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Abstract: With the rapid development of machine translation technology, Statistical Machine Translation (SMT) and
Neural Machine Translation (NMT) have become the two dominant translation methods. In recent years, hybrid models
combining these two methods have garnered increasing attention due to their ability to integrate the advantages of both
approaches, thereby improving translation quality. This paper compares the translation performance of three models (SMT,
NMT, and hybrid models), designs a series of experiments, and provides a detailed analysis of the experimental results.
The results indicate that the hybrid model outperforms both the SMT and NMT models in terms of BLEU score, TER score,
and human evaluation, proving the effectiveness of combining statistical machine translation with deep learning. The
research in this paper provides new ideas and methods for the further development of machine translation technology.
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Introduction
With the rapid advancement of information technology and globalization, machine translation (MT) technology has

found widespread application across numerous fields, ranging from automatic translation on multilingual websites to
facilitating cross-language communication for global enterprises. The importance of reliable and efficient translation
systems has thus become more pronounced. Traditional Statistical Machine Translation (SMT) methods rely on large-scale
bilingual corpora and statistical techniques to build translation models. By analyzing vast parallel corpora, SMT extracts
regularities in vocabulary, syntax, and semantics, enabling automatic language conversion. However, as technology has
progressed, SMT methods have increasingly shown limitations, particularly in handling complex sentence structures and
long texts. These shortcomings often lead to translations that are inaccurate or sound unnatural, as SMT struggles to
account for nuances in context and syntax. In recent years, Neural Machine Translation (NMT) technology has emerged as
a game-changer, dramatically enhancing translation quality. Unlike SMT, which is based on statistical principles, NMT
uses deep learning techniques to directly map the relationship between the source and target languages through neural
networks, allowing for a more nuanced understanding of context. This results in more fluent and accurate translations,
especially in capturing the subtleties of language. The successful implementation of NMT marks a significant milestone in
the evolution of machine translation technology, offering a more efficient and effective solution for overcoming language
barriers in global communication[1].

2. The Importance of Combining Statistical Machine Translation and Deep Learning
2.1 Limitations of statistical machine translation
Statistical machine translation is a translation technique based on probabilistic modeling, which uses a large number

of bilingual corpus for model training and adopts statistical methods to generate the most probable translation
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results.Although SMT has good performance on large-scale datasets, it is weakly dependent on linguistic context, and it
cannot deal with the complex syntactic structure and semantic information well.SMT has high requirements on features,
and the translation effect depends on the quality of dictionaries and translation rules, and is susceptible to the interference
of the above factors[2].

2.2 Advantages and challenges of deep learning translation models
Neural Machine Translation (NMT) is an emerging deep learning technology in recent years, which learns through an

end-to-end neural network and is able to directly convert the input source language sequence into the target language
sequence. Compared with SMT NMT can automatically learn syntactic and semantic information of data and process long
distance dependencies and contextual information. NMT has shown better performance than SMT in many translation
tasks. However, NMT requires high computational resources, especially high-performance hardware support during
large-scale data training, and model interpretability is not strong[3].

2.3 Advantages of combining SMT and NMT
By combining the strengths of Statistical Machine Translation (SMT) and Neural Machine Translation (NMT) into a

hybrid model, it is possible to leverage the statistical characteristics of SMT alongside the contextual understanding
capabilities of NMT. This hybrid approach effectively integrates the benefits of both methods, allowing for a more robust
translation system. The model can utilize techniques such as weighted averaging and integrated learning to merge the
outputs of both SMT and NMT, ensuring that each model contributes its strengths to the final translation.

The hybrid model is particularly adept at handling complex linguistic structures and the rich contextual information
often required in translation tasks. Additionally, it capitalizes on the computational efficiency of SMT, which excels in
processing large-scale data quickly, while also benefiting from the deeper contextual insights provided by NMT. This
balanced combination allows the hybrid model to maintain high translation quality without compromising on speed,
thereby addressing the challenges of both translation accuracy and computational efficiency in a variety of language
contexts[4].

3.Experimental Design
3.1 Materials and Instruments
The translation dataset used in this experiment is the WMT (Workshop on Machine Translation) dataset, which

includes 1000 English-Chinese translation pairs. All experiments were conducted on Linux platform, and the TensorFlow
framework was used to implement the NMT model, the Moses tool to implement the SMT model, and the hybrid model
was implemented based on the weighted average strategy.

3.2 Setting of experimental and control groups
The experimental group in this study includes three different translation models: Statistical Machine Translation

(SMT), Deep Learning-based Neural Machine Translation (NMT), and a hybrid model that combines both SMT and NMT
approaches. The purpose of the experimental group is to evaluate the comparative performance of these models by
assessing their translation quality, efficiency, and contextual understanding. On the other hand, the control group consists
of traditional rule-based machine translation (RBMT) systems, as well as other publicly available machine translation
systems, which serve as benchmarks for evaluating the effectiveness of the experimental models. By contrasting the hybrid
model and the other models with these established systems, the study aims to determine whether the combination of SMT
and NMT offers tangible improvements in translation quality and efficiency, especially in handling more complex and
context-sensitive translation tasks.

3.3 Experimental steps
Data preprocessing: clean and segment the data to ensure the data quality.
Model training: use SMT tool to train the translation model, and use deep learning framework to train the NMT

model.
Model Integration: Use the weighted average method to combine the translation results of SMT and NMT models into

a hybrid model.
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Translation Evaluation: Evaluate the translation quality using BLEU, TER and manual evaluation.
Data statistics and analysis: the experimental results are statistically analyzed and tested for significance.
4. Experimental results and analysis
4.1 Comparison of model translation results
Table 1 presents in detail the BLEU scores, TER scores, and scores of human evaluation of SMT, NMT, and hybrid

models in the experimental data. The experimental results show that the BLEU scores of the NMT model are significantly
better than the scores of the SMT model, and the hybrid model has the optimal performance of each assessment index.
Combining the SMT and NMT model characteristics, the hybrid model achieves better results in terms of both accuracy
and fluency.

Table 1: Comparison of Translation Performance of Different Models

Model BLEU Score TER Score
Human Evaluation

Score (1-5)

SMT 0.32 0.35 3.1

NMT 0.45 0.28 4.2

Hybrid Model 0.48 0.26 4.5

From Table 1, it can be seen that the BLEU score of the NMT model is significantly higher than that of the SMT
model, which indicates that it performs better in dealing with translation quality, especially when contextual information is
taken into account. And the hybrid model not only exceeds the NMT model's score in terms of BLEU score, but also has
the best performance in terms of TER score as well as manual evaluation score. By integrating the respective advantages of
SMT and NMT, the hybrid model can reduce the errors occurring in the translation process while maintaining a high
degree of accuracy, thus improving the overall translation quality level.

4.2 Analysis of Assessment Indicators
The experiment uses BLEU score and TER score as the main criteria for translation quality evaluation. From Table 2,

it can be clearly observed that the performance of the NMT model is much better compared with the SMT model,
especially in terms of the BLEU score. The scores of the hybrid model perform particularly well, which suggests that the
model is able to cope with linguistic complexity more effectively after incorporating the two different approaches. This
was further validated by the manual evaluation, where the hybrid model received high ratings for both semantic accuracy
and fluency.

Table 2: Comparison of BLEU and TER Scores

Model BLEU Score TER Score

SMT 0.32 0.35

NMT 0.45 0.28

Hybrid Model 0.48 0.26

The analysis of Table 2 shows that the BLEU score of the NMT model is significantly higher than that of the SMT
model, indicating that it performs better in terms of translation quality, especially in dealing with language fluency and
contextual understanding. The performance of the hybrid model is optimal in both metrics, indicating that it can effectively
integrate the respective advantages of statistical translation and deep learning, which can not only produce translation
results quickly but also ensure higher accuracy and fluency.
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4.3 ErrorAnalysis and Exploration of Reasons
Although the hybrid model performs the best in all the evaluation metrics, the translation results still have some errors

in some specific cases, especially when dealing with long sentences and polysemous words. Table 3 shows the
performance of the various models in translating these complex sentences. the SMT model is more accurate for short
sentences, but the translation results are significantly reduced when long sentences are encountered. the NMT model can
handle long sentences very well, especially in capturing the syntactic and semantic information in the context, and the
hybrid model can circumvent the above problems by combining the strengths of both models in most cases.

Table 3: Performance of Different Models in Translating Complex Sentences

Model
Short Sentence

Translation Accuracy

Long Sentence

Translation Accuracy

Polysemy

Translation Error Rate

SMT 88% 60% 15%

NMT 75% 85% 10%

Hybrid

Model
85% 90% 8%

From the data in Table 3, it can be seen that the SMT model has the highest accuracy when dealing with
short-sentence translation, but its performance is obviously poor when dealing with long-sentence translation, with an
accuracy rate of only 60%.The NMT model shows excellent performance when dealing with long-sentence translation,
with an accuracy rate as high as 85%, which is mainly attributed to its excellent contextualization skills. By combining
SMT's high-speed processing techniques with NMT's deep insights, the hybrid model is able to efficiently handle long
sentences and complex structures, resulting in an accuracy of up to 90% for long-sentence translation. The hybrid model
minimizes the translation error rate for polysemous words, indicating that it is able to understand the context of the words
better, which in turn gives more accurate translation results[5].

5. Discussion
5.1 Model Advantages and Limitations
The experimental data in this study demonstrate that the hybrid model excels in translation quality, effectively

integrating the unique strengths of both Statistical Machine Translation (SMT) and Neural Machine Translation (NMT).
This combination allows the hybrid model to outperform individual translation models across various evaluation metrics.
By leveraging SMT's high computational efficiency and NMT's advanced contextual understanding, the hybrid model
shows significant improvements in translation accuracy, fluency, and semantic consistency[6]. For instance, when handling
complex sentence structures, the hybrid model is more effective than traditional SMT in maintaining semantic accuracy,
and it also surpasses NMT in translating longer sentences. However, achieving these superior results comes at the cost of
substantial computational resource demands. Training on large-scale corpora, in particular, requires significant processing
power and time, which may create an efficiency bottleneck when the model is applied in real-time or large-scale translation
tasks.

On the other hand, the NMT model, despite its impressive performance, has notable interpretability limitations. NMT
is often described as a "black-box" model, meaning the decision-making process behind translations is not transparent to
users or researchers. While NMT is capable of producing high-quality translations, it remains difficult to understand the
rationale behind specific translation choices, particularly when errors occur. There is a lack of intuitive translation rules or
clear diagnostic tools to guide users in optimizing the model. This opacity complicates the process of model debugging and
refinement. In comparison, traditional SMT models, although also facing challenges in handling complex language
structures, benefit from a more interpretable statistical foundation, making it easier to trace and adjust translation
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decisions[7]. However, SMT's interpretability does not fully compensate for its inability to manage intricate syntactic and
contextual nuances, especially in complex translations.

5.2 Future Research Directions
Future research can improve the performance and adaptability of hybrid models from multiple perspectives.

Improving computational efficiency is the main problem faced by current hybrid models. Although the hybrid model can
provide superior translation quality, it has a large computational overhead, which may be a performance bottleneck for
large-scale translation tasks, especially when real-time translation is required. To address this problem, more effective
model optimization methods can be explored in the future, such as using pruning techniques to reduce the number of
parameters in the neural network or using more effective training algorithms, such as quantization-based, knowledge
distillation as a means to improve the computational efficiency, so that the quality of the translation is guaranteed, while
reducing the consumption of computing resources. Parallelization of model training with the help of distributed computing
framework may also be an effective means to break through the computational bottleneck[8].

The multimodal hybrid method that combines language model and lexical model is also a direction worthy of in-depth
research. The current hybrid model mainly relies on the combination of statistical translation and neural translation, but
other types of models such as language models and lexical models are underutilized. The model introduces more linguistic
knowledge and grammar rules, which can better cope with certain low-resource languages or a certain domain translation
task. Reinforcement learning-based translation models are expected to be the focus of future research. By applying
reinforcement learning techniques, the model can make continuous decision-making adjustments and optimization based
on the feedback mechanism during translation activities, thus further improving translation quality and fluency. Therefore,
future research can focus on the problem of multimodal model fusion to achieve greater breakthroughs in the areas of
translation quality, computational efficiency and language understanding [9].

5.3 Limitations of the Experiment
One of the main limitations of this experiment is the small size of the dataset used, which limits the wide applicability

of the experimental results. In the field of machine translation, large-scale high-quality datasets are crucial for model
training, while only 1,000 pairs of English-to-Chinese translation data were used in this experiment, and although such a
scale can be used to evaluate the basic performance of the model, the experimental results may not be representative
enough for the performance of large-scale application scenarios. In order to more accurately evaluate the translation effect
of the model, future research should consider using larger public datasets, such as WMT or IWSLT, which will help
improve the reliability of the experiments and provide more comprehensive data support for translation between different
language pairs[10].

The evaluations in the experiments mainly rely on automated evaluation metrics (e.g., BLEU and TER), which,
although capable of measuring translation accuracy and fluency to a certain extent, cannot comprehensively reflect all
aspects of translation quality. For example, automated assessment systems cannot fully capture contextual understanding
and cultural differences in translation, which are important factors in translation quality[11].

6. Conclusion
This study experimentally compares the performance of Statistical Machine Translation (SMT), Neural Machine

Translation (NMT), and the hybrid model in terms of translation effectiveness. The experimental results reveal the superior
performance of the hybrid model across multiple evaluation criteria. By combining the high efficiency of SMT with the
contextual understanding advantage of NMT, the hybrid model significantly improves translation accuracy and fluency,
especially when handling long and complex sentences. The integration of both models allows for the strengths of each to
complement one another, leading to better overall translation quality[12].

However, despite the impressive results, the hybrid model still faces significant challenges, primarily in terms of high
computational overhead and poor interpretability. The need for extensive computational resources during training and the
lack of transparency in decision-making processes present obstacles, particularly when it comes to large-scale applications.
These issues limit the practicality and scalability of the hybrid model, and they will need to be addressed in future research
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to fully realize its potential in real-world translation tasks.
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