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Abstract: Low-resource languages often face the problem of insufficient data, which leads to
poor quality in machine translation. One approach to address this issue is data augmentation.
Data augmentation involves creating new data by transforming existing data through methods
such as flipping, cropping, rotating, and adding noise. Traditionally, pseudo-parallel corpora are
generated by randomly replacing words in low-resource language machine translation. However,
this method can introduce ambiguity as the same word may have different meanings in different
contexts. This study proposes a new approach for low-resource language machine translation, which
involves generating pseudo-parallel corpora by replacing phrases. The performance of this approach
is compared with other data augmentation methods, and it is observed that combining it with
other data augmentation methods further improves performance. To enhance the robustness of
the model, R-Drop regularization is also used. R-Drop is an effective method for improving the
quality of machine translation. The proposed method was tested on Chinese-Kazakh (Latin script)
translation tasks, resulting in performance improvements of 4.99 and 7.7 for Chinese-to-Kazakh and
Kazakh-to-Chinese translations, respectively.

Keywords: machine translation; data augmentation; phrase replacement; R-Drop

1. Introduction

Neural Machine Translation (NMT) is a method of machine translation that uses neural networks
[1-5]. NMT has achieved excellent performance on some resource-rich corpora. However, most
languages in the world are low-resource, meaning they lack sufficient parallel data for training NMT
models. This makes translation for low-resource languages challenging. Improving the performance
of low-resource machine translation is currently a research focus [6,7].

Researchers have proposed various methods to improve the performance of low-resource machine
translation. One method is transfer learning. Transfer learning improves the translation performance
by transferring knowledge from a large-scale high-resource corpus to a low-resource corpus.[8-12]
This method can leverage the features and model parameters of the existing data for pre-training
and fine-tuning in low-resource conditions to better adapt to the characteristics of the low-resource
corpus. However, transfer learning requires more computational resources. Another method is to
generate pseudo-parallel data using data augmentation techniques. Under low-resource conditions,
this method can help improve machine translation performance. Data augmentation methods include
a variety of techniques, such as synonym replacement, sentence rearrangement, word insertion and
deletion, and back-translation.[13-18] By leveraging these techniques, the original dataset can be
expanded to provide more training samples, thereby improving machine translation performance
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under low-resource conditions. However, data augmentation techniques have some limitations, such
as the possibility of generating unnatural translations, which may affect the accuracy of the translation.

Synonym replacement involves replacing certain words in the original sentence with their
synonyms to generate new sentence pairs, thereby increasing data diversity.[13,14] Sentence shuffling
rearranges the word order in the original sentence to create sentence pairs with the same semantics but
different structures, helping the model learn different sentence structures and grammar rules. Word
insertion and deletion can insert or remove certain words in the original sentence, generating slightly
modified sentence pairs to increase data richness and diversity. [15]Back-translation involves first
training an intermediate system with parallel data and then using that system to translate monolingual
data in the target language back into the source language.[16-18]

Although back-translation has been widely used in data augmentation, it may encounter issues
such as translation errors and fluency due to the limitations of the machine translation model. These
problems can lead to significant differences between the generated pseudo-parallel data and real
parallel data. Our plan is to augment parallel corpora using phrase replacement and increase
data diversity while reducing noise through various data augmentation methods. Additionally,
we introduce the R-Drop regularization method to improve the robustness of the model. With these
measures, we aim to train an outstanding Chinese-Kazakh machine translation model.[19]

The contributions of this work can be summarized as follows:

1. Parallel corpus augmentation: We successfully expanded the parallel corpus required for the
Chinese-Kazakh machine translation task by utilizing phrase replacement techniques. By
introducing more variations and diversities, we increased the richness of the training data,
providing more information and context for training machine translation models.

2. Joint data augmentation: To improve the quality of low-resource language machine translation,
we adopted a combination of various data augmentation methods. In addition to generating
pseudo-parallel corpora through phrase replacement, other data augmentation methods, such as
random phrase replacement and deletion flipping, were also employed. By combining different
data augmentation methods, we further increased the diversity of the training data, enhancing
the model’s adaptability to various scenarios.

3. Introducing the R-Drop regularization method: By introducing the R-Drop regularization
method, we effectively enhanced the robustness of the model. R-Drop ensures consistency
between the outputs of two sub-models by minimizing the bidirectional Kullback-Leibler (KL)
divergence. During training, R-Drop regularizes the outputs of two sub-models randomly
sampled from dropout. This alleviates the inconsistency between the training and inference
stages, strengthening the model’s generalization ability and adaptability to unknown data.

In conclusion, the main contributions of this work lie in expanding the parallel corpus through
phrase replacement, combining multiple data augmentation methods, and introducing the R-Drop
regularization method to enhance the model’s robustness. Through these efforts, we successfully
trained a high-performing Chinese-Kazakh machine translation model, making positive contributions
to research and applications in this field.

2. Related Work

Neural Machine Translation (NMT) is a method that uses neural network models to achieve
automatic translation. Among them, Transformer is a classical NMT model that has achieved
breakthrough results in the field of machine translation. Before Transformer, traditional machine
translation methods were mainly based on Statistical Machine Translation (SMT).[20,21] These methods
often rely on phrase tables and language models, requiring preprocessing of large-scale parallel corpora.
However, SMT methods face challenges in word order and modeling long-distance dependencies,
resulting in limited translation quality. To address these issues, Neural Machine Translation emerged.
All the research in this work is based on the Transformer model.[3] In the field of Neural Machine
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Translation, the Transformer model has been widely applied and achieved significant results. Early
NMT models used Recurrent Neural Networks (RNN) as the main component, such as the Seq2Seq
model based on an encoder-decoder framework.[22,23] However, RNNs have limitations in terms
of difficult parallel computation and modeling long dependencies. To overcome these limitations,
the Transformer model was introduced. The Transformer model is based on attention mechanisms,
capturing contextual information in input sentences through self-attention and multi-head attention
mechanisms. [24,25]It consists of an encoder and a decoder, where the encoder transforms the
source language sentence into continuous vector representations, and the decoder generates the target
language sentence based on the output of the encoder. The introduction of the Transformer model
has had a significant impact on the field of machine translation. By using self-attention mechanisms,
the Transformer can better capture long-distance dependencies in input sentences, thereby improving
translation quality. Additionally, the Transformer model has good parallel computing performance,
making the training process more efficient.
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Figure 1. Model architecture of the Transformer.

In machine translation data augmentation, data is one of the key elements for training models.
However, data scarcity has been a long-standing concern due to the challenges and cost constraints of
acquiring high-quality parallel corpora.[26,27] To address this problem, researchers have proposed
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various methods for machine translation data augmentation.One standard data augmentation method
is to generate synthetic data to expand the training set. For example, rule-based methods can generate
new parallel sentence pairs through operations such as synonym substitution, deletion, and insertion.
These synthetic data can enrich the training set and improve the generalization ability of machine
translation models. Another data augmentation method is to leverage unsupervised learning with a
large amount of monolingual data.[28-30] Techniques such as autoencoders and language models
can be used to learn helpful language representations from monolingual corpora. These learned
representations can initialize or fine-tune machine translation models, improving performance.

Some studies combine the original phrase table with parallel corpora for data augmentation.[31,32]
However, this did not improve the machine translation system due to the high number of noisy and
repetitive phrase pairs in the original phrase table. Researchers have tried to extract the longest unique
phrase pairs from the phrase table and filter them using LaBSE to obtain high-quality phrase pairs.[33]
Unfortunately, we could not use this method as LaBSE does not support the Xinjiang Kazakh language.

In this study, we introduced a simple yet effective data augmentation method - phrase replacement
technique, to address the issue of data scarcity in monolingual data, and achieved significant
performance improvement. This method is rule-based and generates new sentences by replacing
phrases in the source language sentence. Specifically, we first use predefined rules and heuristics to
identify and extract phrases from the source language sentence. Then, based on predefined replacement
rules, these phrases are replaced with other phrases that have similar meanings or are contextually
relevant. Finally, pseudo-parallel data is constructed based on the replaced source language sentence
and the original target language sentence.

R-Drop is a consistency training method based on dropout, aiming to improve the robustness
and generalization ability of a model. By minimizing the bidirectional KL divergence between the
output distributions of sub-models sampled from dropout, R-Drop makes the model more stable to
variations in input data. Traditional dropout randomly sets neurons to zero during training to reduce
the model’s reliance on certain features, thereby improving its robustness. However, dropout does
not explicitly specify which features are important, which can lead to significant differences in output
distributions between different sub-models. R-Drop addresses this issue by introducing a consistency
loss. Specifically, R-Drop samples two sub-models from the dropout and calculates the KL divergence
between their output distributions. By minimizing this KL divergence, R-Drop forces the output
distributions of the two sub-models to be as close as possible, enabling the model to better adapt to
subtle variations in the input.[19] Through this consistency training approach, R-Drop encourages the
model to learn more robust representations and generalize better to unseen examples. It promotes
stability by reducing the discrepancy between sub-models and enhances the model’s ability to handle
input variations effectively.

3. Method

This article used high-quality phrase pairs extracted from parallel corpora to generate
pseudo-parallel data. Firstly, we delved into the extraction methods of phrase pairs to ensure the
selected phrases have good quality and correspondence. Next, we discussed the steps and strategies for
generating pseudo-parallel corpora in detail. By leveraging existing parallel corpora as a foundation,
we employed a series of techniques to increase the scale and diversity of the dataset.

3.1. Generating a high-quality phrase table

The Moses system is a phrase-based statistical machine translation system that utilizes a phrase
table to establish translation correspondences between the source language and the target language.[34]
The translation process in Moses is conducted through a decoding procedure. The phrase table stores
phrase pairs and their translation probabilities, learned from parallel corpora. In the Moses system,
the phrase table is considered one of the core components. It is a data structure that stores the
correspondence between source language phrases and target language phrases. The phrase table
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contains phrase pairs and their associated translation probabilities, which indicate the likelihood of
translation between the source and target phrases. These probabilities are estimated based on the
training data set and statistical algorithms, often using maximum likelihood estimation. By utilizing
the information stored in the phrase table during the decoding process, the Moses system can select the
most appropriate translations for the input source sentences. The translation probabilities in the phrase
table play a crucial role in determining the quality and accuracy of the translation output. Continuous
refinement and augmentation of the phrase table through additional training data can improve the
performance of the Moses system. Each phrase pair has five features:

The phrase translation probability ¢(f!e),

The lexical weighting lex(f I e),

The phrase inverse translation probability¢(e | f),
The inverse lexical weighting lex(e | f),

The phrase penalty, currently always e = 2.718.

The first four features have probabilistic values ranging from zero to one, while the fifth feature
remains constant.

R-Drop Finetuning

Training

Filtering

Figure 2. Illustration of our proposed method.

In order to reduce noise in the phrase table, pruning is applied. When performing phrase table
pruning, a threshold-based method can be used. The threshold is a predefined value that retains only
those phrase pairs with probabilities higher than the threshold while removing phrase pairs with
probabilities lower than the threshold. The benefit of using a threshold for phrase table pruning is
filtering out phrase pairs with very low probabilities, as these are often unlikely to occur or irrelevant to
the task. By removing these less important phrase pairs, the size of the phrase table can be significantly
reduced while improving its quality and effectiveness.[35]

To further enhance the quality of the phrase table, we can use part-of-speech (POS) filtering rules
for refinement. Firstly, we need to employ a POS tagging tool to assign each word in the phrases with
their corresponding POS tags. Then, based on specific requirements, we choose to retain or remove
phrases with certain POS tags. Common POS tags include nouns (NN), verbs (VB), adjectives (J]),
adverbs (RB), etc. These POS tags often carry significant semantic information and are thus retained
in the phrases. On the other hand, POS tags such as determiners (DT), pronouns (PRP), prepositions
(IN), etc., may be removed. Through POS filtering, we can eliminate low-information and frequently
occurring but semantically insignificant phrases, thereby improving the quality of the phrase table.
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3.2. Generating pseudo-parallel data using a phrase table.

Research has shown that retaining only unique phrase pairs from the extracted phrase table is
important, as there may be multiple duplicate phrase pairs within the table. Previous methods often
directly utilized phrase pairs generated by Moses as pseudo-parallel data, but this approach may not
yield satisfactory results for Chinese and Kazakh translations.

First, we use a phrase dictionary to store the mapping between Chinese and Kazakh phrases.
Then, we read a bilingual corpus containing sentences in both Chinese and Kazakh. In the main loop
of the code, we iterate through each sentence and look for matching pairs of Chinese and Kazakh
phrases within each sentence. Once a matching phrase pair is found, we randomly select a Kazakh
phrase from the phrase dictionary as a replacement and substitute the current target Kazakh phrase in
the sentence. At the same time, we replace the Kazakh phrase with the corresponding Chinese phrase
based on the phrase dictionary.

Finally, we consider the replaced Chinese sentence and the substituted Kazakh sentence as
pseudo-parallel data.

3.3. Utilizing R-Drop for Model Fine-tuning

To overcome the problem of overfitting when using large models on small datasets, we introduced
the Dropout technique for regularizing training of deep neural networks. [36]Although Dropout is
very effective, it introduces randomness, leading to noticeable inconsistency between training and
inference. Therefore, we adopted the R-Drop training strategy, which aims to mitigate the inconsistency
between training and inference by making the output distributions of different sub-models generated
by Dropout consistent with each other. Specifically, in each mini-batch, we perform two forward
passes for each data sample. R-Drop constrains the different sub-models generated by Dropout by
minimizing the bidirectional KL divergence to encourage their output distributions to be as consistent
as possible. In this way, R-Drop is able to better balance the output differences between different
sub-models and improve the consistency of the model between the training and inference stages.

Specifically, when given training data D = {x;,y;}!_,, for each training sample x;, it undergoes
two forward propagations through the network, resulting in two output predictions: P (y;|x;) and
Py (yi|x;). Due to Dropout randomly dropping some neurons each time, P; and P, are different
prediction probabilities obtained from two different subnetworks (from the same model) (as shown
in Figure 3). R-Drop leverages the difference between these two prediction probabilities and applies
symmetric Kullback-Leibler (KL) divergence to constrain P; and P; :

L, = % (Dkr (P (i | xi) [I1P2 (yi | xi)) + Dxr (P2 (yi | x3) [|1Py (yi | x:))) 1

Additionally, the conventional maximum likelihood loss function is included.

Lz, = —log Py (y; | x;) —log Pa (y; | x;) 2)

The final training loss function is :

L; = Liy;p +a* Ly 3)

Here, « is used to control the coefficient of Li;, making the training of the entire model
straightforward. R-Drop, on the other hand, constrains the parameter space by deliberately imposing
constraints on the outputs between sub-models during the training process, ensuring consistency
among different outputs and reducing the inconsistency between training and testing.

By adopting the R-Drop training strategy, we can alleviate the issue of inconsistency between
training and inference and enhance the generalization ability of deep neural networks on small
datasets. This approach helps optimize the performance and stability of the model, thereby improving
its effectiveness in practical applications.
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Figure 3. The overall framework of R-Drop.

4. Experiments

4.1. Data and preprocessing

In terms of experimental design, the study aims to conduct machine translation experiments from
Chinese to Kazakh. A dataset of 30.4k bilingual sentences collected by the laboratory is used, with
2k sentences for validation and 2k sentences for testing. In data preprocessing, several steps were
applied to the training set. Firstly, sentences longer than 200 tokens were removed to ensure data
integrity and reduce noise. Secondly, sentences with a length ratio greater than 3 were discarded to
avoid extremely long or short text samples. Additionally, punctuation normalization and uniform
handling of half-width and full-width characters were performed to improve data consistency and
processability. For Chinese text segmentation, the jieba segmentation tool was used to tokenize Chinese
sentences into word units, facilitating better handling of semantic information.[37] For Kazakh text
segmentation, the Moses tokenization tool was chosen to provide standardized input data.

4.2. System Environment and Model Parameters

In our experiment, we used Ubuntu 20.04.6 as the operating system environment and trained the
model on a Tesla V100 GPU. The system had 16GB of memory capacity. To build a shared vocabulary,
we utilized the subword-nmt tool and set the vocabulary size to 10k to ensure consistency in word
representation between the source and target languages. We chose the fairseq framework as the
underlying framework, which provides rich functionalities and efficient operations, supporting model
training and execution effectively with high computational performance.[38-40]

Here are the detailed descriptions of the model parameters: The model architecture is the
Transformer, the label smoothing coefficient is set to 0.1, the dropout rate is 0.1, the weight decay
coefficient is 0.01, and the dropout rate of the attention mechanism is 0.1. The Adam optimizer is
used for parameter update, and the beta parameter of the Adam optimizer is set to 0.9 and 0.98.
[41]The first 4000 update steps use linear learning rate preheating. The initial learning rate in the
preheating stage is le-7, the basic learning rate during training is 0.0003, and the maximum number
of tokens per training batch is 4096. sacreBLEU is a popular tool for computing BLEU (Bilingual
Evaluation Understudy) and chrF++ ((chrF enhanced with word bigrams) scores, measuring the
similarity between machine-translated output and reference translations.[42-45]BLEU is a commonly
used metric to evaluate machine translations. It measures the similarity between machine-translated
outputs and reference translations at the word level. The calculation formula for BLEU is as follows:
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BIEU = BP - exp (Z wy log pn> )
n=1
lifc>r

BP = { el r/cife <y ®)

The variables ¢ and r represent the length of the translation and reference text, respectively, to
be evaluated. chrF++ is a metric that evaluates machine translation quality by combining both
character-level and word-level matching and calculating their average value. It addresses the
limitations of traditional metrics like BLEU when evaluating long sentences or sentences with more
errors.

hr P - chrR
hF B = (14 B2) =
chrF g ( +ﬁ)ﬁ2-chrP+chrR ©)

In this context, the default value of § is 2.chrP refers to Precision, which measures the proportion
of character-level n-grams that match the candidate and reference translations. chrR represents
Recall, which measures the proportion of character-level n-grams matched between the candidate and

reference translations.

4.3. Results and discussion

4.3.1. Baseline

It is logical to compare our proposed method with similar approaches. Thus, we have chosen
highly similar approaches for comparison as follows:

Transformer: For our experimental section, we opted to use the Transformer without any
additional enhancement methods as our foundation model.[3] This benchmark model was trained and
tested on raw data to assess the effectiveness of other enhancement methods. With this strong baseline
model, we can accurately gauge the impact of other methods on model performance and implement
specific improvements.

Back-translation: In the field of Neural Machine Translation (NMT), the technique of
Back-translation involves the utilization of a target-to-source translation model to create artificial
source sentences.[16] These synthetic sentences are subsequently incorporated into the original
source-to-target translation model as supplementary training data, thereby enhancing its effectiveness.

Replace: In this approach, a portion of the words aligned between the source language and
target language are replaced. The authors use a bilingual lexicon obtained from the training corpus
to randomly select « times the number of aligned words and replace them with random entries from
the lexicon.[46] The purpose of this is to introduce vocabulary that is difficult to generate solely based
on the target language prefix, thereby forcing the system to pay attention to the words in the source
language.

Token: When generating new words, a technique called Token: a-t replaces some target words
with a special (UNK) token. [47]This is done to make the target prefix less informative, which pushes
the system to rely more on the encoder. It’s similar to word dropout, which prevents posterior collapse
in variational autoencoders.

Swap: During the Swap task, pairs of randomly selected target words are swapped until only
(1-«)-t words remain in their original position.[48] This helps the system generate new words by relying
less on the target prefix.

Source: The most efficient way to generate correct output is by copying directly from the source
sentence. However, some researchers have identified this approach as detrimental to Neural Machine
Translation (NMT). [49]Studies indicate potential drawbacks, while others have demonstrated the
usefulness of only copying in the inverse direction.
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Reverse: The encoder’s influence decreases when the target sentence’s word order is reversed.
Reversing the order improves the system’s ability to use encoder information when generating
end-of-sentence words.[50]

The hyperparameter « controls the proportion of words affected by swap, token, and replace
transformations. Its default value is 0.1.

4.3.2. Result

Table 1 presents the impact of various data augmentation methods on translation performance,
measured in terms of BLEU and chrF++ scores. The following are the experimental results.

For the Chinese to Kazakh translation task, we observed a BLEU score of 49.47 and a chrF++
score of 0.75 using the Transformer baseline model. However, when the phrase replacement data
augmentation method was applied, we observed an improvement in the BLEU score to 50.15 and
the chrF++ score to 0.76. This indicates that the phrase replacement data augmentation method has
a significant performance improvement effect on the low-resource translation task from Chinese to
Kazakh. Additionally, we observed that methods such as Token, Swap, and Source not only did not
enhance the performance but also impaired the translation quality. By applying the phrase replacement
data augmentation method, more training samples can be generated, thereby increasing the amount
and diversity of the training data for the model. More training data provides comprehensive
information, enabling the model to learn better language representations and translation capabilities.

For the translation task from Kazakh to Chinese, under the baseline Transformer model, it was
observed that the BLEU score was 52.04 and the chrF++ score was 0.46. However, by applying the
phrase replacement data augmentation method, it was observed that the BLEU score improved to 57.35,
and the chrF++ score improved to 0.51. This once again demonstrates the effectiveness of the phrase
replacement data augmentation method in low-resource translation tasks from Kazakh to Chinese.
Furthermore, it was also observed that using the Reverse augmentation method resulted in a BLEU
score increase to 57.85. Compared to other data augmentation methods, Reverse introduces more
diverse language structures and contextual environments by reversing the Kazakh sentences. This
helps the model better learn the correspondence between the source language and the target language,
thereby improving translation accuracy and naturalness. Meanwhile, the Source augmentation
method did not significantly improve machine translation performance for languages like Chinese and
Kazakh, which have rich morphological characteristics. Based on the above experimental results, it is
recommended to consider using data augmentation methods such as phrase replacement and Reverse
to further improve translation quality in the task of translating from Kazakh to Chinese. Additionally,
depending on the specific task and data conditions, other data augmentation methods can be explored
to discover better performance enhancement strategies.
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Table 1. Performance of several data augmentation methods on Zh—Kk and Kk—Zh translation tasks
with the SacreBLEU metric based on the transformer model.

Zh-Kk Kk-Zh

BLEU chrF++ BLEU chrF++
Transformer 4947 0.745 52.04 0.463
Back-translation 49.93 0.746 54.21 0.478
Replace 49.90 0.747 57.15 0.514
Token 49.26 0.744 56.99 0.512
Swap 4891 0.742 57.15 0.513
Source 48.93 0.742 52.14 0.462
Reverce 49.81 0.750 57.85 0.516
Phrase-substitution 50.15 0.752 57.35 0.514

4.3.3. Combining multiple augmentation methods

Table 2. Performance of data augmentation methods on Zh—Kk and Kk— Zh tasks.

Zh-Kk Kk-Zh
BLEU chrF++ BLEU chrF++
Phrase-rep.+Rev. 50.42 0.756 58.74 0.530
Phrase-rep.+Rev.+Token 50.55 0.756 58.99 0.532
Phrase-rep.+Rev.+Swap 51.46 0.761 58.58 0.527

To further improve the machine translation performance of the Kazakh language, we conducted
a combination experiment using multiple data augmentation methods. We selected four commonly
used data augmentation methods: Phrase-substitution, Reverse, Swap, and Token for comparison.
Here are our experimental content and results.

Firstly, we combined the Phrase-substitution method with the Reverse method and used it as the
base model for mixed data augmentation. The experimental results showed that compared to using
only the Phrase-substitution method, this combination strategy significantly improved translation
quality, demonstrating higher BLEU scores.

We extended the Phrase-substitution + Reverse method and combined it with the Token and
Swap methods. The experimental results showed that in the Chinese-to-Kazakh translation task, the
Phrase-substitution + Reverse + Swap method achieved the highest BLEU score, indicating better
performance improvement. In contrast, the Phrase-substitution + Reverse + Token method showed
a slight improvement in both tasks, but the improvement was not significant. However, in the
Kazakh-to-Chinese translation task, the Phrase-substitution + Reverse + Swap method performed
poorly, even lower than the performance of the base model.

Overall, the effectiveness of data augmentation methods in machine translation tasks depends on
the specific language pair and task type. The Phrase-substitution + Reverse + Swap method performed
relatively well in the Chinese-to-Kazakh translation task, while the Phrase-substitution + Reverse +
Token method performed better in the Kazakh-to-Chinese translation task.

4.3.4. Fine-tuning using R-Drop

In low-resource environments, models may be affected by noise and overfitting. The R-Drop
regularization method was introduced to reduce overfitting in Chinese-Kazakh low-resource machine
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translation. We pretrain the model with mixed data augmentation training and fine-tune it using
real parallel corpora. Different a values were tested to find the optimal hyperparameter settings.
Experimental results are shown in Table 3.

The table shows that increasing the KL divergence weight parameter improves translation
performance for both Chinese-to-Kazakh (Zh-Kk) and Kazakh-to-Chinese (Kk-Zh) tasks, as evidenced
by higher BLEU and chrF++ scores. The optimal parameter value for peak performance in both tasks
is 0.4, according to the provided data. However, a trade-off exists between translation performance
and time consumption. Increasing the parameter value results in longer training time, with weight 0.7
taking twice as long as weight 0.3 when fine-tuning from Chinese to Kazakh. The time required for
Kazakh to Chinese also increases with the weight.

During training, the KL divergence weight parameter controls the KLDivLoss weight and affects
the final loss function. Larger values introduce a stricter contrastive learning objective, forcing the
model to better adjust the distribution difference between the two logits, but may require more training
steps to converge. Therefore, choosing the appropriate parameter value requires careful consideration
of both translation performance and time consumption.

However, a trade-off exists between translation performance and time consumption. Increasing
the parameter value results in longer training time, with weight 0.7 taking twice as long as weight 0.3
when fine-tuning from Chinese to Kazakh. The time required for Kazakh to Chinese also increases
with the weight.

Table 3. Performance with different a values for fine-tuning on the Zh—Kk and Kk—Zh tasks.

Zh-Kk Kk-Zh
% BLEU chrF++ Time BLEU chrF++ Time
0.3 53.56 0.771 3.11h 59.53 0.539 4.49h
0.4 54.46 0.777 4.48h 60.15 0.544 5.46h
0.5 54.45 0.776 5.35h 59.59 0.538 3.35h
0.6 54.29 0.774 5.96h 59.28 0.535 3.05h
0.7 54.44 0.777 6.38h 59.74 0.539 5.64h

4.4. Qualitative analysis

We randomly selected Chinese to Kazakh translation models and present a qualitative analysis
in Table 4. It includes the source sentence, the reference translation, and the machine-generated
translations from different NMT models.

Using the table, we can compare the reference sentence with the translations generated by the
NMT models. The baseline translation is generally similar to the reference translation but contains

2den” edag Syl SN 5 ;
some vocabulary choices and translation errors. For example, GG Trte e T hee 2T

s S St sk 0GB 6Blg D6 ghould  be ST T ! Sllzgs
SRS grltee!ld godlgor sesl - ole! < U (Occupying the road for business activities),
some translation errors need to be corrected.The phrase-substitution method improves the baseline
translation by fixing vocabulary choices and translation errors. It is closer to the expression of the
source sentence and better conveys the original meaning. The mixed enhancement method further
improves the translation to make it more accurate and fluent. It is closer to the source sentence
regarding grammar, structure, and vocabulary choices while maintaining a certain natural fluency.
The mixed enhancement+R-Drop method further simplifies the translation by omitting redundant
words, making it more concise.
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Overall, the reference translation, phrase-substitution, mixed enhancement, and mixed
enhancement+R-Drop translation methods improve the source sentence to varying degrees and
strive to convey the original meaning. The mixed enhancement+R-Drop method may be the optimal
choice as it balances accuracy and conciseness.

Table 4. An example of using the model trained with methods such as Transformer, Phrase Substitution,
Mixed Enhancement(Phrase-replacement+Reverce+Swap), and Mixed Enhancement + R-Drop (with
Chinese as the source language and Kazakh as the target language).

Method Translations from Chinese to Kazakh
Source Sentence TA SR AR S R Z A R AR B R 5 e o T BELAS A0 S5 T B A
Reference Beobldio s soiid olpdso 13l $dedyl saioler ooz duis Jlold ¢

adaz wedag cdl Shlzeo 58S iz o DIE sl 36 - Olesl el - pgl
Og;)cdodau«'\r Q‘éd}’( e Do yed

Baseline Beoldie soedl sod oedso Il wded)! ool deosr Besdsir
ilold ¢ sadir wedsg Shlzes HES ol s SeS seed Jhed oIS
codlee sl - ;"P‘j"‘%;\ Qdu‘adbg"‘( Q‘L}éj’( She s Hoyedd .

Phrase-substitution 5‘5&\)\&}9 (_;uq_;gl o O\Cd;g 155l wdedy sl ja;.)ac ih_;:;hs}j'
G0l ¢ d}cb‘_;ﬁ»%;adu:g I6ollzgo S ez vgoldso AMocold OBl e
- O\p\ e - (-‘_;t\u; O‘sjodadouﬂr o\“sdj’( S Loyl

Mixed Enhancement Neohlsio cored o Q‘CJ}‘-J Y% LSJECJD"}“,MCSGJJLSEJ‘ s0lod ‘SJ‘JJC
g.'JaJeL_g QUCESQ aOggjjgsj)jC g;j)nefj OL;C)U}&.) u"\QL;CJ‘J LSQL;\L‘SJ }‘5)‘ - O‘()‘
dd)aJodaud\r Q‘éd}( }u:ou: .ﬂa)aﬂ

Mixed Enhancement+R-Drop Beahlsio coredl oy Olgdse dudlailor a3lor Jecer Hesdsit wiolold
c@adsg pedas Shlre 003 S ulr S o368 Dsldse OGS ol 6!
- [)\P\ el - rgt\j C)‘;)cdaJovw\r Q\(:géjr Sbe s Loyed)

Table 5 shows a Kazakh source sentence and its corresponding Chinese reference translation.
The table also includes machine-translated Chinese sentences generated by different NMT models.
Notably, using the Mixed Enhancement+R-Drop approach produced more outstanding translations.

The baseline translation has made simple modifications to the original sentence, replacing some
vocabulary but retaining the meaning. However, it uses inaccurate terms, such as translating " 5
8 228 [H#% 2818 " (occupying road operations Obstructing traffic) as " B (GH 45 2Ci#."In the
phrase " JEI 7H 48 20iH" (Road occupation affects traffic), the placement of the verb " /5"
before the noun " J&B" is not by the standard word order in Chinese grammar. Typically, the verb
should come after the noun, such as" T HIE " (Occupying the road). Additionally, the term " %
IF" (complaint) is not translated.

Phrase substitution improves the accuracy and fluency of the translation by replacing some
phrases. In this case, " B/ {Z#" (commercial promotion) is substituted with " PAF{E#4" (promote
through commerce). Mixed Enhancement of various modification techniques, including phrase
substitution, vocabulary addition, and word order adjustment, to achieve a better translation result. In
addition to phrase substitution, " F)" (business) is changed to " E " (commercial), making the
translation more contextually appropriate.

Mixed Enhancement+R-Drop Building upon mixed Enhancement, this method further omits
some modifying words to simplify sentence structure and enhance conciseness. While this approach
simplifies the translation, it may result in the loss of some detailed information.

In summary, the different translation methods vary in their degree of processing and effectiveness
for the original sentence. Phrase-substitution, Mixed Enhancement, and Mixed Enhancement+R-Drop
improve the accuracy and fluency to a certain extent, while the baseline relatively contains some
inaccuracies.
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Table 5. An example of using the model trained with methods such as Transformer, Phrase Substitution,
Mixed Enhancement(Phrase-replacement+Reverce+Swap), and Mixed Enhancement + R-Drop (with
Chinese as the source language and Kazakh as the target language).

Method Translations from Kazakh to Chinese
Source Sentence Heolldie cored oty Alpdso I3l sdsdn) @asolr Seer edei slod ¢

@3z pede widl Dbz 568 iz OEId s lsr Sl - Vel < - psgl
QLS)NJ"J"J“‘ C)‘g_gé}( S s ‘ﬂe)oﬂ

Reference TAFLAR I AR S S ZU R R I AR e 2T e . o 278 LA Sl S5 T R TR
Baseline BN MR ARSI PN 52 5 Pt a5 g . I o5 ) BB ATl (5 VT .
Phrase-substitution SN BRI SWER ZL Y AT A B e s e AR RSB R L IR L
Mixed Enhancement INESRHREAR R SR R E R IR B M5 g (5 B A8 SOl R VR R A
Mixed Enhancement+R-Drop A BRI A SR L AT AR M R 5 s (28 Sl A B0 A

5. Conclusions

This paper proposes a method to augment the Chinese-Kazakh parallel dataset by phrase
substitute. We compare our method with other data augmentation methods and show that it
complements them. We also perform R-Drop fine-tuning experiments and try different KL divergence
weight coefficients to improve the model performance further.

Our experimental results show that by combining data augmentation and R-Drop fine-tuning, we
can achieve a significant improvement in BLEU score over the baseline Transformer model, with 4.99
and 7.7 improvements in Chinese-to-Kazakh and Kazakh-to-Chinese translation tasks, respectively.
This suggests that our method is effective in improving translation quality.

However, it is essential to note that while our proposed data augmentation method is a feasible
approach to improving NMT systems, especially in the case of low-resource or low-quality data, our
use of random replacement may introduce noise into the generated pseudo-parallel data, as it does
not consider semantic constraints. Therefore, future work could further explore ways to introduce
semantic constraints or data filtering to improve the model performance.

In summary, our research demonstrates that by augmenting the dataset with phrase replacement
and combining it with other techniques, we can improve the quality of Chinese-to-Kazakh and
Kazakh-to-Chinese translations. These research findings are significant for promoting language
translation and cross-cultural communication.
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