20 71.70 74.27
LGBM 78.71 76.91 82.05 79.40 78.71
Glot500m SVM 79.73 76.81 85.17 80.77 79.73
XGB 78.84 75.07 86.37 80.32 78.84
MLP 78.16 76.54 81.20 78.80 78.16
LGBM 65.54 63.44 73.35 68.04 65.54
LaBSE SVM 65.63 69.46 55.77 61.87 65.63
XGB 65.85 64.38 70.97 67.51 65.85
MLP 68.62 72.33 60.30 65.77 68.62
(a) HsB — cs
Model Classifier Accuracy Precision Recall F1 ROC AUC
LGBM 80.67 74.65 9285 82.77 80.67
XLM-R SVM 78.81 72.04 94.17 81.63 78.81
XGB 79.93 73.31 9412 8242 79.93
MLP 80.64 74.86 92.26 82.66 80.64
LGBM 84.15 80.57 90.00 85.02 84.15
Glot500m SVM 82.12 83.71 79.77 81.69 82.12
XGB 83.95 78.87 92.76  85.25 83.95
MLP 84.11 79.43 92.04 85.27 84.11
LGBM 67.85 63.86 8224 71.89 67.85
LaBSE SVM 65.25 61.26 82.98 70.48 65.25
XGB 66.89 62.39 85.02 71.97 66.89
MLP 69.73 64.87 86.06 73.97 69.73

(b) cs — HsB

Table 15: Full classification performance on the HsB — cs and cs — HsB datasets using three language
models and four classifiers.
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