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Abstract

Most machine translation datasets come
with a certain level of noise, and strate-
gies for handling such data need to be
robust and efficient. Data selection and
filtering are challenging and may depend
on expensive language-specific tools that
are not necessarily available, especially for
low-resource languages. This paper looks
at training strategies that combine cheap
heuristic filters with curriculum learning
to implement iterative procedures that ro-
bustly operate on raw noisy data without
expensive prior preprocessing and data se-
lection. The intuition is that we can cluster
data into buckets with varying noise lev-
els and use different sets of buckets at dif-
ferent stages of MT model training. We
test various strategies and compare them to
pre-filtering approaches for a diverse set of
low-resource languages and conclude that
curriculum learning can improve robust-
ness but does not necessarily lead to im-
proved translation performance. Overall,
the experiments demonstrate the impor-
tance of proper experimental workflows,
which cannot easily generalize from one
language pair and scenario to another.

1 Introduction

Neural machine translation (NMT) models are de-
pendent on clean parallel training data in order to
produce high quality translations (Khayrallah and
Koehn, 2018). Available parallel datasets – espe-
cially those based on web crawls (Bañón et al.,
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2020; de Gibert et al., 2024) – can contain sig-
nificant amounts of noise. Therefore, a common
preprocessing step in NMT training pipelines is
a cleaning phase which removes noisy and low-
quality sentence pairs (Koehn et al., 2018; Koehn
et al., 2019; Koehn et al., 2020).

Simple data cleaning can be conducted with
heuristic methods than only use inexpensive
CPU processing (Koehn et al., 2007; Sánchez-
Cartagena et al., 2018; Aulamo et al., 2020), but
state-of-the-art cleaning methods rely on neural
classifiers that require significant computational
resources and often have to be adapted to specific
language pairs (Junczys-Dowmunt, 2018; Artetxe
and Schwenk, 2019; Zaragoza-Bernabeu et al.,
2022).

In this work, we evaluate different data clean-
ing methods and find that neural methods are not
always better than heuristic methods. We also
propose a data cleaning approach that combines
the simplicity and efficiency of heuristic cleaning
methods with curriculum learning to select train-
ing data points that are the most useful for improv-
ing translation quality.

Curriculum learning is a method of training ma-
chine learning models that feeds different types
of training data examples to the model at differ-
ent time steps (Bengio et al., 2009). Usually, the
model is first trained with the “easiest” data and in-
crementally more difficult data is included in later
training stages (Wang et al., 2021). The “diffi-
culty” of the data can be measured in different
ways depending on the task. In language-related
tasks, sentence length or the amount of rare words
have been used as proxies for difficulty (Kocmi
and Bojar, 2017; Platanios et al., 2019).

Similarly, our core idea is to divide the train-
ing data into buckets that represent different types



and levels of noise. We then train NMT mod-
els using these buckets in a multi-stage curricu-
lum learning process, selecting different buckets in
different training stages, following the Baby Steps
method (Spitkovsky et al., 2010). The bucket cre-
ation relies on scores produced by cheap heuristic
filters and simple K-means clustering and therefore
uses a fraction of the computational resources that
are used in GPU-based cleaning methods. Addi-
tionally, the proposed method does not make per-
manent binary decisions of filtering data but, in-
stead, the method enables NMT models to ben-
efit from different levels of noisy data at dif-
ferent stages of training. Furthermore, our cur-
riculum learning based cleaning method is unsu-
pervised, as it requires no training on clean and
noisy sentence pairs. This is in contrast to state-
of-the-art parallel data cleaning models, such as
Bicleaner AI (Zaragoza-Bernabeu et al., 2022),
which require clean sentence pairs for a given
language pair for training. The code for our
method is available at https://github.com/Helsinki-
NLP/OpusFilter/tree/curriculum-learning.

2 Related work

The simplest methods for cleaning parallel text
data involve heuristics that are inexpensive to run.
The Moses phrase-based translation framework
(Koehn et al., 2007) includes a script for removing
too long and empty sentences, as well as sentence
pairs with highly dissimilar source and target sen-
tence lengths.1 In addition to length-based rules
similar to the ones above, Bicleaner (Sánchez-
Cartagena et al., 2018) implements a number of
hard rule filters based on proportions of different
types of characters, number and script inconsisten-
cies, and language identification.2 Another tool-
box, OpusFilter (Aulamo et al., 2020) is a config-
urable parallel data cleaning tool that implements
filtering rules based on segment lengths, script
and language identification, special characters, and
sentence similarity. While OpusFilter comes with
default threshold values for each rule, it also in-
cludes a method for adjusting the threshold values
automatically based on the properties of a given
training set (Aulamo et al., 2023).

Other state-of-the-art data cleaning methods
are based on neural networks. Bicleaner AI

1http://www2.statmt.org/moses/?n=Moses.Baseline
2https://github.com/bitextor/bicleaner-hardrules for full list of
filters.

(Zaragoza-Bernabeu et al., 2022) is a binary clas-
sifier that distinguishes noisy from clean segments.
It is trained by finetuning XLM-R (Conneau et
al., 2020) using synthetically created noisy data.
Dual conditional cross-entropy is another noise
classification method. It compares the cross-
entropy scores from two inverse translation models
(Junczys-Dowmunt, 2018). Another way to mea-
sure the quality of a sentence pair is to compute the
similarity of the sentence embeddings. Different
sentence embedding frameworks can be used for
this purpose, for example LASER (Schwenk and
Douze, 2017; Artetxe and Schwenk, 2019), which
has been trained in a machine translation context,
or LaBSE (Feng et al., 2022), which are language
agnostic sentence embeddings learned with BERT
(Devlin et al., 2019).

Curriculum learning is a method of training a
machine learning system that feeds training data
in a specific order, usually starting with easy data
and gradually including harder data (Bengio et al.,
2009). Curriculum learning has also been applied
in the context of training MT systems. Kocmi and
Bojar (2017) organize their training data into mini-
batches, with each mini-batch containing similar
sentences based on sentence length or the number
of given part-of-speech tags in the sentence. Pla-
tanios et al. (2019) sort their data based on sen-
tence length and word rarity and apply a continu-
ous competence function to determine which part
of the data to use at which time step. Zhao et
al. (2020) improve the performance of pre-trained
NMT models using their original training data by
applying reinforcement curriculum learning. As
a part of their episodic NMT training procedure,
Chen et al. (2024) use curriculum learning for do-
main adaptation by starting the training with gen-
eral data and adding domain specific data at later
stages.

Curriculum learning can also be considered a
denoising process when the data presented to the
system are sorted from clean to noisy. For exam-
ple, Wang et al. (2019) produce scores for sen-
tence pairs with language models and apply cur-
riculum learning to conduct data selection and do-
main adaptation. Mohiuddin et al. (2022) propose
two data selection methods based on curriculum
learning for NMT. In the first method, they or-
der the training data using pre-calculated clean-
ness scores from LASER, dual conditional cross-
entropy, or a language model cross-entropy based



en-eu en-ga en-mk en-nn en-sw
Raw 20,830,243 101,001,090 91,293,129 28,701,601 247,557,313
Deduplicated 4,005,529 10,159,720 8,017,670 5,262,996 34,734,871
Near-deduplicated 3,088,483 6,335,623 5,051,038 3,136,567 21,576,709
Bicleaner AI 610,694 994,756 1,139,063 132,540 1,710,223
OF Default 880,873 2,241,556 993,807 73,480 1,744,039
OF Autogen 155,395 1,749,767 5,042,721 3,131,545 1,502,216
OF Adapt 1ep (en-xx) 998,577 4,696,352 3,156,487 2,523,075 4,620,352
OF Adapt 1ep (xx-en) 2,813,541 2,864,631 4,245,247 3,135,013 14,962,742
OF Adapt Conv (en-xx) 1,461,191 3,625,025 2,748,101 1,114,502 2,774,207
OF Adapt Conv (xx-en) 2,090,293 4,684,891 3,051,952 2,417,068 14,610,340

Table 1: Number of sentence pairs in each dataset. The deduplication and cleaning methods are described in Sections 3 and
4. The bottom four rows show the total number of sentence pairs used for training for each translation model trained with our
curriculum learning method. The number is calculated by taking the sum of the sizes of the buckets that were accepted into the
training set during any bucket evaluation phase.

score and they feed training data to the model using
a continuous scheduler. In the second method, they
score the training data with the translation model
that is being trained and use a selection window
to choose the most beneficial training data for the
model at a given time step.

Our method generalizes the second method of
Mohiuddin et al. (2022). Their approach of scor-
ing all training samples with a translation model
is feasible for their small in-domain corpus, but
the computational cost of scoring a large, noisy
general-domain corpus with a translation model is
prohibitive. Instead of scoring the entire corpus,
we first cluster the sentence pairs based on clean-
ness scores obtained from OpusFilter and score
samples of each cluster, assuming that the useful-
ness of all sentence pairs in a cluster is approxi-
mately the same.

Our method is based on heuristic scores that are
produced using CPU computation, which is much
less resource intensive than training and running
the GPU-heavy state-of-the-art parallel data clean-
ing methods. Moreover, using the heuristic scores
in combination with K-means clustering and cur-
riculum learning makes our method unsupervised.
This is another difference to state-of-the-art clean-
ing models, which typically require labeled sen-
tence pairs for training.

3 Data

In our experiments, we use the raw HPLT v1.2
parallel datasets3 (de Gibert et al., 2024), which
are crawled from public websites excluding adult

3https://hplt-project.org/datasets/v1.2

content. We focus on translation for five lan-
guage pairs in both directions where English (en)
is paired with Basque (eu), Irish (ga), Macedo-
nian (mk), Nynorsk (nn) and Swahili (sw). These
languages represent a variety of language families
and are relatively low-resourced.

As a pre-filtering step, we remove exact dupli-
cate sentence pairs from the dataset. After remov-
ing exact duplicates from the dataset, we noticed
that there are still a fair number of near-duplicate
training examples. In particular, the dataset con-
tains sentences that describe products and include
product identifier tags consisting of numeral and
alphabetic characters. We observed large sets of
sentences that differ from each other only by the
product identifier tag but are otherwise identical.
To remove such near-duplicates, we rerun dedupli-
cation ignoring words that contain non-alphabetic
characters.4

The HPLT dataset also contains a version that
has been cleaned with Bicleaner AI (Zaragoza-
Bernabeu et al., 2022), which we use as our base-
line of a neural data cleaning method. Table 1
shows the data sizes for each language pair.

4 Methodology and experiments

The main goal of our experiments is to investi-
gate the impact of data cleaning methods on ma-
chine translation quality. All translation models
are trained with MarianNMT (Junczys-Dowmunt

4In order to separate alphabetic words from punctua-
tion marks, the sentences are tokenized into words using
the Moses tokenizer via OpusFilter: https://helsinki-
nlp.github.io/OpusFilter/preprocessors/tokenizer.html Tok-
enization is only applied on the fly during the deduplication
process, and the resulting dataset remains untokenized.



et al., 2018) using the Transformer base architec-
ture (Vaswani et al., 2017). Training parameters
are specified in Appendix A. We use Flores-200
(NLLB Team et al., 2024) as development and test
sets.

We experiment with the following data cleaning
methods:

• Near-deduplicated: No cleaning, only near-
duplicate removal,

• Bicleaner AI: The cleaned HPLT datasets ob-
tained with Bicleaner AI,

• OF Default: OpusFilter with default thresh-
old values (cf. Section 4.1),

• OF Autogen: OpusFilter with automatic
threshold generation (cf. Section 4.1),

• OF Adapt 1ep and Conv: Curriculum learn-
ing methods relying on the OpusFilter scores
(cf. Sections 4.2 and 4.3).

OpusFilter and curriculum learning cleaning
methods are explained in more detail in the fol-
lowing subsections.

4.1 OpusFilter
OpusFilter operates on a set of parallel data filters.
Each filter in OpusFilter produces a score for ev-
ery sentence pair in a dataset. If the score exceeds
a threshold value, the sentence pair is considered
clean. The threshold values can be set manually,
but there is also a default value for each filter. In
the OF Default setting, we use the same set of
filters as in Aulamo et al. (2023) and their corre-
sponding default threshold values, with one addi-
tion: SimilarityFilter. We noticed that the training
sets contain a significant number of sentence pairs
consisting of identical source and target sentences
which can be detected and filtered by Similarity-
Filter. The full set of filters used for the OF Default
setup is the following:

• AlphabetRatioFilter: The proportion of al-
phabetical characters in a sentence.

• CharacterScoreFilter: The proportion of char-
acters in a given script in a sentence.

• LanguageIdFilter: Confidence score from
the fasttext language identification model5

(Joulin et al., 2016; Joulin et al., 2017).
5https://fasttext.cc/docs/en/language-identification.html

• LengthRatioFilter: The ratio between the
lengths of the source and target sentences.
There are two length ratio scores for each sen-
tence pairs: one based on characters and one
based on words.

• NonZeroNumeralsFilter: Similarity of nu-
merals between source and target sentences
ignoring the leading zeros (Vázquez et al.,
2019).

• SimilarityFilter: Levenshtein distance be-
tween source and target sentence.

• TerminalPunctuationFilter: Similarity of
sentence-ending punctuation mark between
source and target sentences (Vázquez et al.,
2019).

OpusFilter includes a method for automatically
generating optimal threshold values for each filter
based on clustering and feature importance analy-
sis for a given dataset (Aulamo et al., 2023). We re-
fer to this cleaning method as OF Autogen. It clus-
ters the sentence pairs into two groups, clean and
noisy, and uses the values of the noisy cluster cen-
ter as threshold values. We obtain specific thresh-
old values for each language pair with this method
and produce new datasets with these thresholds.

4.2 Clustering the data according to noise
level

All existing cleaning methods are essentially bi-
nary classifiers: they remove the sentence pairs
that they consider noisy, and keep those that they
consider clean. However, the border between clean
and noisy is often not as clear-cut as it may seem,
and it may be argued that MT models may still
benefit from data that is slightly noisy. Moreover,
the OF Autogen method can fail if it tries to force
a clean-noisy division when an input dataset con-
tains no noise, or if some of the filters do not work
properly and assign low scores for obviously clean
examples. To address these issues, we (1) cluster
the data into many clusters instead of just two and
(2) use curriculum learning strategies to select the
most useful data clusters.

In order to divide the training data based on dif-
ferent types of noise, we first score the sentence
pairs using the same set of filters as described in
Subsection 4.1 and use the numeric scores directly
without applying any thresholds. Next, we use the
score from each filter as an individual feature to



Figure 1: Bucket sizes after clustering. The buckets are in the order of expected cleanness.

create sentence pair vectors. We standardize the
features and cluster them with K-means. We set
the number of clusters to depend on the dataset
size using the formula 10 + (d − b)/b, where d
is the number of sentence pairs. We set b to be
250,000, because we found 250,000 to be an effec-
tive bucket size in our early experiments. The for-
mula ensures that even small datasets are divided
into at least 10 buckets. We train K-means on a
sample of 100,000 sentence pairs and then classify
the rest of the training data into the found clusters.
This gives us buckets containing different types of
noise. Next, we sort the buckets from clean to
noisy based on the geometric mean of the values in
the cluster centers. Figure 1 shows the amount of
data in each bucket for all language pairs after clus-
tering and ordering the buckets. There is a high de-
gree of variance in the bucket sizes, although most
of the data is concentrated in the cleaner buckets.
Figure 2 shows the different types of noise present
in each bucket of the English-Nynorsk dataset.
Buckets 0-4 have low noise values overall, while
buckets 5-11 are also fairly clean with slight noise
peaks in AlphabetRatioFilter, LanguageIDFilters,
SimilarityFilters, NonZeroNumeralsFilter or Ter-
minalPunctuationFilters. Buckets 12-15 have high
and buckets 16-20 have very high noise values in
CharacterScoreFilters and LengthRatioFilters.

4.3 Curriculum learning strategies
There are various ways to train MT systems on the
bucketed training data. While an obvious approach
starts with the cleanest buckets and gradually adds

noisier ones, it is not clear (a) how long to train on
each set of buckets and (b) if the cleanness scores
obtained during clustering are good approxima-
tions of the usefulness of the bucket. Therefore, we
conducted a number of preliminary experiments to
find a curriculum learning strategy that optimizes
both translation quality and training time. These
experiments only considered translation from En-
glish to Irish.

OF Baby Steps Conv We start our experimen-
tation with a method inspired by Baby Steps
(Spitkovsky et al., 2010). We initialize NMT train-
ing with the cleanest bucket as the training set and
train until convergence. Next, we add the second-
cleanest bucket to the training set and again train
until convergence. We continue this way of itera-
tive training until all buckets are added to the train-
ing set.

OF Baby Steps 1ep The method above will
likely result in very long training runs because it
needs to converge for every bucket. We experiment
with a variation of the above Baby Steps method,
where we train only for one epoch each time a new
bucket is added to the training data.

OF Self-paced 1ep The cleanness order of the
buckets is based on average scores from heuris-
tic filters, and it is not always perfect. Thus, we
might encounter some low-quality buckets earlier
than some high-quality buckets. For this reason,
we move to self-paced learning, similar to Mohi-
uddin et al. (2022), in which the current transla-



Figure 2: Standardized and normalized noise values for each bucket of the English-Nynorsk dataset.

tion model is used to evaluate the training data.
OF Self-paced 1ep is otherwise the same as Baby
Steps, but each time a new bucket is added to
the training data and the model is trained for one
epoch, the model is evaluated against the develop-
ment set using BLEU (Papineni et al., 2002). If the
evaluation score is lower than the previous evalua-
tion score, the current bucket is removed from the
training set before the next bucket is added.

OF Adapt Conv OF Self-paced 1ep perma-
nently discards noisy buckets, while we hypoth-
esize that data with some degree of noise could
still be beneficial for the NMT model at a different
stage of training. Therefore, in the final method,
OF Adapt Conv, we use adaptive self-paced learn-
ing. We train the translation model by alternating
between two phases: in the first phase, we find
the most beneficial buckets of training data for the
model at the current time step, and in the second
phase, we train the model using the selected buck-
ets for one epoch. This process is illustrated in
Figure 3.

During the bucket selection phases, the model is
trained for 100 updates with each bucket starting
from the cleanest bucket and moving on to nois-
ier ones. We measure the evaluation score after
training with each bucket. If the score improves
from the previous best score, the current bucket is
included in the training set. If the score does not
improve, the current bucket is not included in the
training set, and the translation model is restored to

the state with the previous best score. In the train-
ing phase, the NMT model is trained until conver-
gence with the selected buckets. The training pro-
cess ends once no beneficial buckets are found dur-
ing the bucket selection phase. The resulting trans-
lation model is the one with the highest evaluation
score.

We assume that some of the data buckets are
highly noisy and do not need to be evaluated dur-
ing all bucket selection phases. Therefore, dur-
ing the first selection phase, we stop evaluating
buckets after encountering five consecutive harm-
ful buckets. The buckets that were evaluated in the
first bucket selection phase form the set of buckets
that will be evaluated in all subsequent selection
phases. During the first selection phase, we use
cross-entropy instead of BLEU as the evaluation
score because BLEU did not produce meaningful
scores during the early stages of training.

OF Adapt 1ep OF Adapt 1ep is a variation of
OF Adapt Conv, where the model is trained for one
epoch instead of training until convergence during
each training phase. We evaluate this variation to
study how its translation performance compares to
OF Adapt Conv’s while having a shorter training
time.

4.4 Evaluation of preliminary experiments

Table 2 shows the training times and BLEU scores
measured on the development set for all prelimi-
nary curriculum learning experiments, and for tra-



Figure 3: Visualization of training a Nynorsk to English model with OF Adapt 1ep. The odd numbered steps are bucket
evaluation phases and the number in each cell represent the evaluation score for each bucket. The even numbered steps show
the best evaluation scores achieved during the training phases. The scores in Step 1 are cross-entropy and all scores in later
steps are BLEU. The grey cells represent buckets that are not considered for evaluation since they occur after five consecutive
harmful buckets in Step 1. The training process stops at Step 10 because no buckets were selected during Step 9. The resulting
final translation model is restored from Step 7 after training with bucket 15, since the model achieved the best evaluation score
in that state.

BLEU Time
OF Default 30.1 9:22
OF Baby Steps Conv 28.5 12:53
OF Baby Steps 1ep 17.5 2:31
OF Self-paced 1ep 27.9 22:06
OF Adapt Conv 28.3 9:40
OF Adapt 1ep 15.1 3:06

Table 2: Curriculum learning strategy experiments. BLEU
scores are calculated on the development set and are not com-
parable to those in Table 6. Time is training time for the trans-
lation model (h:min).

ditional NMT training with the English-Irish data
cleaned with default filtering thresholds (OF De-
fault) for comparison. The OF Baby Steps Conv
method performs decently well, but it does achieve
a lower BLEU score than OF Default, and it is
also slower to train. OF Baby Steps 1ep has a dra-
matically lower BLEU score, which suggests that
training for only one epoch after each added bucket
might be insufficient for capturing adequate train-
ing signals. However, OF Self-paced 1ep raises the
BLEU score again to a decent level, which shows
that excluding the harmful buckets from the train-
ing set has a significant positive effect. The down-
side of OF Self-paced 1ep is that the longer the
training process continues, the larger the training
set grows and the longer it takes to evaluate each
new bucket.

OF Adapt Conv solves this problem by sepa-
rating the bucket evaluation and model training
phases, and by assessing the harmfulness of each
bucket individually without adding them to the

training set first. OF Adapt Conv reaches a sim-
ilar training time to OF Default, but the BLEU
score remains 1.8 points lower. We still go forward
with assessing this method for additional language
pairs as it is our most promising approach and its
performance could vary in different settings. OF
Adapt 1ep achieves a dramatically lower BLEU
score than OF Adapt Conv, but we also include
this method in further experiments to see how it
performs for other language pairs.

5 Results

We evaluate the translation experiments by mea-
suring COMET (Rei et al., 2020), BLEU (Pa-
pineni et al., 2002) and chrF (Popović, 2015)
scores on the Flores-200 devtest set (NLLB Team
et al., 2024). COMET scores are measured with
the unbabel-comet Python package6 using the
wmt22-comet-da model. BLEU and chrF
scores are measured with sacrebleu (Post, 2018).

We train each model six times, initializing the
NMT model with a random seed each time. For OF
Autogen, OF Adapt 1ep and OF Adapt Conv, we
also randomly initialize data clustering each time.

Curriculum learning methods generally lead to
faster convergence during model training (Wang
et al., 2021). We report the training times for all
our experiments to examine how our proposed cur-
riculum learning approach compares to traditional
training.

6https://github.com/Unbabel/COMET



en-eu eu-en en-ga ga-en en-mk mk-en en-nn nn-en en-sw sw-en
Near-dedup. 61.8±0.4 78.3±1.0 42.5±2.1 73.7±0.9 59.2±1.0 81.3±0.9 68.4±0.6 75.7±1.0 56.0±0.1 64.6±6.0

Bicleaner AI 80.8±0.4 81.0±0.2 76.3±0.2 77.0±0.4 84.8±0.1 83.8±0.2 71.4±0.8 71.9±0.6 77.2±0.6 75.4±0.6

OF Default 79.0±0.4 81.0±0.2 74.8±0.3 75.6±0.8 83.9±0.3 83.2±0.3 46.8±0.6 45.8±0.3 75.6±0.4 76.1±0.3

OF Autogen 57.2±3.7 68.8±10.3 74.3±1.0 74.4±1.8 80.2±9.0 82.9±0.6 66.8±8.6 67.3±9.9 72.0±7.1 74.0±3.8

OF Adapt 1ep 41.9±15.3 74.0±2.2 68.7±2.7 62.8±0.7 71.7±8.7 77.3±3.1 48.0±17.8 64.0±1.5 71.3±0.7 63.2±4.1

OF Adapt Conv 60.5±20.3 75.8±0.7 73.0±0.6 69.0±3.8 80.4±0.8 80.0±1.4 74.7±0.8 71.5±4.1 64.8±16.1 61.6±5.6

Table 3: COMET scores (mean±std) for the translation tasks using near-deduplicated data, Bicleaner AI, and OpusFilter (OF)
based methods. The best scores per language pair are bolded.

Figure 4: Distributions of language labels for each near-deduplicated training set predicted with fasttext.

5.1 Scores

Table 3 shows the COMET scores and Tables 6
and 7 in Appendix B show the BLEU and chrF
scores for all translation experiments. Somewhat
surprisingly, the near-deduplicated datasets with-
out removing any noise achieve competitive scores
when translating into English and the highest score
for nn-en. In the other translation directions,
the scores are low, as is expected for highly noisy
data. In particular, we noticed that the en-xx
translation models produce mainly English text.
To investigate this issue further, we ran language
identification with fasttext on all near-deduplicated
datasets. Figure 4 indeed shows that there is a high
amount of English on both sides of the training
data, which turns the translation task into an En-
glish auto-encoder task. This makes the en-xx
models generate English, but also explains why
the xx-en models are able to generate fairly high
quality English output.

Bicleaner AI achieves the highest scores for
most language pairs. OF Default is usually not
far behind, and it outperforms Bicleaner AI for
sw-en according to all metrics. This suggests
that simple heuristic data cleaning methods can be

as effective as more sophisticated neural cleaning
methods in many cases.

However, OF Default completely fails in trans-
lating to and from Nynorsk while Bicleaner AI per-
forms well. OF Default filters data based on hard
threshold values and one of the filters is language
identification using fasttext. Figure 4 reveals that
fasttext annotates a large part of the Nynorsk (nn)
dataset with the label no for Norwegian.7 OF
Default removes all sentence pairs labeled as no,
which – in combination with false positives from
other filters – makes the OF Default training set
tiny (73,480) and leads to poor translation quality.

When comparing the two curriculum learning
variants, OF Adapt Conv beats OF Adapt 1ep in
all language pairs except en-sw and sw-en. This
suggests that it is more beneficial to train until con-
vergence after each bucket selection phase. In gen-
eral, OF Adapt Conv is 3-10 COMET points be-
hind Bicleaner AI and OF Default but for some
language pairs the difference is even higher. No-

7The label no technically refers to both Norwegian writing
norms Nynorsk and Bokmål. The fasttext model contains
both variety-specific labels nn, nb as well as the generic label
no, so it is unclear to which variety the no-labeled sentences
effectively belong.



en-eu eu-en en-ga ga-en en-mk mk-en en-nn nn-en en-sw sw-en
Near-dedup. 5:31±1:03 8:41±2:43 1:40±0:06 10:00±4:20 5:51±0:47 9:14±2:03 3:45±1:28 *9:01±4:23 2:40±0:21 8:52±6:03

Bicleaner AI *4:23±0:39 *4:45±0:25 *6:29±0:48 *6:48±0:50 *6:43±0:24 *7:03±1:12 6:25±1:15 7:06±1:19 *7:43±1:43 7:57±1:29

OF Default 4:37±0:36 *5:52±0:37 8:34±1:02 9:43±1:55 5:31±0:54 6:32±0:49 1:45±0:15 1:45±0:07 7:39±1:43 *7:32±1:18

OF Autogen 4:29±0:35 7:29±1:31 8:02±1:28 7:17±3:32 6:46±3:11 7:32±1:11 4:31±2:10 5:20±2:60 7:10±3:19 7:03±3:32

OF Adapt 1ep 3:00±1:28 5:44±1:15 6:42±2:28 4:19±1:03 4:40±1:25 6:13±2:42 4:22±2:06 5:37±1:31 6:33±1:30 12:20±4:54

OF Adapt Conv 3:41±1:23 5:40±0:46 8:60±0:54 6:37±1:54 4:46±0:32 5:58±1:36 *6:46±1:18 6:02±1:25 4:15±1:43 10:40±4:25

Table 4: GPU usage during NMT model training (h:min, mean±std). Models with the best COMET scores are marked with *.

en-eu en-ga en-mk en-nn en-sw
OpusFilter

CPUh
0:07 0:13 0:11 0:07 0:42

Bicleaner AI
GPUh

4:17 8:48 7:01 4:21 29:58

Table 5: Corpus cleaning times (h:min). OpusFilter’s times
include measuring scores from all filters described in Sec-
tion 4.1 for all sentence pairs in the near-deduplicated datasets
using a single core of an Intel Xenon Gold 6230 CPU. Bi-
cleaner AI’s times are estimated based on the information re-
ported in Zaragoza-Bernabeu et al. (2022): 200 sentence pairs
per second with an Nvidia 3080Ti GPU.

tably, for en-eu there is a 20.3 COMET point
difference to Bicleaner AI, and there is also large
variation between the randomly initialized OF
Adapt Conv models. For en-nn, OF Adapt Conv
achieves the highest score, and for nn-en, its
score is competitive with Bicleaner AI. This result
shows that our curriculum learning method does
not necessarily help in achieving higher transla-
tion quality over a more straight-forward usage of
heuristic filters, but it does help in avoiding some
pitfalls such as the case of Nynorsk in our experi-
ments. This can be explained by the fact that the
curriculum learning strategies are able to access
useful data that would have otherwise been dis-
carded as noise. As can be seen in Table 1, the
curriculum learning methods generally use larger
datasets than traditional binary filtering methods.

OF Autogen achieves results that are close to the
best methods for some language pairs, but it per-
forms much worse for others. Aulamo et al. (2023)
report that in all their experiments, the autogen
method beats the default thresholds, but in our tests
on a larger and more diverse set of language pairs,
OF Autogen performs better than OF Default only
for en-nn and nn-en.

5.2 Training and cleaning times

Table 4 shows the model training times for all
translation experiments. All models are trained us-
ing a single Nvidia Volta V100 GPU and the mod-
els end training once they have converged based on

early-stopping. Some of the lowest training times
are due to the model converging quickly because of
low-quality training data, for example OF Default
with the Nynorsk dataset. Otherwise, the training
times for the best performing models largely de-
pend on the sizes of the datasets. In most cases, us-
ing our proposed curriculum learning method does
not speed up NMT training, which is due to the fact
that we run multiple iterations of bucket evaluation
and training phases over the whole training set. In
fact, in some cases our method runs multiple hours
longer than traditional training using data filtered
with Bicleaner-AI.

However, when comparing total GPU usage, we
have to add Bicleaner AI’s data cleaning time to
the NMT training time while the heuristic filters
are fast and run on regular CPUs. We do not have
access to exact GPU hours as the data we use is
pre-filtered with Bicleaner AI, but the authors re-
port that a full Bicleaner AI model labels approx-
imately 200 sentence pairs per second (Zaragoza-
Bernabeu et al., 2022), which can give us an es-
timate. Table 5 shows the times it takes to clean
the near-deduplicated datasets with OpusFilter and
the estimated times it would take for Bicleaner
AI. OpusFilter’s heuristic cleaning methods are
lightweight and run in 7 to 42 minutes on a CPU
while the estimated GPU usage for cleaning the
datasets with Bicleaner AI ranges from 4 to 30
hours.

5.3 Noise type analysis

In this section, we analyze which types of noise
are beneficial in different stages of NMT train-
ing in the case of the Nynorsk to English OF
Adapt 1ep NMT model. Figure 2 in Section 4.2
shows presence of different noise types in each
bucket of the English-Nynorsk dataset, and Fig-
ure 3 in Section 4.3 illustrates the training process
of the NMT model on these buckets. Buckets 0-
4 are the cleanest ones, and they are included in
all training phases. Buckets 5-11 are included in
two or three training phases, and they are fairly



clean as well but have some lightly higher noise
values from AlphabetRatioFilter, LanguageIDFil-
ter, NonZeroNumeralsFilter and TerminalPunctu-
ationFilter. Buckets 12-15 have high noise val-
ues from CharacterScoreFilters or from Length-
RatioFilters, but the NMT model still benefits
from these buckets. This indicates that, in cer-
tain stages of NMT training, it can be beneficial
to include training examples even if they contain
characters from different writing scripts, or if they
have source and target sentences of significantly
different lengths. Buckets 16-20 are very noisy
according to CharacterScoreFilters and LengthRa-
tioFilters, and they are excluded from all training
phases.

6 Conclusion

In this paper, we compare heuristic and neural
data cleaning methods and evaluate them in ma-
chine translation tasks. We also propose and eval-
uate an iterative self-pacing curriculum learning
method for handling noisy data. We show that sim-
ple heuristics can rival neural methods while be-
ing much less resource intensive to run. Although
our proposed curriculum learning method achieves
lower performance in most language pairs than us-
ing heuristic filters directly, it is promising in mak-
ing heuristic-based data cleaning more robust.

In the future, it would be interesting to study
the proposed curriculum learning method for lan-
guage pairs that are not covered by pretrained
cleaning models, such as Bicleaner AI. In theory,
our method should be able to adapt to any parallel
dataset in any language, as it does not require ex-
amples of clean and noisy sentence pairs for train-
ing.

This work explores methods inspired by Baby
Steps and self-paced learning. In future work,
we would like to investigate other ways of utiliz-
ing heuristic filters in conjunction with curricu-
lum learning. We also plan to conduct more thor-
ough and detailed analyses of the overall energy
consumption to complement the rough GPU-usage
statistics presented in this paper.

7 Limitations

We use data that is pre-filtered with Bicleaner AI,
and we can only estimate times that it would take
to clean the datasets with Bicleaner AI. Thus, the
total GPU usage comparisons in Section 5.2 have
to be taken with a grain of salt.

Our experiments only include language pairs
where English is one of the languages. Although
the non-English languages we include in our study
are diverse, conducting experiment on language
pairs that are not English-centric could reveal new
properties from the tested cleaning methods.

The curriculum learning methods we experi-
mented with are limited to approaches inspired by
Baby Steps and self-paced learning. Exploring
other ways of combining heuristic filtering with
curriculum learning could prove to be more effec-
tive.
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A MarianNMT training parameters
seed: 0
devices: [0]
workspace: 25000
mini-batch-fit: True
shuffle-in-ram: True
no-restore-corpus: True
keep-best: True
save-freq: 1000
overwrite: True
disp-freq: 1000
disp-first: 10
quiet-translation: true
early-stopping: 5
valid-freq: 1000
valid-mini-batch: 64
valid-reset-stalled: true
valid-metrics:

- bleu
beam-size: 6
normalize: 1
exponential-smoothing: 0.0001
max-length: 150
cost-type: ce-mean-words
type: transformer
enc-depth: 6
dec-depth: 6
dim-emb: 1024
transformer-heads: 16
transformer-dim-ffn: 4096
transformer-ffn-depth: 2
transformer-ffn-activation: swish
transformer-decoder-autoreg: self-attention
transformer-dropout: 0.1
label-smoothing: 0.1
layer-normalization: True
learn-rate: 0.0003
lr-warmup: 16000
lr-decay-inv-sqrt: 16000
lr-report: True
optimizer-params:

- 0.9
- 0.98
- 1e-09

clip-norm: 1
sync-sgd: true
dim-vocabs:

- 32000
- 32000

tied-embeddings-all: true

B BLEU and ChrF scores

Tables 6 and 7 show the BLEU and chrF scores for
all translation experiments. The scores are com-
puted with sacrebleu8 (Post, 2018).

8Version signatures for BLEU and chrF respectively:
nrefs:1|case:mixed|eff:no|tok:13a|smooth:exp|version:2.5.1,
nrefs:1|case:mixed|eff:yes|nc:6|nw:0|space:no|version:2.5.1



en-eu eu-en en-ga ga-en en-mk mk-en en-nn nn-en en-sw sw-en
Near-dedup. 6.1±0.2 20.4±0.8 2.3±0.1 27.4±0.7 12.4±0.9 31.9±1.1 3.1±0.4 30.3±0.7 2.2±0.0 19.3±3.9

Bicleaner AI 14.9±0.1 22.3±0.2 29.5±0.1 30.6±0.5 31.6±0.3 35.1±0.3 20.1±0.7 25.8±0.6 29.4±0.8 28.2±0.7

OF Default 14.3±0.2 22.0±0.2 28.0±0.5 29.3±0.9 30.4±0.4 34.0±0.2 2.5±0.1 3.5±0.1 28.4±0.6 29.2±0.5

OF Autogen 4.7±1.2 13.5±7.1 26.9±1.4 28.0±2.2 28.0±6.8 34.0±0.7 13.9±7.8 21.8±8.4 23.6±9.6 27.1±3.3

OF Adapt 1ep 3.1±4.3 17.1±1.7 20.4±2.9 19.8±0.7 21.9±5.3 28.1±2.8 7.9±8.4 20.8±1.1 23.1±0.8 18.4±2.9

OF Adapt Conv 8.3±5.3 18.5±0.6 25.2±0.9 24.2±2.6 27.5±0.6 30.8±1.5 22.2±0.6 26.8±3.6 19.9±8.9 17.4±3.9

Table 6: BLEU scores (mean±std) for the translation tasks using near-deduplicated data, Bicleaner AI, and OpusFilter (OF)
based methods. The best scores per language pair are bolded.

en-eu eu-en en-ga ga-en en-mk mk-en en-nn nn-en en-sw sw-en
Near-dedup. 33.6±0.3 50.2±0.8 18.2±0.3 55.8±0.7 25.1±1.4 59.4±0.8 25.5±0.3 57.1±0.7 16.8±0.0 44.9±4.9

Bicleaner AI 53.4±0.3 52.0±0.1 57.2±0.1 58.2±0.4 61.2±0.2 61.9±0.2 48.0±0.8 53.5±0.6 58.0±0.5 53.6±0.6

OF Default 52.9±0.2 52.0±0.2 55.8±0.4 57.2±0.8 60.6±0.3 61.0±0.2 22.7±0.6 25.2±0.2 57.2±0.4 54.6±0.4

OF Autogen 34.6±1.6 41.5±8.4 55.1±1.1 56.0±1.2 54.9±13.0 61.0±0.6 39.2±11.4 47.5±10.8 50.1±14.9 52.8±3.2

OF Adapt 1ep 22.3±12.9 46.6±1.8 49.0±2.9 47.5±0.7 50.7±7.5 56.2±2.7 27.3±15.1 48.0±1.2 52.9±0.7 44.4±3.3

OF Adapt Conv 37.7±17.1 48.1±0.5 53.8±0.7 52.3±2.7 58.1±0.5 58.4±1.1 50.3±0.7 53.8±3.4 46.2±16.4 42.7±4.8

Table 7: ChrF scores (mean±std) for the translation tasks using near-deduplicated data, Bicleaned AI, and OpusFilter (OF)
based methods. The best scores per language pair are bolded.


