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Abstract

In this paper, we propose a text filter designed
to support multiple languages. The method sim-
ply aggregates vocabulary from a monolingual
corpus and compares it against the input. De-
spite its simplicity, the approach proves highly
effective in removing code-mixed text. When
combined with existing language identification
techniques, our method can enhance the purity
of the corpus in the target language. Conse-
quently, applying it to parallel corpora for ma-
chine translation has the potential to improve
translation quality. Additionally, the proposed
method supports the incremental addition of
new languages without the need to retrain those
already learned. This feature easily enables
our method to be applied to low-resource lan-
guages.

1 Introduction

Multilingual models are becoming increasingly
common because neural models can process mul-
tiple languages using a single model (Johnson
et al., 2017). For example, encoder-based mod-
els include multilingual BERT (mBERT; Devlin
et al., 2019) and XLM-RoBERTa (XLM-R; Con-
neau et al., 2020), while encoder-decoder mod-
els feature multilingual BART (including mBART-
50; Liu et al., 2020; Tang et al., 2020). In addi-
tion, decoder-only models, which are commonly
referred to as large language models (LLMs), such
as Llama 3, Qwen, and GPT-oss also support mul-
tiple languages.

However, the multilingual corpora used to train
these models are inherently noisy, as they are often
acquired automatically from web sources. For in-
stance, Briakou et al. (2023) reported that even in
well-cleaned monolingual training data for LL.Ms,
approximately 1.4% contained a mixture of other
languages. To remove such undesirable data, filter-
ing is essential. However, corpora often include lan-
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guages that even the dataset creators cannot com-
prehend, and automatic processing is necessary.

Language identification is an effective approach
for excluding non-target languages from corpora
(see Section 2.2 for details). However, conventional
methods often fail to remove texts that contain seg-
ments of other languages, which are referred to as
code-mixed texts in this paper, when the proportion
of those languages is relatively small.

In this paper, we propose a monolingual filter-
ing method designed to support multiple languages.
The proposed approach performs token-level iden-
tification in a straightforward manner by matching
against automatically acquired vocabulary. We ap-
ply this method to parallel corpora that include
alignment scores or have been pre-filtered using
alternative techniques, and demonstrate that it im-
proves machine translation quality.

Our proposed method is particularly effective in
removing code-mixed texts. By using corpora with
fewer code-mixed instances for model training,
systems can generate more consistent language,
thereby improving machine translation quality.

Furthermore, new languages can be added incre-
mentally, as the approach only requires tokenizing
monolingual corpora of the target language and ag-
gregating tokens to construct the vocabulary. This
eliminates the need to retrain previously learned
languages. For low-resource languages, an inde-
pendent filtering method is particularly valuable,
since major language identifiers may not reliably
support them.

The remainder of this paper is organized as fol-
lows. Section 2 introduces related work, including
multilingual corpus filtering and language identi-
fication. Section 3 provides a detailed description
of the proposed method. Section 4 presents ex-
periments on parallel corpus filtering and machine
translation evaluation to validate the effectiveness
of the proposed approach. Finally, Section 5 con-
cludes the paper.
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2 Related Work

2.1 Multilingual Corpus Filtering

Many multilingual corpora are collected from
the web. Data obtained from sources other than
Wikipedia are typically filtered using language
identification and other techniques. In this section,
we first summarize methods for filtering multilin-
gual corpora.

2.1.1 Collection of Monolingual Corpora

CC-100 is a collection of monolingual corpora cov-
ering 100 languages (Conneau et al., 2020). It was
constructed following the procedure used for build-
ing the CCNet corpus (Wenzek et al., 2020). The
procedure can be summarized as follows:

1. The collected web pages are deduplicated at
the paragraph level.

2. A fastText-based language identifier (Joulin
et al., 2016; Bojanowski et al., 2017) is used
to detect the language of each page, and pages
with low identification scores are removed.

For 48 high-resource languages, language
models are trained for each language to com-
pute paragraph-level perplexity (PPL). Para-
graphs with high PPL values are discarded,
with thresholds determined individually for
each language based on its PPL distribution.

To summarize, filtering is performed based on
language identification scores at the page level and
perplexity derived from language models at the
paragraph level. Because both scores reflect the
overall unit, texts containing code-mixing are not
removed if the proportion of other languages is
minimal.

2.1.2 Parallel Corpora

CCMatrix (Schwenk et al., 2021b) and WikiMatrix
(Schwenk et al., 2021a), both multilingual parallel
corpora, were constructed following nearly identi-
cal procedures.

1. Monolingual filtering was carried out in the
following steps: 1) paragraphs were extracted
from the CCNet corpus, 2) sentences were seg-
mented, 3) duplicate sentences were removed,
and 4) languages were identified using fast-
Text (Grave et al., 2018) and langid.py (Lui
and Baldwin, 2012).
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2. Next, sentence alignment was carried out to
build the parallel corpus. In CCMatrix, sen-
tence embeddings were generated with the
LASER model (Artetxe and Schwenk, 2019),
and cross-lingual matches were identified us-
ing FAISS index search (Douze et al., 2025).

The NLLB corpus (NLLB Team et al., 2022)
was constructed in a manner similar to CCMatrix.
Monolingual filtering involved 1) language iden-
tification, 2) sentence segmentation, and 3) dedu-
plication. Sentence alignment was then performed
using scores derived from the LASER 3 model. In
addition, heuristic filters based on sentence length
and the proportion of symbols or numbers were
applied.

While sentence alignment plays a key role in
constructing parallel corpora, language identifica-
tion is central to processing monolingual data. In
this paper, we focus on monolingual filtering.

2.1.3 Parallel Corpus Filtering / Data
Curation Task in WMT

The Conference on Machine Translation (WMT)
organized shared tasks on parallel corpus filter-
ing from 2018 to 2020 (Koehn et al., 2018, 2019,
2020). In these tasks, participants filtered noisy
parallel corpora provided by the organizers and
trained Transformer-based encoder-decoder mod-
els (Vaswani et al., 2023). Translation quality
was then evaluated by the organizers. The tar-
get languages varied by year: in 2018, the focus
was on a high-resource pair, German-English (De-
En), while in 2019 and 2020, the focus shifted to
low-resource pairs such as Nepali-English (Ne-En),
Sinhala-English (Si-En), Pashto-English (Ps-En),
and Khmer-English (Km-En).

The approaches adopted by participants in the
2020 shared task can be summarized as follows
(Koehn et al., 2020): For monolingual processing,
filtering involved 1) pre-filtering based on sentence
length and character types, 2) language identifica-
tion, and 3) language model scoring. For parallel
processing, filtering relied on 4) LASER scores, 5)
bidirectional cross-entropy between source and tar-
get languages, and 6) word-level translation scores.

In the WMT-2023 parallel data curation task
(Sloto et al., 2023), Steingrimsson (2023) em-
ployed three language identification tools and dis-
carded sentences where fewer than two out of three
agreed.

To summarize, language identification and lan-
guage model scores are central to monolingual fil-



Note

Multiclass classifier based on skip-gram

Naive Bayes classifier based on a determin-

Grave et al. (2018); Joulin
et al. (2016); Bojanowski
etal. (2017)

Lui and Baldwin (2012)

Multiclass classifier based on a feed-
forward neural network; the language is

Multiclass classifier based on a feed-
forward neural network that averages char-

Bidirectional RNN classifier that identifies
the language character by character from

Unit Type ~ Name #Langs. Description
Sentence / fastText! 176
Text (Mikolov et al., 2013).
langid.py? 97
istic finite automaton
Token / CMX 100
Character
identified at the token level
CLD3? 107
acter n-gram inputs
LanideNN 131
character embeddings
Equilid* 70

Three-layer neural network that identifies

Zhang et al. (2018)
Google Chrome browser
plugin.

Kocmi and Bojar (2017)

Jurgens et al. (2017)

the language token by token

Table 1: Summary of language identification.

tering. In practice, several language identifiers can
be used in combination.

2.2 Language Identification

As noted in the previous section, language identifi-
cation plays a central role in monolingual filtering.

Table 1 provides an overview of language iden-
tification methods. Almost all of the proposed ap-
proaches are learning-based and do not rely on
manually crafted rules or dictionaries. These meth-
ods can be broadly categorized into two types: 1)
sentence- or text-level identification and 2) token-
or character-level identification.’

When sentence- or text-level language identifiers
are used, code-mixed texts may be misclassified
as the target language if the proportion of mixed
content is small. In contrast, token-level identifiers
determine the language at the token level, enabling
filtering based on aggregated token-level results
(Zhang et al., 2018). Since our proposed method
adopts token-based identification, it is effective for
handling code-mixed texts.

"https://fasttext.cc/docs/en/
language-identification.html

2https ://github.com/saffsd/langid.py

Shttps://github.com/google/cld3

4https ://github.com/davidjurgens/equilid

SUnfortunately, we were unable to validate the perfor-
mance of the token-level identifiers, as they were either diffi-
cult to obtain or no longer functional due to outdated imple-
mentations.

39

Monolingual
Corpus

| Unsupervised Subword Tokenizer |

]
Matcher

Valid
Vocabulary V

Filtered
Corpus

Adding up

Vocabulary

Figure 1: Structure of the proposed method.

3 Proposed Method

The proposed approach employs a binary classi-
fier for each language. It automatically extracts
vocabulary from a monolingual corpus, performs
token-level identification by matching input tokens
to the vocabulary, and applies filtering to remove
invalid sentences. The overall architecture is illus-
trated in Figure 1. Training and filtering follow the
steps outlined below.

Training

1. The monolingual corpus is tokenized into sub-
words. Although it is preferable for the corpus
to contain only the target language, a certain


https://fasttext.cc/docs/en/language-identification.html
https://fasttext.cc/docs/en/language-identification.html
https://github.com/saffsd/langid.py
https://github.com/google/cld3
https://github.com/davidjurgens/equilid

level of noise is acceptable, as discussed later.
Therefore, web texts automatically collected
using other language identifiers can be uti-
lized.

For subword tokenization, we employ Sen-
tencePiece (Kudo and Richardson, 2018), an
unsupervised tokenizer trained on the corpus.

Subword tokens are collected, sorted by fre-
quency, and stored as a vocabulary.

Filtering

3. Load the vocabulary constructed in Step 2. To
ensure coverage within the vocabulary limit
V L, retain only the most frequent subwords
and define them as the valid vocabulary V.
Low-frequency subwords are excluded, as
they typically represent noise.

4. The noisy corpus to be filtered is tokenized
into subwords using the same tokenizer as in
Step 1.

5. Match tokens against the valid vocabulary.

6. Sentences whose valid token ratio, the propor-
tion of tokens contained in the valid vocabu-
lary, is below the threshold T'R are discarded
as noise, while the remaining sentences are
retained.

Specifically, sentences satisfying the condi-
tion of the filter function vocabFilter(W) are
output as the filtering result:

- match(w;
vocabFilter(W) = W
> TR,
1 ifweV
match(w) = ,
0 else

where W and w; denote the sentence to be
identified and the i-th token in W, respec-
tively.

The proposed method has the following charac-
teristics.

e In the overall framework, the proposed
method effectively filters code-mixed texts by
aggregating token-level identifications. This
can be achieved by setting the threshold T'R
to a relatively high value.
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* The proposed approach employs a language-
specific binary classifier. In contrast to multi-
class classifiers, which may require retraining
on all languages when adding a new one, our
method only constructs a binary classifier for
the target language. This enables incremen-
tal addition of languages without reprocessing
existing ones.

Regarding the valid vocabulary, even if the
monolingual corpus used for vocabulary ac-
quisition contains noise, language identifica-
tion remains feasible because function words
dominate the top of the vocabulary hierarchy,
content words occupy the middle, and noise
tends to appear at the bottom (Table 2).

The proposed method resembles filtering
based on unigram language models. How-
ever, language models often assign low prob-
abilities to content words, even in grammat-
ically correct sentences. In contrast, our ap-
proach benefits from subword-level identifi-
cation, allowing recognition of content words
even when the full word is absent from the
valid vocabulary.

Table 2 presents examples of valid vocabular-
ies for German and Pashto obtained from the ex-
periments described in the next section (English
and Khmer vocabularies are provided in Appendix
A). Although the total vocabulary size differs sub-
stantially across languages, two common patterns
emerge: 1) symbols and function words, which con-
stitute a large portion of each language, dominate
the upper ranks; and 2) the lowest ranks consist
almost entirely of noise, often including tokens
from other languages. Consequently, removing the
lower-ranked subwords yields the valid vocabulary
for each language.

The vocabulary limit (VL) is defined as the
threshold that separates valid subwords from in-
valid ones. In this study, V' L was determined based
on the cumulative coverage ratio, set to 99.5%. The
resulting valid vocabulary sizes are 20,927 for En-
glish, 21,342 for German, 6,210 for Pashto, and
12,602 for Khmer. Subwords near this threshold
often correspond to fragments of content words,
making their classification inherently uncertain. To
address this, we relax the token ratio threshold
(T'R) during the final filtering step, allowing for
minor inconsistencies. In this work, T'R is set to
0.9.



Cumulo- Cumulo-

Order Subword  Frequency coverage Order Subword  Frequency coverage

1 597M 3.71% ) ( 1, 6,789K 6.51%

2 , 566M 7.23% 2 4 3,282K 9.66%

3 _und 276M 8.95% 3 2,198K 11.77%

4 : o0 0,

i _die 245M 10.470/ >Va|id 4 2,131K 13.81%

en 243M 11.98% Vocabulary 5 S 1,767K 15.50%

21340 Wikipedia 13,937 99.49% 6208 |} 266 99.49%

21341 teis 13,936 99.49% 6209 < 265 99.49%

;1222 __oxid 13,936 99.49% J \ 6210 S5 265 99.49%

S1a4 _I\/Ialo 13,935 99.50% 6211 bg_ 265 99.50%

o 408 13,935 99.50% 6212 gu_ 265 99.50%

ARS 13,934 99.50% 6213 i 265 99.50%

110927 A 1 100.00% 3347:-3 1 100.00%
110928 L 1 100.00% 33474 U 1 100.00%
110929 ey 1 100.00% 33475 3 1 100.00%

(a) German vocabulary

(b) Pashto vocabulary

Table 2: Examples of German and Pashto vocabularies obtained from the experiments in Section 4. Subwords
contributing to a cumulative coverage of 99.5% were retained as the valid vocabulary.

4 Experiments

In this study, we refer to the proposed approach as
‘vocabFilter’. Its effectiveness is evaluated based
on machine translation quality using a filtered cor-
pus.

4.1 Experimental Settings
4.1.1 vocabFilter Settings

We used CC-100 (Conneau et al., 2020) as the
monolingual corpus for vocabulary acquisition.

We employed SentencePiece (Kudo and Richard-
son, 2018) as the tokenizer. The tokenizer model
used in this study is the same as that adopted in
the pretrained models mBART (Liu et al., 2020)
and XLM-R (Conneau et al., 2020). This is the
Unigram model of SentencePiece, which supports
100 languages and contains a vocabulary of approx-
imately 250K subwords. Imamura and Utiyama
(2024) reported that this model yields a low rate of
unknown (UNK) tokens.

We set the hyperparameters to V' L = 0.995 and
TR=0.9.

4.1.2 Parallel Corpus Filtering Task

We evaluated our approach following the parallel
corpus filtering task of WMT. For this task, the or-
ganizers provided a noisy bilingual corpus together
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Lang. Noisy Corpus Selected Corpus

Pair #Sents. #Tokens #Sents. #Tokens
De-En 104M 1.0B - 100M
Ps-En 1.02M 11M - 5.0M
Km-En 4.17M 58M - 5.0M

Table 3: Parallel corpora used in the experiment.

with sentence-level alignment scores (Table 3).

* In 2018, the target language pair was German-
English, which is considered high-resource.

* In 2020, the targets were Pashto-English
and Khmer-English, both regarded as low-
resource pairs.

* We excluded the 2019 tasks from our evalua-
tion because sentence alignment scores were
not provided, and the objective of this study
is monolingual corpus filtering.

The evaluation was carried out using the follow-
ing procedure.

1. We filtered the noisy parallel corpus using
the proposed method and comparative ap-
proaches.



2. After sorting the filtered results by alignment
score, we selected the top sentences to reach
a fixed number of tokens, counted on the En-
glish side. The thresholds were 100 million
tokens for German and 5 million tokens for
Pashto and Khmer (Table 3). Thus, we as-
sumed that the amount of information in the
parallel corpus remained constant regardless
of the filtering method.

3. We trained the translation model using
FairSeq (Ott et al., 2019), following the WMT
shared task setup. Details of the hyperparam-
eters are provided in Appendix B.

Finally, we evaluated translation quality on
the test sets provided by WMT. For German,
we used the devtest set, while for Pashto and
Khmer, we combined the devtest and test sets.
Translation quality was measured using sacre-
BLEU (Post, 2018) with the tokenizer for
Flores-200 (NLLB Team et al., 2022; Goyal
et al., 2022). BLEU was chosen because accu-
rate surface translation was important in this
study.

4.1.3 Comparative Methods

Following the baseline of the WMT-2020 shared
task, we adopted fastText filtering as the baseline
and combined it with the proposed method. Filter-
ing was applied separately to the source and target
languages.

4.2 Results

4.2.1 Translation Quality

Table 4 presents the BLEU scores obtained when
each filter was applied to the source and target
languages.

The effect of the proposed method, vocabFil-
ter, varied across languages. For German (De <+
En), vocabFilter alone yielded lower translation
quality than fastText alone; however, combining
both methods improved the BLEU score over the
baseline (i.e., fastText only).

Among the low-resource languages, Pashto (Ps
<> En) showed a smaller effect compared to Ger-
man. However, translation quality improved when
vocabFilter was applied to the source side in addi-
tion to fastText.

By contrast, for Khmer, both vocabFilter alone
and its combination with fastText improved BLEU
scores over the baseline, except when all filters
were applied in the En — Km direction.
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To summarize, translation quality tended to im-
prove when vocabFilter was used in combination
with fastText.

4.2.2 Number of Sentences Filtered out and
Remaining

Table 5 presents the number of parallel sentences
when language identification filtering was applied
to both the source and target sides. ‘Filtered’ de-
notes the total number of sentences remaining after
filtering, and ‘Selected’” denotes the number of sen-
tences after selecting a fixed number of tokens.

First, focusing on ‘Selected’, we observe that
although the number of English tokens is fixed,
German tends to favor shorter sentences, as vocab-
Filter retained more sentences than fastText. In con-
trast, Pashto and Khmer show a slight decrease in
sentence count, indicating a preference for longer
sentences.

Next, focusing on ‘Filtered’, we can estimate the
number of sentences for which fastText and vocab-
Filter produced different identification results. For
example, in German, the difference between ap-
plying both filters and applying only fastText was
5.8M sentences (31.3M — 25.5M), representing
sentences accepted only by fastText. Similarly, sen-
tences accepted only by vocabFilter totaled 20.6M
(46.1M — 25.5M), meaning that about 25% of the
entire noisy corpus yielded different identification
outcomes.

These differences suggest that fastText and vo-
cabFilter evaluate sentences from different perspec-
tives. Therefore, using them together can enhance
language purity.

4.2.3 Example Sentences Filtered by
vocabFilter

Table 6 provides example sentences accepted by
fastText but rejected by vocabFilter. The sentences
were tokenized using SentencePiece, and tokens
shown in red indicate those that failed to match the
valid vocabulary. Token ratio refers to the propor-
tion of valid tokens; sentences with a token ratio
below 0.9 were filtered out.

Regardless of language, these examples show
that most code-mixed texts accepted by fastText
were appropriately filtered out by vocabFilter.
However, numeric tokens often caused identifica-
tion failures (cf. No. 4, 7, and 8) because long
numbers were frequently absent from the valid vo-
cabulary. In addition, some tokens did not match
the vocabulary even in sentences written in the cor-



fastText vocabFilter XX—En En—XX
Source Target Source Target | De—+En Ps—En Km—En | En—+De En—Ps En—Km
v v 29.5 8.8 7.3 27.5 10.7 14.8
v v 27.7 (-) 8.6 81(+) | 254() 106 151 (+)
v v v 309+ 91(+) 81(+) | 28.6(+) 11.0(+) 151(+)
v v v 302(+) 89 81(+) | 28.1(+) 11.0(+) 14.9
v v v v 308 (+) 838 77(+) | 284(+) 107 14.2 (-)

Table 4: BLEU scores when language identification was applied to each language. Bold indicates the highest
score for each translation direction, and underlining denotes the second highest. The (+) and (-) symbols represent
significant improvements or degradations, respectively, compared with fastText only (first row of data), based on

bootstrap resampling with sacreBLEU (p < 0.05).

fastText  vocabFilter De <+ En Ps <> En Km <> En
(both side) (both side) | Noisy Filtered Selected | Noisy Filtered Selected | Noisy Filtered Selected
v 31.3M 8.7M 560K 226K 2.27TM 241K
v 104M  46.1M 12.3M | 1.02M 593K 214K | 4.17TM  2.67TM 221K
v v 255M  7.64M 415K 214K 1.92M 215K
Table 5: Number of parallel sentences before and after filtering for each language identification.
Language No. Tokenized and matched example sentence Token ratio
English 1 _"Mahlzeit", _choreo grapher, _Theater _am __Wall, _War endorf 0.875
2 __-__s<wary e Fmbassy __of _Afghanistan __in __Ott awa 0.750
3 _FOLLOW_US_ON_SOCIAL! 0.857
German 4 __Kontakt _B Berlin1 _2015-08-26 T 17 :00 :26 +00:00 0.833
5 __Tschechien, _LiSov 0.857
6 __Homepage __ | __Drucken _ | _Nach __oben 0.778
Pashto T _446#__5__ sy Aos__ s<dle  7__by_ Darius s ssss 0.692
8 bpo_Ba _Ji C 3 Sy FSX_&_P3D_25 0.867
9 __Chang zhou __Daily s Al pama_ (S e 3Co. «__Ltd 0.800
Khmer 10 —n__Putz meister _(_25 _) 0.857
11 gEniiShu{w_i/ﬂ: paiHCcCbka,__Francais,__Espafol ... _xs__séu__ 0.800
12 __Ma un fac turer _ faggn il uies ngrfienn syl 0.800

Table 6: Example sentences accepted by fastText but rejected by vocabFilter. Tokens shown in red indicate those

that failed to match the valid vocabulary.

rect target language (cf. No. 3 and 5).

Conversely, even in languages that do not typi-
cally use Latin script, such as “Co. Ltd” in Pashto
(No. 9) or “English” in Khmer (No. 11), frequently
occurring words are recognized as valid tokens. Be-
cause vocabFilter does not rely solely on character-
based decisions, high-frequency foreign words are
not subject to filtering.

Although the proposed method could not per-
fectly filter all sentences, it offers a significant
advantage by automatically removing code-mixed
texts.
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4.3 Influence of Hyperparameters

The proposed method involves two hyperparame-
ters: 1) V'L, the threshold for valid vocabulary, and
2) T'R, the token ratio used to identify sentences.
In this section, we examine how changes in these
parameters affect translation quality.

Specifically, we measured translation quality by
varying VL € {0.95,0.99,0.995,1.0} and TR €
{0.8,0.9,0.95}. The results are presented in Table
7. This table reports the average BLEU scores
across three language directions (De<+En, Ps<+En,
and Km<En) to illustrate overall trends. Detailed



TR\VL ‘ 0.95 099 0.995 1.0

0.8 | 16.3 159 15.8 15.5

09 | 151 16.1 15.8 15.5

095 | 125 16.1 16.0 15.5
(a) Average of XX — En.

TR\VL | 095 099 0995 1.0

0.8 | 18.2 18.2 18.0 178

09| 174 18.1 18.1 17.6

095 | 125 179 179 17.8
(b) Average of En — XX.

Table 7: BLEU scores of vocabFilter under various
settings of the hyperparameters V' L and T'R. Bold in-
dicates the highest score, and underline indicates the
second highest.

results for each language are provided in Appendix
C.

Scores were noticeably lower for VL = 1.0 and
for TR € {0.9,0.95} when VL = 0.95. The
remaining scores were similar, indicating that the
proposed method performs well unless extreme
hyperparameter settings are used.

5 Conclusion

In this paper, we proposed a simple monolingual
filtering method. The method is a binary classifier
that matches input tokens against an automatically
acquired vocabulary. Because it operates at the
subword level, it can handle unknown words rela-
tively well. Adding a new language requires only
tokenizing and aggregating a monolingual corpus,
eliminating the need to retrain existing language
models and enabling incremental language expan-
sion.

We applied the proposed method to the filtering
of noisy corpora and demonstrated improvements
in machine translation quality. The method was
particularly effective in removing code-mixed texts.
When combined with other language identification
techniques, it enables the creation of a cleaner and
more consistent corpus.

We plan to release the program, along with the
acquired vocabulary, after expanding the supported
languages.
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Limitations

Training the proposed method requires a monolin-
gual corpus for the target language, although, as
noted in Section 3, some degree of noise is accept-
able.

The proposed method aims to improve corpus
purity by removing code-mixed texts. However,
this introduces a trade-off, as it reduces linguistic
variety, particularly with respect to vocabulary. For
example, user-generated content on social media
often contains useful code-mixed expressions, yet
the proposed method attempts to filter these out
as well. In our experiments, we adopted BLEU as
the evaluation metric, emphasizing surface-level
similarity; however, it is also necessary to evaluate
the method from additional perspectives, such as
robustness to diverse inputs.

Ethics Considerations

Since the vocabulary used in this approach is auto-
matically extracted from monolingual corpora, it
may include problematic subwords if the corpora
contain erroneous or inappropriate texts. More-
over, the filtering process cannot remove texts with
problematic content.
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A Examples of Vocabulary in English and
Khmer

Table 8 presents a subset of the valid vocabularies
for English and Khmer obtained in the experimen-
tal setup described in Section 4. The vocabularies
for German and Pashto are shown in Table 2.

B Hyperparameters of Machine
Translator during Filtering Experiment

In the filtering experiments described in Section
4.1.2, we trained translation models using the hy-
perparameters listed in Table 9.

C Details of Influence of
Hyperparameters

Table 7 shows the change in average translation
quality across all languages when hyperparameters
VL and TR are varied. Table 10 provides the
corresponding language-specific details.
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Order Subword  Frequency Cumulo-
coverage
1 2,733M 3.60% )
2 , 2,537M 6.94%
3 _the 2,393M 10.08%
4 s 1,989M 12.70%
5 _to 1,676M
20925 _ Pune 71,375 99.49%
20926 235 71,339 99.49%
20927 __Edwin 71,338 99.49% J
20928  pare 71,316 99.50%
20929 bana 71,316 99.50%
20930 __Nou 71,307 99.50%
169752 gt 1 100.00%
169753 = 1 100.00%
169754 = 1 100.00%

(a) English vocabulary

>Va|id
14.91% [ Vocabulary

Order Subword  Frequency Cumulo-

coverage

1 _ 13,362K 9.72%

2 1 1,013,K 10.46%

3 km_ 1,000,K 11.19%

4 934K 11.87%

5 _ms 931K 12.55%
12600  tone 99 99.49%
12601 _Plu 99 99.49%
12602  _Aja 99 99.49%
12603 DV 99  99.50%
12604 Ali 99 99.50%
12605  18) 99  99.50%
54417 1 100.00%
54418 & 1 100.00%
54419 S 1 100.00%

(b) Khmer vocabulary

Table 8: Examples of valid vocabularies for English and Khmer. Subwords covering up to 99.5% cumulatively were
considered part of the valid vocabulary.

Model structure

Architecture

# of layers

Transformer

5

Embedding dimension 512
FFN inner dimension 2,048
Attention heads

Other model settings

2

Share all embeddings

Normalize before

Training
Dropout 0.4
Attention dropout 0.2
ReLU dropout 0.2
Loss function Label smoothed cross-
entropy
Label smoothing e=0.2
Optimizer Adam

Learning rate
LR scheduler
Warm-up steps
Global batch size

(B = 0.9, By = 0.98)

le-3

Inverse square root

4,000

Roughly 16,000 tokens

Training epochs 100
Translation

Beam width 5

Length penalty 1.2

Table 9: Hyperparameters for Model Training and Trans-

lation
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De — En Ps — En Km — En
TR\VL | 095 0.99 0.995 1.0 1095 099 0995 1.0| 095 099 0995 1.0
0.8 | 31.5 30.6 304 29.7 8.9 8.8 9.0 9.0 8.4 8.3 8.1 7.7
09 | 30.8 314 30.8 29.7 8.2 8.5 85 9.1 6.2 8.3 8.1 7.7
095 | 26.1 312 31.2 29.7 7.5 8.6 8.6 9.1 3.9 8.4 82 176
(a) XX — En directions.
En — De En — Ps En — Km
TR\VL | 095 0.99 0.995 1.0 | 0.95 099 0.995 1.0 | 0.95 099 0.995 1.0
0.8 | 29.5 284 279 27.6 9.8 10.8 11.3 109 | 153 153 149 14.9
09 | 29.1 29.1 28.5 274 8.9 10.1 10.8 10.6 | 14.1 152 15.0 149
095 | 262 293 29.1 277 8.9 10.1 10.8 10.6 45 153 15,5 149

(b) En — XX directions.

Table 10: Performance of vocabFilter under different settings of hyperparameters V L and T'R.
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