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Abstract

We are focusing on low-cost fine-tuning for large language models (LLMs) in Japanese text simplification. LLMs have
achieved high performance even with fine-tuning on small parallel corpora in tasks such as machine translation and
dialogue response generation. In this study, we propose a method of parallel corpus filtering for text simplification and
investigate how much the number of sentence pairs for fine-tuning LLMs can be reduced. Experimental results on
Japanese corpora in three domains revealed that the ability to perform text simplification tasks can be acquired even
from a very small corpus of 16 to 64 sentence pairs. Although more parallel corpora are needed to acquire domain
knowledge, our method outperformed full fine-tuning while reducing the training corpus by approximately 70%.
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1. Introduction

Text simplification (Alva-Manchego et al., 2020)
is a task of paraphrasing a given sentence to
make it easier to understand. This technology sup-
ports the reading comprehension for non-native
speakers (Petersen and Ostendorf, 2007) and chil-
dren (De Belder and Moens, 2010). In this study,
we tackle sentence simplification in Japanese with
large language models (LLMs) (Llama Team, 2024;
Fuijii et al., 2024; Okazaki et al., 2024).

LLMs acquire most of their knowledge and abili-
ties during pre-training (Zhou et al., 2023). There-
fore, even fine-tuning from a small parallel corpus
sometimes achieves high performance. For exam-
ple, 32 sentence pairs are used in machine transla-
tion (Zhu et al., 2024), and 1,000 sentence pairs are
used in dialogue response generation (Zhou et al.,
2023). However, the number of sentence pairs re-
quired for fine-tuning LLMs in the text simplification
task is still unknown.

Obviously, it is not enough to fine-tune on just a
small parallel corpus. Previous studies (Zhou et al.,
2023; Chen et al., 2024) have emphasized that the
corpora for fine-tuning LLMs are more important in
quality than quantity. As we will show empirically in
Section 4, randomly reducing parallel corpora leads
to performance degradation in the text simplifica-
tion task as well. To efficiently fine-tune LLMs, we
need methods for carefully selecting high-quality
sentence pairs in the target task.

An existing method for parallel corpus filtering
in text simplification (Hatagaki et al., 2022) is de-
signed to remove a small amount of noisy sentence
pairs. In contrast to traditional text generation mod-
els that require large-scale training corpora, since
we target LLM-based models, we focus on select-

ing a small number of high-quality sentence pairs.
In this study, to reduce the cost of fine-tuning
LLMs, we propose a method of parallel corpus fil-
tering that extracts a small amount of high-quality
sentence pairs from a parallel corpus for text sim-
plification. First, we explain why methods based on
semantic similarity (Chaudhary et al., 2019; Batheja
and Bhattacharyya, 2022; Hatagaki et al., 2022),
which have been employed in parallel corpus filter-
ing for text simplification and machine translation,
are not suitable for this task. Then, we propose
a method that also considers surface dissimilarity,
which encourages aggressive simplification.
Experimental results on Japanese text simplifi-
cation in three domains show that the proposed
method improves the performance of text simplifi-
cation models compared to existing parallel corpus
filtering methods. Detailed analysis revealed that
when fine-tuning on the parallel corpus extracted by
our method, even with a very small number of sen-
tence pairs (16 to 64), LLMs can acquire the ability
of text simplification. Although more corpora are
needed to acquire domain knowledge sufficiently,
fine-tuning with 4,000 sentence pairs, which re-
duced the number of sentence pairs by about 70%,
achieved higher performance than full fine-tuning.

2. Related Work

Parallel corpus filtering (Koehn et al., 2018, 2019,
2020) has primarily been studied in the context
of machine translation tasks, which utilize large-
scale parallel corpora. Unsupervised methods in-
clude those based on the cosine similarity of multi-
lingual sentence encoders such as LASER (Artetxe
and Schwenk, 2019) and LaBSE (Feng et al.,
2022) (Chaudhary et al., 2019; Batheja and Bhat-
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tacharyya, 2022). Supervised methods include
approaches based on machine learning that use
features like translation probabilities (Sanchez-
Cartagena et al., 2018) and deep learning meth-
ods that utilize multilingual masked language mod-
els like XLM-R (Conneau et al., 2020; Zaragoza-
Bernabeu et al., 2022). In this paper, we will con-
sider parallel corpus filtering suitable for text sim-
plification, a text-to-text generation task within the
same language, while comparing it to prior research
in machine translation.

3. Proposed Method

To reduce the cost of fine-tuning LLMs, we pro-
pose a method of parallel corpus filtering for text
simplification. If high-performance models can be
trained from small parallel corpora, it could lead to
solutions for the low-resource problem in this task.

3.1. Preliminary Experiment

Following previous studies on parallel corpus fil-
tering for text simplification (Hatagaki et al., 2022)
and machine translation (Chaudhary et al., 2019;
Batheja and Bhattacharyya, 2022), we apply par-
allel corpus filtering based on cosine similarity of
sentence embeddings as a preliminary experiment.

Method We first filtered out sentence pairs with
low cosine similarity using LaBSE (Feng et al.,
2022) from the training set of SNOW (Maruyama
and Yamamoto, 2018; Katsuta and Yamamoto,
2018), a Japanese text simplification corpus. Then,
we fine-tuned Swallow (Fuijii et al., 2024; Okazaki
et al., 2024), a Japanese LLM, on that corpus ap-
plying LoRA (Hu et al., 2022).

Results Unfortunately, LLMs fine-tuned on sen-
tence pairs with high semantic similarity became
overly conservative simplification models that out-
put the input sentences as is. For example, an LLM
fine-tuned on 20% of the 82,300 sentence pairs re-
produced the input sentence verbatim in 90% of the
cases on the evaluation set. As shown in Figure 1,
many sentence pairs with high semantic similar-
ity (cosine similarity using LaBSE) also have high
surface similarity (BLEU (Papineni et al., 2002)).
This leads to fine-tuning of LLMs often targeting
the identical sentence pairs. Furthermore, as can
also be seen from Figure 1, since sentence pairs
with extremely high surface similarity dominate, a
similar trend was observed even when the parallel
corpus was randomly reduced.
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Figure 1: Distribution of semantic and surface simi-
larity between sentence pairs in the SNOW corpus
before applying any parallel corpus filtering.

3.2. Parallel Corpus Filtering Based on
Semantic and Surface Similarity

To address the conservative nature of text simpli-
fication models fine-tuned on randomly selected
sentence pairs or those with high semantic similar-
ity, our proposed method also incorporates surface
dissimilarity. The low surface similarity is related
to more editing between sentences; therefore, fine-
tuning on sentence pairs with low surface similarity
leads to a preference for more aggressive simplifi-
cation. However, sentence pairs with low surface
similarity are often noisy pairs due to alignment er-
rors. Therefore, we design the proposed method to
select sentence pairs with high semantic similarity
while low surface similarity.

The quality of a pair consisting of complex sen-
tence x and simple sentence y is defined as follows:

Q(z,y) = /(1 — LaBSE(z, y))2 + BLEU(z, y)2

Here, LaBSE(-) denotes semantic similarity based
on cosine similarity computed using LaBSE' (Feng
et al., 2022), and BLEU(-) denotes surface similar-
ity computed using SacreBLEU? (Papineni et al.,
2002). This score represents the Euclidean dis-
tance from the upper-left corner in Figure 1, bal-
ancing semantic similarity and surface dissimilarity.
We exclude sentence pairs from the corpus in de-
scending order of this score.

"https://huggingface.co/
sentence-transformers/LaBSE
®https://github.com/mjpost/sacrebleu
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4. Evaluation

We apply our parallel corpus filtering to Japanese
text simplification corpora and reveal the required
corpus size by fine-tuning LLMs and pre-trained
sequence-to-sequence models.

4.1.

Data We used MATCHA® (Miyata et al., 2024)
and SNOW*% (Maruyama and Yamamoto, 2018;
Katsuta and Yamamoto, 2018), parallel corpora
for Japanese text simplification, for both train-
ing and evaluation. Additionally, we also used
JADES® (Hayakawa et al., 2022), a small-scale cor-
pus for Japanese text simplification, for evaluation.
Table 1 shows the statistics for each corpus.

Settings

Models We constructed text simplification mod-
els by fine-tuning Swallow” (Fuijii et al., 2024;
Okazaki et al.,, 2024), a Japanese LLM, and
Japanese BART® (Lewis et al., 2020), a sequence-
to-sequence model pre-trained on Wikipedia. We
employed greedy decoding for text generation.

Hyperparameters We evaluated the perfor-
mance of text simplification models while reduc-
ing the number of sentence pairs for fine-tuning.
During fine-tuning, we set the batch size to 16 sen-
tence pairs, the learning rate to 5 x 10~°, and used
AdamW (Loshchilov and Hutter, 2019) as the op-
timizer. We employed early stopping, which ter-
minates training if the cross-entropy loss on the
validation set does not improve for three epochs.
For fine-tuning LLMs, we applied LoRA® (Hu et al.,
2022) with a rank of » = 16, scaling factor o« = 16,
and dropout rate of 0.05.

Comparison Methods We compared our pro-
posed method with the following six parallel cor-
pus filtering methods. For evaluation, we used
SARI'® (Xu et al., 2016) and BERTScore'! (Zhang
et al., 2020). In Japanese text simplification, SARI
correlates with human evaluations in terms of sim-
plicity, while BERTScore in terms of fluency and
synonymity (Hayakawa et al., 2022).

3https://github.com/EhimeNLP/matcha
4https://www.jnlp.org/GengoHouse/snow/
tl5
Shttps://www.jnlp.org/GengoHouse/snow/
t23
Shttps://github.com/naist-nlp/jades
"https://huggingface.co/tokyotech-11m/
Llama-3.1-Swallow—-8B-Instruct-v0.2
8https://huggingface.co/ku-nlp/
bart-large—-japanese
9https://github.com/unslothai/unsloth
https://github.com/feralvam/easse
"https://github.com/Tiiiger/bert_score

Training Validation Evaluation
MATCHA 14,000 1,000 1,000
SNOW 82,300 2,000 700
JADES - - 3,907

Table 1: Number of sentence pairs in each corpus.

w/o Filtering This baseline uses the whole paral-
lel corpus for fine-tuning.

0-shot This baseline uses the prompt “Please
simplify the input sentence” without any fine-
tuning. Note that this is only used for LLMs.

Random It randomly selects sentence pairs.

Bicleaner-Al This is a supervised method for
parallel corpus filtering in machine transla-
tion'? (Zaragoza-Bernabeu et al., 2022), but
applied to text simplification corpora.

COS This is a method without surface similarity
derived from our proposed method. That is,
sentence pairs are selected in descending or-
der of semantic similarity.

BLEU This is a method without semantic similarity
derived from our proposed method. That is,
sentence pairs are selected in ascending order
of surface similarity.

4.2. Results

Experimental results for SARI are shown in Figure 2.
Each subgraph plots the number of sentences for
fine-tuning on the horizontal axis and the evaluation
score on the vertical axis. Solid and dotted lines
represent LLM and BART, respectively.

In-Domain Evaluation with LLM While larger
training corpora generally lead to higher perfor-
mance, our proposed method outperformed full
fine-tuning when reducing only a small amount
of noisy sentence pairs. Specifically, in experi-
mental settings using 4,000 sentence pairs from
the MATCHA corpus (about 70% reduction) and
64,000 sentence pairs from the SNOW corpus
(about 20% reduction), we improved simplification
performance while reducing fine-tuning costs. In
addition, the proposed method achieved the high-
est performance in most cases across all training
corpus sizes. These experimental results demon-
strate the effectiveness of the proposed method.
MATCHA is a corpus annotated by experts, while
SNOW is annotated by non-experts. MATCHA out-
performed full fine-tuning with a smaller training

https://github.com/bitextor/
bicleaner-ai
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Figure 2: Evaluation results of Japanese text simplification performance with SARI for each number of
sentence pairs in fine-tuning. Solid and dotted lines represent LLM and BART, respectively.

TERHE 2 X, YOI > T ERIINBZ 7 LAF—KIED Z 2T, HROHFE, AF¥FRb /) FHFRRLREIPZNVTT.
(Hay fever is an allergy caused by pollen from plants, often caused by cedar and cypress in Japan.)

LLMs (16)  fEMHEWRE, WEYOIEMBFEATEZ 27 LAF—TF. HATIE, AFPb/ FOEMBIFEHICKRZ ZeHENTT.
(Hay fever is an allergy caused by pollen from plants. In Japan, pollens from cedar and cypress are often the cause.)
LLMs (Full) TE¥MEIZ, HEYIOTERD (pollen) TR 27 L AX—T7F. HARTI, A¥XPe/ FHEENCKRE I eHBZNTT.

(Hay fever is an allergy caused by pollen from plants. In Japan, cedar and cypress are often the cause.)

Table 2: An example from the MATCHA corpus. LLMs can acquire basic ability for text simplification,
such as sentence splitting, through fine-tuning with only 16 sentence pairs (16). The more fine-tuned
LLMs (Full) can capture the characteristics of the MATCHA corpus, which provides English translations

for complex words.

corpus size than SNOW, which may be explained
by the quality of the corpus. Previous studies (Zhou
et al., 2023; Zhu et al., 2024; Chen et al., 2024)
have also reported that with high-quality training
corpus, LLMs can achieve high performance with
only small-scale fine-tuning.

Finally, note that the COS baseline exhibited ten-
dencies distinct from other methods. Within the
first 1,000 sentence pairs in the MATCHA corpus,
i.e., the top 1,000 pairs by semantic similarity, and
within the first 16,000 pairs in the SNOW corpus,
increasing the training corpus size did not improve
simplification performance. This suggests that sen-
tence pairs with excessively high semantic similarity
may hinder training for text simplification.

In-Domain Evaluation with BART When BART
had access to a large-scale parallel corpus, i.e.,
over 16,000 sentence pairs in the SNOW corpus,
it performed comparably to LLMs. However, its
performance degraded significantly as the training
corpus size decreased. In the MATCHA corpus,
BART also achieved performance equivalent to full
fine-tuning through fine-tuning on only 4,000 sen-
tence pairs. This suggests that a high-quality paral-

lel corpus can significantly reduce training costs by
our method. For the COS baseline, similar trends
were observed as in the experiments for LLMs.

Out-of-Domain Evaluation with LLM Unlike in-
domain evaluation, increasing the training corpus
size did not necessarily improve simplification per-
formance. In our method, fine-tuning with only 16
sentence pairs on the MATCHA corpus and 64 pairs
on the SNOW corpus achieved the highest perfor-
mance. Further training did not improve simplifi-
cation performance. These experimental results
imply that the ability to perform text simplification
task can be acquired even from a very small num-
ber of sentence pairs, such as several dozen.

On the other hand, the training corpus size and
simplification performance were proportional for
in-domain evaluation. As shown in Table 2, this
implies that acquiring domain knowledge requires
a large-scale training corpus. In addition, similar
to the in-domain evaluation, the fact that the pro-
posed method generally outperforms other meth-
ods demonstrates its effectiveness.
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Figure 3: Evaluation results for fluency and synonymity in Japanese text simplification with BERTScore.
Solid and dotted lines represent LLM and BART, respectively.

Out-of-Domain Evaluation with BART Similar
to the in-domain evaluation, simplification perfor-
mance deteriorated in BART in proportion to the
reduction in training corpus size. Therefore, unlike
LLMs, it is difficult to fine-tune BART using a very
small number of sentence pairs.

Analysis of BERTScore Analysis of SARI sug-
gested that our proposed method enables LLMs
to acquire simplification ability even with a small
training corpus. To complement our experiments,
we also evaluated using BERTScore in Figure 3,
which is a better metric for fluency and synonymity.

In the in-domain evaluation, LLMs fine-tuned with
the proposed method consistently achieved high
scores across all corpora, regardless of training
corpus sizes. These experimental results demon-
strate that the proposed method provides text sim-
plification models capable of faithfully preserving
the original meaning. In contrast, BART had a sig-
nificantly worse BERTScore as the training corpus
size decreased, suggesting it is less robust than
LLMs under low-resource conditions.

In the out-of-domain evaluation, LLMs fine-tuned
with the proposed method again achieved consis-
tently high scores regardless of training corpus
sizes, showing a similar trend to that observed
with SARI. Notably, the LLM fine-tuned on SNOW
achieved higher performance than full fine-tuning
using only 16 to 64 sentence pairs.

In evaluations with BERTScore, there were some
cases where the proposed method slightly under-
performed the COS baseline. This is possibly due
to the consideration of surface dissimilarity, which
encourages aggressive simplification in our method.
However, in contrast to the BLEU baseline, which
considers only surface dissimilarity and significantly

degrades synonymity, the proposed method effec-
tively prevents semantic deviation.

Overall, these experimental results revealed that
the proposed method, which balances semantic
similarity and surface dissimilarity, effectively im-
proves synonymity, fluency, and simplicity even
from a very small training corpus.

5. Conclusion

We propose a method for parallel corpus filtering
in text simplification that considers both seman-
tic and surface similarity. Experimental results in
Japanese show that LLMs acquire the ability to per-
form the text simplification task with fine-tuning on
just a few dozen sentence pairs. Nevertheless, ac-
quiring domain knowledge requires more corpora.
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