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Abstract

Neural Machine Translation models are ex-
tremely data and compute-hungry. However,
not all data points contribute equally to model
training and generalization. Data pruning to
remove the low-value data points has the ben-
efit of drastically reducing the compute bud-
get without a significant drop in model per-
formance. In this paper, we propose a new
data pruning technique: Checkpoints Across
Time (CAT), that leverages early model train-
ing dynamics to identify the most relevant data
points for model performance. We benchmark
CAT against several data pruning techniques in-
cluding COMET-QE, LASER and LaBSE. We
find that CAT outperforms the benchmarks on
Indo-European languages on multiple test sets.
When applied to English-German, English-
French and English-Swabhili translation tasks,
CAT achieves comparable performance to us-
ing the full dataset, while pruning up to 50%
of training data. We inspect the data points
that CAT selects and find that it tends to favor
longer sentences and sentences with unique or
rare words.

1 Introduction

In recent years, there has been significant improve-
ment in the quality of Neural Machine Translation
(NMT) models (Johnson et al., 2017; Arivazha-
gan et al., 2019; Liu et al., 2020; Fan et al., 2021;
Reid et al., 2021; Ramesh et al., 2022; Costa-jussa
et al., 2022; Bapna et al., 2022; Gala et al., 2023).
The success of these models is primarily due to
many factors including pretraining data size, com-
pute abundance and the ever-increasing model size.
Despite the gains due to growing datasets, large
dataset sizes have also posed significant hurdles for
maintaining data quality. Significant portions of
web-scraped data used for language model pretrain-
ing have been shown to be of low quality, machine-
generated spam, pornographic content (Kreutzer

et al., 2022). Given the ever-growing size of paral-
lel corpora, it often becomes laborious for humans
to assess the quality at scale (Freitag et al., 2021;
Agarwal et al., 2022; Longpre et al., 2023). Quality
of pretraining data for large NMT models often
faces amplified quality issues because of extensive
bitext mining approaches to automatically extract-
ing translation pairs from either monolingual cor-
pora (Guo et al., 2018; Schwenk et al., 2021a,b;
Costa-jussa et al., 2022; Ramesh et al., 2022; Vegi
et al., 2022; Gala et al., 2023) or document-aligned
corpora (Baién et al., 2020; Steingrimsson et al.,
2021; Ramesh et al., 2022; Gala et al., 2023). Bi-
text mining approaches, although far more cost-
effective than human curation, have been shown
to introduce significant noise into datasets by re-
lying on sub-optimal sentence embedding models
(Thompson and Koehn, 2019; Feng et al., 2022;
Heffernan et al., 2022) to match sub-optimal trans-
lation pairs (Kreutzer et al., 2022).

Recent work has shown that quality matters.
Large neural models trained on high-quality data
outperform models trained on noisy data (Khayral-
lah and Koehn, 2018; Arora et al., 2021; Abdul-
mumin et al., 2022; Gala et al., 2023) or match
performance using far fewer data points (Sorscher
et al., 2022; Siddiqui et al., 2023; Koneru et al.,
2022; Liet al., 2018; Xu et al., 2023). In this work,
we ask if we can arrive at a rigorous estimator of
data quality through data pruning. Our goal is to
focus on metrics which are scalable across large
datasets, and which identify a subset that preserves
performance.

We leverage distinctive periods of training to in-
dicate examples most critical to model generaliza-
tion. Specifically, we propose Checkpoints Across
Time (CAT): a metric that leverages the variability
in perplexity across early checkpoints to identify
such critical data points when training MT models.
We use this to rank data points, selecting the in-
stances with the highest variability and continuing
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to train the model solely on this subset. This scor-
ing is used to remove the data points estimated to
be least important, thus creating gains in efficiency
for training.

CAT is motivated by fundamental work in ma-
chine learning which has shown that there are dis-
tinctive periods to learning in deep neural network
training. Prior work shows that more common,
easier features are learned earlier in training, with
the most challenging features learned in the last
stages of training (Jiang et al., 2020; Achille et al.,
2017; Siddiqui et al., 2023). Prior work has also
shown that variance in gradients with respect to
inputs (Agarwal et al., 2022) or gradient patterns
themselves vary depending on the period of learn-
ing (Faghri et al., 2020). However, gradients re-
main expensive to leverage as a learning signal to
identify relevant instances. Furthermore, almost
the entirety of this work has focused on a computer
vision setting, with the exception of Swayamdipta
et al. (2020) which uses differences in the model’s
confidence in the true class, and the variability of
this confidence across epoch to cluster data. Here —
we explore applying the insights that there are dis-
tinctive periods of training to an NLP setting and
leveraging for the purpose of pruning. We propose
a more efficient method to compute signal relative
to prior methods which have required computing
gradients instead. Our hypothesis is that those with
the largest variability indicate the easy examples
which show the quickest learning and gains in cer-
tainty early in training.

Compared to existing data pruning strategies
in NMT, e.g. the popular (dual) cross-entropy
method (Axelrod et al., 2011; Junczys-Dowmunt,
2018) and contrastive data selection (Wang et al.,
2018), our approach doesn’t require an initial clean
dataset to train on as this is one limitation that
often prevents the adoption of such methods to
low-resourced languages. Additionally, it does not
require significant time to run as we rely only on
two early checkpoints rather than a training run
over multiple epochs. This makes CAT methods
suitable for low-compute and data-scarce environ-
ments which are usually co-occurring (Ahia et al.,
2021). Additionally, it eliminates dependency on
other models that may not capture information from
various languages and domains.

We study the effectiveness of CAT across di-
verse linguistic contexts. Specifically, we utilize
English-German and English-French pairs from
the Indo-European family using WMT datasets,

and the English-Swabhili pair from the Bantu fam-
ily with automatically aligned datasets. Through
a series of extensive experiments, we show that
CAT results in significant improvements in trans-
lation quality over random pruning (randomly se-
lecting X % subset of the training data) and other
embedding-based quality estimation methods such
as LaBSE (Feng et al., 2022). We summarize our
key contributions below:

1. Focusing on Machine Translation, we perform
an empirical evaluation of existing quality es-
timation techniques and embedding models
as a means of data pruning. These techniques
were not designed for data pruning however
we observe that quality estimation techniques
are less effective for pruning high-quality MT
datasets compared to embedding models used
for automatic alignment.

2. We propose a novel method, Checkpoints
Across Time (CAT), that leverages perplexity
variation to prune MT datasets with signifi-
cant improvements over existing methods for
Indo-European languages. We show that CAT
results in significant improvements in transla-
tion quality over random pruning (randomly
selecting X% subset of the training data)
and other embedding-based quality estimation
methods such as LaBSE (Feng et al., 2022).
Using our best CAT-based method on English-
German, English-French and English-Swabhili
translation tasks, we are able to achieve com-
parable performance while pruning up to 50%
of the training data.

3. We complement our findings with extensive
analysis, studying the relationships between
performance metrics and sentence characteris-
tics such as sentence length in MT.

2 Background
2.1 Data Pruning in ML

Data pruning has been extensively studied in the
work of (Marion et al., 2023; Li et al., 2018; Raju
et al., 2021; Swayamdipta et al., 2020; Boubdir
et al., 2023). Li et al. (2018); Sorscher et al. (2022)
and Raju et al. (2021) focus on data pruning for
computer vision whereas Swayamdipta et al. (2020)
focuses on data pruning for language tasks. Vari-
ous techniques have been proposed for data prun-
ing, such as utilization of loss profile (Siddiqui
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et al., 2023), gradients confidence score (Agar-
wal et al., 2022), and data classification using a
model (Swayamdipta et al., 2020). Increasingly
techniques have been extended from primarily com-
puter vision settings (Sorscher et al., 2022) to more
recently expanding the treatment of data pruning
language settings (Marion et al., 2023). These
methods quantify the importance of data points
to model generalization. Our work follows along
these lines of identifying critical data points by
leveraging the difference in perplexity between
early checkpoints.

2.2 Model-based Data Pruning for NMT

Specifically for the task of NMT, model-based data
pruning approaches have been most popular and
originate from the cross-entropy scoring method,
proposed by Moore and Lewis (2010). Data points
are ranked either based on their perplexity under
an in-domain language model (LM), or based on
the difference of this in-domain cross-entropy and
the cross-entropy of a general-domain LM. Axel-
rod et al. (2011) first apply this technique for MT
data selection with a bilingual extension with LM
cross-entropy scores for source and target sides.
Duh et al. (2013) use early neural LMs instead of n-
gram LMs, and Junczys-Dowmunt (2018) replace
LMs with NMT models trained in both directions.
Zhang et al. (2020) propose to use scores from pre-
trained large language models like GPT for domain
filtering instead of custom-trained models. van der
Wees et al. (2017) make the data selection dynamic,
by gradually fine-tuning an NMT model on newly
selected data points every epoch. While the focus
of model-based data selection was originally on
in-domain data selection, it was later extended to
generally filtering noisy data sources. Wang et al.
(2018) propose an online data denoising approach,
measuring noise through differences in log proba-
bilities between noisy and denoised NMT models.
Most recently, MT quality estimation (QE) mod-
els have also been leveraged for corpus mining
and filtering (Kocyigit et al., 2022; Batheja and
Bhattacharyya, 2023). Chimoto and Bassett (2022)
show that COMET-QE (Rei et al., 2020) improve
over random data selection in active learning MT
settings.

All these approaches rely on the existence of a
small trusted data set or trusted models to extrinsi-
cally define what “good data” looks like. Our ap-
proach, while also using model perplexity as a met-
ric, however, does not require such pre-selection,

and focuses on model training dynamics instead.
Thereby, it can be applied more broadly. Our exper-
iments aim at this less constrained setting without
any given high-quality data, so we compare against
model-based selection with an MT-QE model and
a multilingual LLM.

2.3 Embedding-based Data Pruning for NMT

Embedding-based similarity metrics have recently
become popular for NMT data selection, as they
rely on unsupervised learning and intrinsic notions
of quality, assuming that high-quality parallel sen-
tences have high similarity in a cross-lingual rep-
resentation space (Schwenk, 2018). Few examples
of language-agnostic sentence embedders include
MUSE (Lample et al., 2018), XLM-R (Conneau
etal., 2020), LaBSE (Feng et al., 2022) and LASER
(Heffernan et al., 2022). Schwenk et al. (2021a,b);
Costa-jussa et al. (2022) utilize the LASER sen-
tence embedder for bitext mining, whereas Ramesh
et al. (2022); Gala et al. (2023) use the LaBSE sen-
tence embedder for the same purpose. In our ex-
periments, we compare against data pruning with
LASER and LaBSE embeddings.

2.4 Comparison Studies

With this plethora of filtering methods and appli-
cation scenarios, there have been few works to
systematically compare them. The WMT shared
tasks for corpus filtering (Koehn et al., 2018, 2019,
2020) have shed light on how different languages
and resourcefulness conditions pose different chal-
lenges for above-described filtering methods in
practice, and how they affect downstream NMT
performance. Bane and Zaretskaya (2021) com-
pare data filtering techniques with a more qual-
itative angle: They find that NMT scores and
MUSE embeddings have the highest correlation
with human quality judgments, NMT scores work
best for in-domain selection, and MUSE/XLM-
R for out-of-domain generalization. Herold et al.
(2022) compare multiple data noise detection tech-
niques according to their effectiveness for filtering
out specific types of data noise. They find that
LASER does not detect incorrect languages, and
both LASER and cross-entropy perform weakly
on detecting misaligned sentences and over/under
translation. Similarly, Bane et al. (2022) find cross-
entropy filtering empirically superior to other meth-
ods (XLM-R, MUSE, LASER, COMET) for filter-
ing out various synthetic noise types (Khayrallah
and Koehn, 2018). In their setup, COMET fails at
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filtering out misaligned sentences but shows par-
ticular sensitivity for target-side omissions, NMT
scoring for source-side omissions, while LASER
and COMET do not filter mismatching numbers
well. Dakwale et al. (2022) compare LASER and
LaBSE on low-resource corpus filtering tasks and
find them competitive if languages are included in
the pretraining of the underlying embedding mod-
els.

In this work, we provide both a systematic empir-
ical comparison of different types of data pruning
techniques on downstream NMT performance for
three target languages, as well as qualitative analy-
ses of what kind of data is getting selected.

3 CAT: Checkpoints Across Time

Our goal is to extract the most valuable data points
that would contribute to model generalization and
train the model solely on this. Our approach, while
simple, leverages the difference in learning stages
in deep neural network optimization. Firstly, we
train an NMT model on the full dataset for only a
few epochs, ideally a small fraction of the total time
needed for the model to converge. Subsequently,
we use the checkpoints from this initial stage to
compute the perplexity of each data point. These
perplexity scores serve as the basis for selecting
candidate data points for subsequent pruning using
different perplexity profiles. This approach draws
upon the findings of Swayamdipta et al. (2020)
that categorize training data relevance based on the
learning dynamics during training, and Agarwal
et al. (2022) which leverage the difference in gradi-
ents across training to identify easy versus challeng-
ing examples. Unlike Agarwal et al. (2022) which
uses computationally expensive variance of gradi-
ents, we use perplexity. For CAT we can utilize the
perplexity scores in two ways:

3.1 CAT-DIFF

Let X = {x1,x2,x3,...,x,} be all instances in
the training data. To select s C X instances to be
pruned, we compute the perplexity of each instance
at epoch j of all data points in X using the model
trained on X with weight parameters 0;:

1 T
PPL;(z;) = exp <_T Zlog Py, (:UM)) (1)

t=1

where 7' is the number of words in each example
ZT;.

We then rank all data points based on differences
in perplexity between the two epochs that form our
checkpoints:

APPL(z;) = PPLy(z;) — PPLy(z;)  (2)

From the ranked data points, we select those with
the highest differences between early epochs,! ac-
cording to a threshold at a chosen percentile. For
example, for pruning of 50% of data points, we
keep all data points that rank higher than the 50th
percentile.

3.2 CAT-VAR

An alternative is to compute the perplexity at
N > 1 epoch checkpoints, but to rank data points
according to the variance of the perplexity across
the checkpoints:

Var(PPL(x;)) =
1Y 1 o 2
~ Z (PPLj(CEi) N Z PPLl(ﬂfl)) 3)
j=1 =1

In our experiments, we use N = 3 correspond-
ing to epochs 1,3 and 5.

In contrast to CAT-DIFF, we then select data
points around the median with a range according to
the pruning percentage that we want to achieve, e.g.
data points between the 25th and 75th percentile
for a pruning percentage of 50%. This aligns with
several works which have found variance in model
signal to be predictive of difficulty (Swayamdipta
et al., 2020; Agarwal et al., 2022). Swayamdipta
et al. (2020) show that data points that fall on the
tails of the variance tend to be either too easy or too
difficult and thus the model may not benefit most
from being trained on such examples.

4 Experimental Setup

To fully test the CAT methods for pruning we ex-
plore the following variations: (1) different target
languages, (2) different pruning levels, (3) different
test domains, and (4) configurations such as model
sizes and choice of checkpoints. We compare the
effectiveness of the pruning against embedding-
based, LLM-based, and random selection.

4.1 Training Data

We conduct our experiments on datasets that trans-
late from English into three languages: French,

'Either 5th and 1st or 2nd and 1st.
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German, and Swahili. For German, we use the
English-German WMT19 dataset (Barrault et al.,
2019), comprising 38M parallel sentences sourced
from various origins, and for Swahili, the English-
Swahili WMT22 dataset (Costa-jussa et al., 2022;
Adelani et al., 2022b), consisting of 22M paral-
lel sentences sourced from the web (Bafion et al.,
2020) then automatically identified using LASER.
We use the English-French WMT15 (Bojar et al.,
2015) dataset for French. Due to compute con-
straints, the majority of our experiments and ab-
lations were carried out on a randomly selected
subset of 3.8M parallel sentences from all datasets,
which constitutes 10% of the original German and
French datasets and 17% of the Swahili dataset.
Subsequently, we implement the best variant of
our method on the entire dataset to evaluate the
scalability of our approach.

4.2 Evaluation Data

Our evaluation sets consist of WMT18 (Bojar et al.,
2018), WMT15 (Bojar et al., 2015), FLORES
(Goyal et al., 2022; Costa-jussa et al., 2022) and
MAFAND-MT (Adelani et al., 2022a) test sets.
These test sets were curated using human annota-
tors thereby mitigating common issues associated
with automatically aligned datasets, such as erro-
neous alignments. The WMT18 and WMT 15 test
sets were released as part of the WMT machine
translation task consisting of 2998 and 1500 par-
allel sentences respectively from various sources
of the news domain. WMT18 was used to eval-
uate German models while WMT15 test set was
used to evaluate French. The FLORES test set was
used to evaluate all languages: German, French
and Swahili. The FLORES test set consists of 1012
sentences from 3 sources: WikiNews, WikiJunior
and WikiVoyage. We use the MAFAND-MT test
set for Swahili model evaluation. MAFAND-MT
test set consists of 1835 sentences from the news
domain.

4.3 Training Details

We train all our NMT models using the fairseq
library? (Ott et al., 2019). Our models fol-
low the same architecture as the vanilla trans-
former (Vaswani et al., 2017) with GeLLU activation
(Hendrycks and Gimpel, 2016) instead of ReLU
activation (Nair and Hinton, 2010). We report all
the hyperparameters used for training the models

Zhttps://github.com/facebookresearch/fairseq

in Table 1. We conduct all our experiments on 4
A100 40GB GPUs with the duration for runs at
90%, 70%, and 50% prune level, and full dataset
utilization approximately taking 1, 2, 3, and 4.5
hours, respectively. Furthermore, we train separate
SentencePiece tokenizers (Kudo and Richardson,
2018) for source and target languages with a vo-
cab size of 16K using 3.8M translation pairs for
both English-German and English-Swabhili experi-
ments. We use SacreBLEU library3 (Post, 2018) to
compute BLEU score (Papineni et al., 2002) and
used it as our evaluation metric. We also calculate
chrF++ and COMET scores and report them in the
Appendix. All the metrics exhibit the same trend in
our experiments. Our baseline models are trained
on the entire 3.8M translation pairs and denoted
as “full” for all language pairs; English-German,
English-French and English-Swahili. We investi-
gate the impact of data pruning with sparsity levels
of 50%, 70% and 90% using various techniques
briefly described below.

4.4 Baselines

As outlined in Section 2, we compare with the most
common NMT data pruning techniques:

1. Random Selection: This involves choosing
data instances without specific criteria purely
by chance. Although this approach may seem
intuitively suboptimal, Azeemi et al. (2023)
shows that this also performs competitively
with different pruning strategies for a few
cases. Therefore, we include this approach
as one of our baselines.

2. COMET-QE: Rei et al. (2020) proposed
model-based MT evaluation metric that uti-
lizes embeddings from XLM-RoBERTa (Con-
neau et al., 2020) to access translation quality
when provided source, labels and target trans-
lations or just source and target translations.

3. LaBSE & LASER: Both are multilingual
sentence embedding models trained on large
aligned corpora covering a number of lan-
guages. LASER (Heffernan et al., 2022) cov-
ers 200 languages and was trained with an
encoder-decoder LSTM architecture. LaBSE
(Feng et al., 2022) on the other hand covers
93 languages and was trained on top of BERT
(Devlin et al., 2019).

3With parameters: nrefs:1|case:mixed|eff:no|
tok:13a|smooth:exp|version:2.3.2
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Hyperparameter Value
Optimizer Adam (Kingma and Ba, 2014)
Beta values (31, 82) (0.9,0.98)
Learning rate 5e —4

Scheduler
Criterion

Inverse sqrt
Cross-entropy

Label smoothing (Szegedy et al., 2016) 0.1
‘Warmup learning rate le-7
‘Warmup steps 4,000
Gradient clipping 1.0
Dropout (Srivastava et al., 2014) 0.2
Effective batch size 16K
Mixed precision training FP16
Maximum epochs 30
Maximum sequence length 256

Table 1: Model hyperparameter settings for all our ex-
periments.

4. BLOOM LLM: Using the multilingual pre-
trained BLOOM LM (Scao et al., 2022), we
explore the selection of relevant data points by
computing the perplexity of the reference sen-
tence.* This is the closest to the CAT method,
as it also leverages insights from a trained
Transformer model, where we expect easy
and hard-to-learn examples to fall on the tails
and thus will not enable the model to learn
effectively. In contrast to CAT, its perplexity
scores might be more expressive, because it
was trained on more data and with more pa-
rameters. On the other hand, we do not get
any insights on training dynamics. We use
BLOOM variants with 560M, 1.1B and 1.7B
parameters for our experiments and assess the
impact of model size on perplexity computa-
tion.

In the following, we will summarize embedding-
based selection and QE-based selection as Transla-
tion Quality Estimators.

5 Results and Discussion

We conducted experiments on English-German and
English-Swahili datasets, employing various prun-
ing techniques. We pruned 90%, 70% and 50%
of the training data and compared this to training
on the full set. To evaluate these models, we used
WMT18 and FLORES test sets for German, and
FLORES and MAFAND-MT as the test sets for
Swahili. Furthermore, we applied the most ef-
fective pruning techniques to an English-French

“Past work has found that NMT is more susceptible to
target-side noise (Khayrallah and Koehn, 2018), so we focus
on target-side perplexity. In principle, this method could be
extended to a combination of source and target perplexities as
in the cross-entropy method (Moore and Lewis, 2010), but it
would require twice the computation.

dataset to verify the consistency of performance
across different language pairs.

5.1 CAT techniques outperforms random
pruning in German and Swabhili

Figure 1a demonstrates that CAT-DIFF(1,5) and
CAT-VAR outperform random selection in the Ger-
man test sets. On the other hand, in Swahili, only
CAT-DIFF(1,5) consistently outperforms random
selection, while selecting data randomly yields bet-
ter results than CAT-VAR (refer to Figure 1b). CAT
techniques achieve efficient pruning while main-
taining an upwards of 75% performance compared
to training on the full dataset, even after pruning
90% of the data. For German, both CAT-DIFF(1,5)
and CAT-VAR maintain over 80% of the perfor-
mance achieved by training on 100% of the data. In
the case of Swahili, CAT-DIFF(1,5) retains above
80% of the performance, whereas CAT-VAR tends
to perform worse, retaining only around 30% of
the performance. A noteworthy efficiency of CAT
techniques lies in their ability to sidestep the in-
ferencing with fully converged models, thus one
doesn’t need a lot of compute to utilize these tech-
niques.

Table 2 presents the ablation study conducted
for CAT-DIFF to compare the performance of CAT
pruning techniques based on different checkpoints.
We evaluate the difference between checkpoints
1 and 5, referred to as CAT-DIFF(1,5) and check-
points 1 and 2, denoted as CAT-DIFF(1,2). We see
that CAT-DIFF(1,5) yields better performance than
CAT-DIFF(1,2). However, CAT-DIFF(1,2) offers
the advantage of using fewer resources albeit at the
cost of a slight dip in performance.

5.2 Translation quality estimators are less
effective for German

We find translation quality estimators to be less
effective in pruning German than Swabhili. For in-
stance, Figure 2a indicates that random data prun-
ing outperforms translation quality estimators at
90% and 70% pruning levels for both test sets.
However, with Swahili, we observe a different be-
havior, where LABSE outperforms random pruning
on all pruning levels, as depicted in Figure 2b. In-
terestingly, pruning Swahili data with LaBSE and
LASER yields superior performance compared to
training on the full data set, particularly for the 50%
pruning level for the FLORES test set. Further,
translation quality estimators consistently outper-
form random pruning in Swahili and do not sacri-
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Figure 1: Performance of the CAT methods for both German and Swahili. The CAT-DIFF(1,5), referring to the
difference between checkpoints 1 and 5, consistently performs better than random. CAT-VAR yields very poor
performance for Swahili and also underperforms CAT-DIFF for German.

fice performance even at 90% pruning level with
the exception of LASER on the MAFAND test set.
We believe that these differences in behavior can
be attributed to varying data quality between the
two languages. The German dataset contains sen-
tences with high variance in sentence length and
included sentences with foreign language. Con-
versely, the Swahili dataset consists of processed
automatically aligned sentences, where there is a
low sentence length variance and the sentences do
not contain any foreign language. See Figure 7 and
Figure 8 in the Appendix. Therefore, selecting the
best sentences ensures the inclusion of high-quality
translation pairs.

5.3 LLM perplexity techniques are
competitive for Swahili but sub-par for
German

Figure 3 illustrates that utilizing LLMs for prun-
ing provides competitive results for Swabhili but
shows sub-par performance for German. We fur-
ther observe that the LLM perplexity technique
across different BLOOM model sizes performs su-
perior compared to random pruning across pruning
levels for Swabhili (see Figure 3b). Among the
various BLOOM model sizes, the smallest model,
BLOOM 560M consistently outperforms the oth-
ers, followed by the BLOOM 1B model. It is im-
portant to note that LLM techniques perform worse
than random for German. This suggests that in
cases where limitations in data and compute dou-
ble bind, utilizing pretrained LLMs can save on the
limited resources available.

5.4 What pruning techniques work best?

Figure 4 shows the comparison of random, LaBSE
and CAT-DIFF pruning techniques for German,

WMT18 FLORES MAFAND-MT
90% 70% 50% 90% 70% 50% 90% 70% 50%

CAT-DIFF(1,5) 341 381 387 284 309 310
CAT-DIFF(1,2) 334 37.7 381 277 30.1 309

CAT-DIFF(1.5) 250 297 303 21.0 250 253
CAT-DIFF(1,2) 237 301 300 206 246 25.6

German

Swahili

Table 2: Ablation study of the CAT-DIFF techniques
for both German and Swahili. CAT-DIFF(1,5) outper-
forms CAT-DIFF(1,2) except for Swahili at 70% and
50% prune levels for FLORES and MAFAND-MT re-
spectively. As a result, we use CAT-DIFF(1,5) in all
experiments.

French and Swahili. It is evident that CAT-DIFF,
outperforms other methods for German, whereas
LaBSE demonstrates superior performance for
Swahili. Specifically, CAT-DIFF(1,5) surpasses
the other techniques for German at each pruning
level and retains 99% of the full data’s performance
even at 50% prune level (refer to Figure 4a). We
observe similar trends for French in Figure 4b with
CAT-DIFF(1,5) also generally outperforms LaBSE
and random selection, except for FLORES at the
50% prune level. Conversely, for Swahili, LaBSE
is consistently superior to other pruning techniques,
followed by CAT-DIFF(1,5) (see Figure 4c). We
also find that pruning using LaBSE for Swabhili
yields competitive performance as training on the
full dataset.

We also report the statistical significance results
with paired bootstrap resampling(Koehn, 2004) for
SacreBLEU and COMET in the Appendix, see
Tables 4 to 6.

5.5 Scaling best pruning techniques

To verify the generalizability of CAT-DIFF along
with baselines such as LaBSE and Random Selec-
tion, we trained NMT models on the entire dataset,
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Figure 3: Performance of the LLM perplexity metrics for both German and Swahili. For German, the LLM
perplexity metrics perform worse than random whereas, for Swahili, the LLM perplexity metrics are approximately

the same as random.

~23M parallel sentences for Swahili and ~38M
parallel sentences for German and French. We
compare CAT-DIFF(1,5), LABSE and random data
pruning at 90% prune level. We find the results
to be similar to 3.8M scale experiments. Table 3
show that CAT-DIFF(1,5) outperforms random in
German and French while pruning using LaBSE
performs better in Swahili.

6 Analysis of Sentence Selection for
German, French, and Swabhili

To better understand the performance gap between
pruning techniques for German, French(Indo-
European languages) and Swahili(a Bantu lan-
guage), we analyze the sentences selected ran-
domly as well as those selected using CAT-
DIFF(1,5) and LaBSE. Figure 5 illustrates that
longer sentences correlate with higher BLEU
scores for German and French when considering
target sentence length. This observation of longer
sequence lengths giving better scores is also seen in
Junczys-Dowmunt (2019). Most of the points in the

top right quadrant are chosen by CAT-DIFF(1,5),
indicating a preference for longer sentences and
performs better. However, we observe that picking
the longest sentences for Swahili doesn’t lead to
better BLEU scores. We, therefore also look at
the lexical diversity to distinguish the sentences
selected.

Language  Test Set Random LaBSE CAT-DIFF(1,5) Full
German WMT18 38.8 9.2 40.3 42.6
FLORES 314 6.4 32.1 34.3
Swahili FLORES 293 33.6 203 33.0
MAFAND-MT 24.5 28.9 15.3 27.5
French WMT15 332 29.2 34.7 358
FLORES 42.5 36.2 43.6 45.1

Table 3: BLEU scores for German, French and Swahili
on the entire datasets (i.e. ~38M for German and
French and ~23M for Swahili). Random and CAT-
DIFF are performed with 10% sparsity (i.e. 90% prune
level).

Figure 6 shows that CAT-DIFF(1,5) selects sen-
tences that have more unique and rare words as
opposed to German which is less lexically diverse
and thus results in lower mean frequency. Simi-
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Figure 5: Target sentence length vs BLEU score for all
languages and techniques. We see that longer sentences
correlate on average with better performance. Notably,
pruning techniques like CAT-DIFF(1,5), which favor
longer sentences, achieve higher BLEU scores.

larly, CAT-DIFF(1,5) also selects more unique and
rare words for Swahili. Although LaBSE performs
relatively better in selecting more unique and rare
words for French, it still falls short compared se-
lection of words using CAT-DIFF(1,5) for German.
This implies that CAT-DIFF(1,5) selection is far
more complex than selecting the longest sentences.
We leave a deeper investigation of sentences se-
lected using various techniques for future studies.

7 Conclusion

Identifying optimal subsets of a given dataset for
training a machine translation model is a crucial
problem that enables data efficiency and saves on
compute. In this paper, we present Checkpoints
Across Time (CAT) methods as efficient techniques
to prune datasets. CAT uses the change in perplex-
ity scores of individual examples over the first few
training epochs to find good subsets. Using 3.8M
sentences for English-German, English-French and
English-Swabhili, we show that CAT techniques of-
fer highly computationally efficient pruning that

Unique Words Rare Words
500000 275
® random 4 random * random
Pt poLait 250 % poLall
® iabse & labse * labse
500000 225

700000 ’

Mean Frequency
*

800000

500000
300000

400000 @
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german  swahili  french german  swahili french german  swahili french
Language Language Language

Figure 6: Analysis of word characteristics selected by
different pruning techniques. CAT-DIFF(1,5) tends to
select more unique and rare words for German and
Swahili and the words selected are characterized by
a lower mean word frequency. In contrast, for French,
LaBSE favors unique and rare words, and its selection is
less pronounced compared to CAT-DIFF(1,5)’s for Ger-
man. These statistics illustrate that pruning techniques
prioritize nuanced examples across languages without
adhering to a uniform pattern.

achieves above 75% of full performance even when
90% pruning is applied to all target languages. We
also show that LaBSE, when used to select training
examples from an automatically aligned dataset
provides strong signals on examples crucial for
model generalization as the examples selected per-
form on par or surpass training on the full dataset.
Interestingly, we find that utilizing LLMs for prun-
ing does not offer benefits in selecting data for
German but does for Swahili.

8 Limitations

In this work, we focus on data pruning in a bilin-
gual setting for 3 languages and limit the data size
to 3.8M sentences. This is due to computation con-
straints. This means that the results may not apply
to other languages. Also, it would be interesting to
investigate performance on larger scales as we only
conducted experiments on German and English for
CAT-DIFF and random selection. Moreover, fur-
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ther research is needed to explore the multilingual
setup where data pruning would be conducted si-
multaneously on several languages.
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A Dataset Analysis

Figure 7 and Figure 8 provide analysis of the 3.8M dataset for German, Swahili and French. Both German
and French exhibit outliers in the sentence length with some sentences being 500 words or longer while
Swahili seems to be filtered by sentence length as no sentence has more than 250 words. See Figure 7. We
also see that foreign languages were removed from the Swahili dataset as both source and target sentences
do not contain any other language whereas both German and French contain foreign language.

German Sent Length Swahili Sent Length French Sent Length
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Figure 7: Source (English) sentence length vs Target (German, Swahili, French) sentence length. German and
French show high variance while Swahili shows low variance.
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Figure 8: English sentences Language ID (en) vs Target (German, Swahili, French) sentence length (tgt). Swahili
set does not contain any foreign languages while German and French seem to contain other languages.

B Other evaluation metrics and significance tests

We ran additional experiments to calculate chrF++ and COMET scores and report the statistical signifi-
cance results with paired bootstrap resampling (Koehn, 2004) using sacreBLEU and COMET libraries
with default configurations for the respective metrics below for all our experiments with on the 3.8M
data scale. We find that CAT-DIFF demonstrates competitive or superior performance compared to other
methods on en-de and en-fr pairs across most test sets. Bolded numbers in Tables 4 to 6 show that with
1000 resamples, CAT-DIFF outperforms the other technique 95% of the time thus CAT-DIFF is statistically
significance at 95% confidence level. These results highlight the effectiveness of our proposed method.
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Swahili FLORES MAFAND-MT

90% 70% 50% 90% 70% 50%
BLEU
CAT DIFF(1,5) | 25.0+1.0 297+1.0 303%x1.1 | 21.0x0.8 250+£08 253+09
Random 15708 26709 287+10 | 144+06 22.0x0.8 23.6x0.8
LaBSE 292+1.1 307+10 31.6+10 | 249+09 262+09 262+09
LASER 04=+0.1 14 +£0.3 15+£03 | 21+x03 3.2+04 3.6+04
COMET 15309 27610 298+10 | 16.8+0.8 24508 254+09
BLOOM 560m | 17.7+x09 27.0+09 28.7+1.0 | 15.0+0.7 221+x0.8 24.2%+0.8
BLOOM 1b 17209 26510 294+1.1 | 145+06 21908 24.2%0.8
BLOOM 1.7b 145+08 264+10 281+1.0 | 125+0.6 21.7+08 235+0.8
Full 309+10 309+10 30910 | 275+10 275+10 275=%*1.0
chrF++
CAT DIFF(1,5) | 522+0.7 56.0+0.7 564+0.8 | 472+0.7 509+0.7 51.0x0.7
Random 427 +0.7 535+0.7 55.0%+0.7 | 39.8+0.6 485+0.6 49.7+0.7
LaBSE 559+0.8 57.0+07 575+07 | 51.1+0.6 523+0.7 523+0.7
LASER 82+03 13.0+03 132+03 | 125+03 146+04 15504
COMET 422 +0.7 542+0.7 562+07 | 423+x0.7 50.6+0.7 51.3%0.7

BLOOM 560m | 44.9+0.7 53.6+x0.7 553+0.8 | 41.2+0.6 48.6+0.6 50.1+0.7
BLOOM 1b 44107 532+0.7 555+08 | 402+0.6 482+0.7 503+0.7
BLOOM 1.7b 40.7+0.7 53.0+x08 547+08 | 37405 481+0.7 49.6+0.7

Full 56.8+0.7 56.8+0.7 568+0.7 | 529+£0.7 529+0.7 529+£0.7
COMET
CAT DIFF(1,5) 75.81 79.25 79.49 76.38 80.18 80.45
Random 68.97 77.66 79.05 71.30 78.39 79.66
LaBSE 78.29 79.72 80.36 80.30 81.65 81.75
LASER 30.82 41.91 44.56 40.43 45.88 48.23
COMET 71.42 79.39 80.43 75.70 81.33 81.18
BLOOM 560m 70.19 77.69 79.10 70.91 78.74 80.27
BLOOM 1b 69.31 77.12 78.95 69.84 78.43 79.90
BLOOM 1.7b 68.15 77.34 78.56 71.85 78.33 79.48
Full 80.01 80.01 80.01 81.81 81.81 81.81

Table 4: Significance test for Swahili with the null hypothesis: mean translation score of CAT-DIFF is equal to the
mean of the other technique. A bolded entry signifies that CAT-DIFF is significantly better (p-value < 0.05) than the
method used for the corresponding value. For each dataset, we show results for different prune levels (90%, 70%,
50%) and metrics (BLEU, chrF++, COMET). Here "Full" means the value obtained when using all the training data.
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German FLORES WMTIS

90% 70% 50% 90% 70% 50%
BLEU
CAT DIFF(1,5) | 283+1.0 30911 31.0+1.1 | 34107 381+£0.7 387+0.8
Random 23.7+x10 288x+11 300+1.1 |28.6x0.7 349+0.7 36.7+0.8
LaBSE 54+06 235+1.0 28310 | 75+x05 281x0.6 34.3+0.7
LASER 17108 278+1.0 305+1.1 | 20.8+x0.6 333+0.7 36.7+0.8
COMET 16.7+09 285+11 307x1.1 | 194+x0.6 339+0.7 37.8%0.7

BLOOM 560m | 23.0+1.0 27.7+1.0 295+1.1 | 28.0+x0.6 33.8+0.7 36.6+0.7
BLOOM 1b 226+1.0 27610 295x1.0 | 27.7+0.6 33.9%0.7 36.7+0.7
BLOOM 1.7b 223+09 26910 29911 | 271+0.6 335x0.7 359=x0.7

Full 315+12 315+12 315412 | 388+0.8 388+0.8 388+0.8
chrF++

CAT DIFF(1,5) | 553+0.8 57.5+0.7 57.7+0.8 | 59.2+0.5 622+0.5 62.6+0.5

Random 515+0.7 555+08 568%+08 | 54.6+x0.5 595+0.5 61.2+0.5

LaBSE 246+0.7 514+08 55608 | 279+04 54.6+0.5 59.4+0.5

LASER 445+08 553+08 57.2+08 | 474+x05 588+0.5 61.2+0.5

COMET 44.1+0.7 552+08 57108 | 46.2+0.5 588+0.5 61.6%0.5

BLOOM 560m | 50.9+0.7 548+08 562+0.7 | 543+0.5 588+0.5 60.9+*0.5
BLOOM 1b 50707 548+0.7 562+0.7 | 54005 59.0+£0.5 60.9+*0.5
BLOOM 1.7b 503+x0.7 545+0.7 565+08 | 53.5+0.5 58.6+0.5 60.5+0.5

Full 57.7+08 57708 57708 | 627£05 627+05 62.7+0.5
COMET
CAT DIFF(1,5) 77.80 80.38 80.93 78.92 82.11 82.23
Random 70.77 78.70 79.59 71.30 79.14 80.83
LaBSE 46.39 69.46 76.43 48.09 70.75 78.00
LASER 60.26 76.14 79.31 61.04 77.08 80.48
COMET 57.70 78.46 81.69 58.65 78.80 82.59
BLOOM 560m 69.70 77.34 79.00 71.18 78.15 80.93
BLOOM 1b 70.35 76.82 79.25 70.72 78.17 80.69
BLOOM 1.7b 69.58 76.83 78.38 70.14 77.77 80.06
Full 80.86 80.86 80.86 82.81 82.81 82.81

Table 5: Significance test for German with the null hypothesis: mean translation score of CAT-DIFF is equal to the
mean of the other technique. A bolded entry signifies that CAT-DIFF is significantly better (p-value < 0.05) than the
method used for the corresponding value. For each dataset, we show results for different prune levels (90%, 70%,
50%) and metrics (BLEU, chrF++, COMET). Here "Full" means the value obtained when using all the training data.
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French FLORES WMTI5

90% 70% 50% 90% 70% 50%
BLEU
CAT DIFF(1,5) | 33.5+1.1 40113 41.0+x13 | 282+1.0 328+1.1 335%1.1
Random 329+12 38.6+x13 409+13 | 269+10 31.0+x1.1 325=+1.1
LaBSE 314+1.3 40.1+14 416+14 | 25111 31211 331=+1.1
Full 424+13 424+13 424+13 | 33.1+1.1 33111 331=+1.1
chrF++
CAT DIFF(1,5) | 57.5+£0.8 626+09 63.0+x09 | 53.1+£0.8 567+£09 57.3x09
Random 57.3+09 614%+09 629+10 | 51.8+x0.8 555+0.8 56.6%+0.8
LaBSE 553+11 623+10 63.7+10 | 49411 559%+09 574+09
Full 639+09 639+09 639+09 | 573+09 573+09 573+x09
COMET
CAT DIFF(1,5) 77.15 82.60 82.94 72.50 77.19 78.08
Random 75.44 81.02 82.41 70.74 75.58 77.02
LaBSE 73.81 81.22 82.86 69.72 75.82 77.28
Full 83.78 83.78 83.78 78.31 78.31 78.31

Table 6: Significance test for French with the null hypothesis: mean translation score of CAT-DIFF is equal to the
mean of the other technique. A bolded entry signifies that CAT-DIFF is significantly better (p-value < 0.05) than the
method used for the corresponding value. For each dataset, we show results for different prune levels (90%, 70%,
50%) and metrics (BLEU, chrF++, COMET). Here "Full" means the value obtained when using all the training data.
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