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Abstract. This study investigates the impact of linguistic complexity
in domain-specific data on NMT performance. Using a data selection
approach, we created a dataset and trained Transformer models both
on domain-specific data and on a general dataset. Linguistic complexity
analysis reveals that the domain-specific dataset exhibits notable linguis-
tic complexity, with syntactic, lexical, and textual characteristics posing
challenges for NMT. Training models on this complex data resulted in
lower translation quality compared to models trained on general data,
particularly evident when translating into a morphologically rich lan-
guage like Russian. These findings may suggest that linguistic complex-
ity in domain-specific data can present challenges for NMT performance,
making training computationally intense and hindering the model’s abil-
ity to learn accurate representations. Our study emphasizes the impor-
tance of considering data characteristics in NMT training, especially in
low-resource scenarios.

Keywords: Domain-specific Neural Machine Translation · Data Com-
plexity · Lexical Characteristics.

1 Introduction

Neural Machine Translation (NMT) has emerged as a state-of-the-art approach
for automatic translation, largely supplanting statistical machine translation ap-
proaches (Stahlberg, 2020). NMT systems offer cost effectiveness and the oppor-
tunity to leverage large-scale parallel corpora and neural network architectures
to train models that can learn the patterns of natural language. However, NMT
systems still face a number of challenges that affect their performance. These
challenges include difficulties in handling out-of-domain translation and rare
words, problems with long sentences and limitations in capturing linguistic nu-
ances and semantic information from training data, especially when the data is
scarce. Moreover, the complexity and quality of training data has also been found
to impact NMT training and performance (Agrawal and Singh, 2023; Arora et
al., 2021).
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In this study, we focus on the impact of linguistic characteristics of domain-
specific data on NMT training and inference. We conduct experiments by creat-
ing a small domain-specific dataset through data selection and training Trans-
former models on general and in-domain data, analyzing the effects of linguistic
complexity and domain specificity on translation quality.

2 Related Work

Although NMT has become the state-of-of-the-art approach to automatic trans-
lation, there are still a number of challenges that NMT systems face. These
challenges tend to particularly manifest themselves under low-resource condi-
tions (Koehn and Knowles, 2017; Chakrabarty, 2020).

Koehn and Knowles (2017) identify out-of-domain words, long sentences and
word alignment among the challenges for NMT systems that lead to errors in the
output. They report that NMT systems face difficulties when tackling out-of-
domain translation, where the input or source text being translated falls outside
the domain or subject matter that the NMT system was trained on. When
dealing with out-of-domain input, NMT systems are prone to hallucinating and
sacrificing adequacy for the sake of fluency. In addition to that, they find that
when translating rare words, NMT systems tend to fall back on deletion. The
authors also demonstrate that NMT systems struggle when handling highly in-
flected rare words and lexical units not observed or observed only once during
the training, particularly named entities.

Brussel et al. (2018) also report a number of challenges for NMT systems.
They find that NMT output reveals a high number of mistranslations that are
not semantically related to the source, which is uncommon for phrase-based and
rule-based machine translation models. Consistent with prior studies (Wu et
al., 2016; Koehn and Knowles, 2017) they highlight that NMT systems provide
sufficiently fluent output to seemingly mask the omissions in meaning. They
also confirm findings by Koehn and Knowles (2017) in relation to the NMT
performance degrading when handling proper nouns.

Focusing on the impact of overall data complexity, Agrawal and Singh (2023)
examine whether enhancing the complexity rather than the size of the training
corpus for language models can lead to improved performance on downstream
tasks and find a significant correlation between corpus complexity, similarity to
downstream data and task performance. (Arora et al., 2021) reveal that exten-
sive noise filtering and normalization significantly enhanced machine translation
performance, particularly for neural models, despite the reduction in corpus size,
indicating the critical role of data quality in translation accuracy.

Following the findings of previous studies, our research is focused on identi-
fying the complexity level and linguistic characteristics of domain-specific data
obtained through data selection and its impact on NMT training and translation
performance.
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3 Materials and Methods

Parallel Data In order to evaluate the impact of linguistic characteristics of
the training data on the performance of NMT systems, we aimed to create
conditions of a low-resource domain-specific scenario. Although both Russian
and English are considered high-resource languages, this language pair presents
certain difficulties for NMT, particularly in handling the rich morphology of
Russian and the syntactic complexity of both languages. We aimed to create
challenging conditions by selecting a relatively small dataset belonging to the
domain of the environment. As no open-source English-Russian parallel datasets
in the environmental domain were available at the moment of carrying out the
research project, we employed a data selection tool to select the domain-specific
data from a larger general corpus.

For the data selection process we employed the Python Tool for Selecting
Domain-Specific Data in Machine Translation (Pourmostafa Roshan Sharami et
al., 2021) that allows for selecting domain-specific data from larger generic cor-
pora. The tool’s operation requires three inputs: the source and target sides of
an out-of-domain parallel corpus and a monolingual domain-specific corpus. The
tool uses semantic search to find generic sentences that are similar to domain-
specific seed sentences by comparing the vectors and ranking them based on
their cosine similarity score. As our general parallel corpus, we used the Mul-
tiUN corpus, which is a collection of translated documents from the United
Nations. For the domain-specific input, we used the PANACEA Environment
English monolingual corpus, which comprises documents sourced from the in-
ternet, automatically identified as English language content, and automatically
categorized as pertaining to the environmental domain.

The tool was used to extract 500,000 domain-specific parallel sentences. We
filtered the acquired dataset following the pre-processing pipeline proposed by
DataLitMT. The filtering steps included deleting rows that contain empty cells,
deleting duplicates, source-copied rows and sentences that are too long, remov-
ing HTML code, deleting rows with empty cells and shuffling rows. The fil-
tered dataset was tokenized using SentencePiece and split into training, devel-
opment and testing sets. The training dataset contained 400,000 parallel sen-
tences, while the development and testing sets each contained 50,000 parallel
sentences. For the purpose of comparing the impact of the in-domain data ex-
tracted through data selection and out-of-domain data on NMT training and
performance, 500,000 parallel sentences of the MultiUN parallel corpus were
extracted and pre-processed to serve as the out-of-domain dataset.

In-domain Data Complexity In order to estimate the complexity of the in-
domain data, we carried out a manual analysis in order to identify the linguistic
characteristics that can potentially present challenges for NMT in a low-resource
scenario. To analyze the data, we randomly rearranged the rows in the full
domain-specific dataset and selected the initial 100 pairs of sentences from this
shuffled dataset for manual examination.
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At a textual level, the lack of coherence in the data became apparent. Rather
than presenting a cohesive narrative or thematic continuity, the dataset con-
tained a collection of sentences that are not contextually connected. On the
syntactic level, long and grammatically complex sentences were prevalent in
the dataset. In both English and Russian, the sentences contain complex gram-
matical structures, which is particularly noticeable in the Russian text. The
Russian-side data is characterized by long noun phrases and convoluted sentence
structures where the verb is detached from the subject by a long noun phrase.
The example English sentences from the dataset sample illustrating potential
translation dufficulties are presented in Table 1.

Table 1. Sentence examples from the domain-specific dataset.

Difficulty Example Sentence
NE and
specialized
vocabulary
(English)

The Bureau of CAMI had called on the Director-General to con-
duct two important studies, one on mechanisms and strategies
for the industrialization of Africa in the new millennium, the
other on rendering CAMI sustainable.

long noun
phrase

New scientific knowledge on dose-response relationships and on
critical limits will foster progress in the further development of
the critical loads/levels approach and in the dynamic assessment
of changes in the environment.

The metadata provided for the MultiUN parallel corpus does not seem suffi-
cient to conclude whether the parallel data is fully human-translated texts or if
machine translation was applied to a portion of the data. The presence of raw
machine translation output in the parallel dataset can introduce noise to the
training data and exacerbate the linguistic challenges. It is also important to
note that there are multiple punctuation errors present in the Russian side of
the parallel dataset, which can also hinder the model’s learning.

On the lexical level, the data contained a wide range of specialized vocabu-
lary, including domain-specific terminology, proper nouns, document titles and
abbreviations. The terminological density of the dataset may pose challenges to
the NMT model when it comes to handling out-of-vocabulary words unseen in
the training data (Agrawal and Singh, 2023). High lexical density can also result
in a larger vocabulary, which can significantly influence both the training process
and the quality of translation. Additionally, the wide range of specialized vocab-
ulary increases the out-of-vocabulary token rate, where the model encounters
words it has not seen during training. This further complicates translation, as
the model may resort to replacing out-of-vocabulary tokens with generic place-
holders or providing inaccurate translations.

Thus, the closer inspection of the dataset obtained through data selection
revealed a number of linguistic characteristics that can potentially impact the
training process and translation performance. In order to computationally assess
the data complexity, we applied a number of data complexity metrics following
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Agrawal and Singh (2023). We assessed the complexity of the domain-specific and
out-of-domain datasets with a number of readability metrics, including Type-
token ratio (TTR), Corrected type-token ratio (CTTR), Mean segmental type-
token ratio (MSTTR), Moving average type-token ratio (MATTR), Measure of
Textual Lexical Diversity (MTLD) and Hypergeometric Distribution Diversity
(HDD).

The TTR calculates the proportion of unique words to total words while
CTTR adjusts for text length, providing more accurate diversity measures for
longer texts. The MSTTR computes diversity across text segments, revealing
variations within the dataset while the MATTR smooths out fluctuations in
diversity over the text. The MTLD considers word sequence length and the
HDD measure evaluates diversity based on the probability of encountering new
words, factoring in the distribution of unique words within the text. Overall,
these metrics provide insights into the lexical diversity and complexity of the
data by measuring factors such as unique word proportion, text length adjust-
ment, diversity across segments, word sequence length, and the probability of
encountering new words.

According to the lexical richness scores, both datasets exhibit a substantial
number of unique words, indicating a wide range of vocabulary in each. Addi-
tionally, the Russian text demonstrates a notably higher TTR compared to the
English text, especially for the in-domain dataset. Similarly, the CCTR reinforces
the observation of higher lexical diversity in the Russian-side data, suggesting
a more varied vocabulary and potentially more complex linguistic structures.
Moreover, the MTLD for the Russian data is substantially higher than such of
the English text, further indicating greater lexical richness and diversity in the
Russian dataset. Overall, the lexical richness metrics mainly point to overall high
level of vocabulary diversity of the out-of-domain and in-domain datasets. How-
ever, the Russian data, particularly the in-domain dataset, demonstrate higher
lexical diversity across multiple metrics. The results of this analysis are presented
in Table 2.

Table 2. Data Complexity of the Domain-specific and Out-of-domain Datasets.

TTR CTTR MSTTR MATTR MTLD HDD
English ID 0.009 25.70 0.87 0.87 95.40 0.85
Russian ID 0.02 53.65 0.94 0.94 542,68 0.83
English OOD 0.007 16.85 0.85 0.85 56.51 0.83
Russian OOD 0.016 38.47 0.92 0.92 159.92 0.93

Following Agrawal and Singh (2023) in assessing the readability of textual con-
tent across languages, we used the Flesch-Kincaid Grade Level and Flesch Read-
ing Ease metrics (Flesch, 1948) to measure the readability of the domain-specific
and out-of-domain data in order to get a computational insight on yet another
property of the data. For the English side of the in-domain data sample, the
Flesch-Kincaid Grade Level was calculated to be approximately 14.94, indicat-
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ing that the material is intelligible to individuals at a high school grade level.
However, the Flesch Reading Ease score of approximately 33.69 suggests that
the text falls within the category of "difficult," posing potential challenges for
readers. Conversely, the assessment of the Russian side revealed a higher level of
linguistic complexity. With a Flesch-Kincaid Grade Level of approximately 17.66,
the content demands a more advanced level of education for comprehension. Fur-
thermore, the Flesch Reading Ease score of approximately 3.71 underscores the
text’s complex nature, indicating a considerable degree of difficulty for readers.
The Flesch-Kincaid Grade Level scores for both sides of the out-of-domain data
sample are higher than those of the in-domain sample, potentially pointing to
higher complexity. The Flesch Reading Ease scores for the English side of the
out-of-domain data sample is lower than for the in-domain sample while for Rus-
sian it is marginally higher. Nevertheless, for both samples, the Flesch Reading
Scores computed for Russian are rather low, indicating a low level of readability.

Table 3. Readability of the Domain-specific and Out-of-domain Datasets.

En ID Ru ID En OOD Ru OOD
Flesch-Kincaid Grade Level 14.94 17.66 18 19.38
Flesch Reading Ease 33.69 3.70 21.57 4.8

Overall, the linguistic characteristics identified in the datasets and the results of
data complexity analysis point to a high level of complexity, particularly of the
Russian-side data, which can potentially pose challenges for NMT performance,
especially in low-resource conditions.

4 Experiment

Training a Transformer with Domain-specific Data In order to study the
impact of data characteristics on the training and NMT performance quality,
we trained Transformer models (Vaswani et al., 2017) using the OpenNMT-py
toolkit. For these experiments, the configuration proposed by the DataLitMT
tutorial was used. Vocabulary sizes for both source and target languages are set
to 50,000. Source and target sequence lengths are filtered to a maximum of 150
tokens each. Early stopping is implemented to halt training if no improvement
is observed after 10 validations.

Both the encoder and decoder consist of 6 layers. Each layer incorporates
multi-head self-attention mechanisms with 8 attention heads. Each hidden layer
within the encoder and decoder components of the Transformer has 512 units.
For word embeddings, both the source-side and target-side sizes were set to 512.
Training samples are batched based on token count, with a batch size of 4096
tokens and a bucket size of 262144 tokens. Validation batches consist of 2048
tokens. Gradient accumulation is performed every 4 steps, with a maximum of
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2 gradient accumulation steps. Noam decay is applied for learning rate schedul-
ing. Label smoothing with a coefficient of 0.1 is employed, and parameters are
initialized with a Glorot distribution. The Adam optimizer with a learning rate
of 1 is used.

We trained two Transformer models using the OpenNMT-py toolkit on the
domain-specific dataset obtained with the Data Selection Tool. For both trans-
lation directions, Russian-to-English and English-to-Russian, the models were
trained for 100,000 training steps. Notably, the vocabulary for the Russian-side
domain-specific data was very large comprising over 240,000 tokens as opposed
to the English vocabulary of around 50,000 tokens, which may be attributed to
the high level of morphological complexity of the Russian language. To further
investigate the influence of domain-specific data on model training, we trained
two more models with the same training configuration using the out-of-domain
dataset extracted from the MultiUN corpus. Notably, models trained on general-
domain data terminated training before reaching 100,000 training steps, with the
best-performing models occurring at step 20,000.

We evaluated the models’ performance using the MATEO evaluation tool
(Vanroy et al., 2023) that incorporates traditional and neural evaluation metrics.
The evaluation results are presented in Table 4.

Table 4. Evaluation Metrics for Transformer Models

bertscore bleurt comet BLEU chrF2 TER
EnRu_ENV 83.4 55.2 76.3 30.5 52.4 64.2
EnRu_GEN 87.0 72.1 85.5 41.3 64.3 55.3
RuEn_ENV 87.8 69.2 81.3 39.9 61.9 54.5
RuEn_GEN 88.2 72.1 82.2 42.9 64.4 51.1

It can be observed from the evaluation results that the worst-performing model
is the English-to-Russian model trained on the domain-specific dataset. The
Russian side of the domain-specific dataset was found to be particularly linguis-
tically complex. In addition to that, translating into a morphologically richer
language might be especially challenging for an NMT system (García-Martínez
et al., 2020). Overall, the training results may indicate that more complex and
lexically diverse training data can make NMT training more computationally
intense as well as hinder model’s ability to learn accurate representations, and,
therefore, decrease translation quality.

Future Experiments The experiments with the baseline model may signify
that the in-domain dataset is more challenging for the model to learn quality
representations from, especially translating from English into more morpholog-
ically complex Russian. This can also be observed from the discrepancy of the
vocabulary size built for the Russian and English source data. Thus, being pro-
vided with limited training data marked by challenging characteristics, the model
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demonstrates worse performance. One solution for this issue may be increasing
the amount of training data. However, in low-resource scenarios it is often not an
option. Alternatively, addressing the challenges posed by low-resource scenarios
and morphologically complex languages in NMT could involve exploring domain
adaptation techniques, such as fine-tuning and mix fine-tuning pre-trained mod-
els using domain-specific data.

5 Conclusion

This study explored how linguistic complexity in domain-specific data may affect
NMT training and performance. Experiments with Transformer models revealed
that the NMT systems faced with overly complex and low-resource data demon-
strate poorer performance. These findings highlight the need to consider data
characteristics during NMT training, particularly in low-resource settings. Fu-
ture solutions may involve integrating linguistic features into NMT models to
address these challenges.
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