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Japanese waka translation
supported by internet of things and
artificial intelligence technology

Rizhong Shen

With the advancement of internet of things (IoT) and artificial intelligence (Al) technology, access to
large-scale bilingual parallel data has become more efficient, thereby accelerating the development
and application of machine translation. Given the increasing cultural exchanges between China and
Japan, many scholars have begun to study the Chinese translation of Japanese waka poetry. Based
on this, the study first explores the structure of waka and the current state of its Chinese translations,
analyzing existing translation disputes and introducing a data collection method for waka using IoT.
Then, an optimized neural machine translation model is proposed, which integrates a Bidirectional
Long Short-Term Memory (Bi-LSTM) network, vertical Tree-LSTM, and an attention mechanism into
the Transformer framework. Experimental results demonstrate that the three optimized models—
Transformer + Bi-LSTM, Transformer +Tree-LSTM, and Transformer + Tree-LSTM + Attention—
outperform the baseline Transformer model on both public and waka datasets. The BLEU scores

of the models on the public dataset were 23.71, 23.95, and 24.12, respectively. Notably, on the
waka dataset, the Transformer + Tree-LSTM + Attention model achieved the highest BLEU score of
20.65, demonstrating a significant advantage in capturing waka'’s unique features and contextual
information. This study offers new methods to enhance the quality of Chinese-Japanese translation,
promoting cultural exchange and understanding.

Keywords Japanese waka, Internet of things, Neural machine translation, Transformer, Long short-term
memory network

As the economies of China and Japan become increasingly interconnected, cultural exchanges between the two
countries have flourished. As a literary form uniquely characteristic of Japan, the translation of Japanese waka
has attracted considerable scholarly attention!. In the context of the information explosion, traditional human
translation methods are insufficient to meet the overwhelming demand for large-scale data processing. As a
result, leveraging machine learning techniques to enhance translation efficiency and process large volumes of data
more effectively has become an inevitable societal trend. In recent years, under the “Internet+” strategy, China’s
Internet of Things (IoT) technology system has significantly advanced, with related industries experiencing
rapid development?. The progress of artificial intelligence (AI) technology has further facilitated access to large
corpora, providing valuable resources for building statistical language models and improving the performance
of machine translation (MT) systems®.

Studying language models has long been a critical component of neural machine translation (NMT)
research. As NMT continues to evolve, various innovations have emerged, and NMT has been widely applied
across industries. Liu et al. addressed the issue of data sparsity in NMT by proposing a method that integrated
several data augmentation techniques, including low-frequency word replacement, back-translation, and a
grammar correction module. Their experimental results demonstrated that this approach enhanced translation
performance in both resource-rich and resource-poor environments, with particularly notable improvements in
the latter due to the augmentation of training corpora*. Klimova et al. reviewed the application of NMT in foreign
language learning and provided pedagogical recommendations. The study found that NMT effectively enhanced
learners’ productive and receptive language skills, particularly for advanced L2 learners®. Tonja et al. explored
how leveraging source-language monolingual datasets from low-resource languages could enhance NMT system
performance. Through self-training and fine-tuning, the researchers achieved significant improvements in
BLEU score in the Wolaytta-English translation task®. While these studies enhance NMT performance through
various methods, they do not specifically address the translation of Japanese waka.
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Building on this background, this study examines the structure of Japanese waka and the current state of its
Chinese translation, analyzes existing translation controversies, and introduces an IoT-based data collection
method. In response to the limitations of traditional Al-based NMT models, an optimized translation model is
proposed that incorporates Bidirectional Long Short-Term Memory (Bi-LSTM) networks, vertical Tree-LSTM,
and an attention mechanism into the Transformer framework. Experimental validation of these optimized
models is performed using both public datasets and a specialized waka dataset, yielding conclusions that
demonstrate improvements in translation quality. This study offers innovative methods and theoretical support
for the translation of Japanese waka. This study is well-structured, beginning with an introduction that outlines
the research background and objectives. “Challenges and complexities in translating Japanese Waka Poetry”
section explores the challenges and complexities of translating Japanese waka poetry, discussing academic
debates on waka translation and its unique intricacies within the context of machine translation. “Construction
of NMT models” section details the development of the NMT model, emphasizing data collection methods
that leverage IoT and AI technologies and the model’s optimization through positional encoding techniques.
“Results and discussion” section outlines the experimental design and data sources, offering a detailed analysis
of how adjusting the number of Transformer encoder layers impacts model performance. Finally, “Conclusion”
section concludes the study by summarizing key findings and providing thoughtful recommendations for future
research.

Challenges and complexities in translating Japanese Waka Poetry

The dispute of Japanese waka translation

Japanese waka possesses distinctive linguistic features that make its translation into Chinese particularly
challenging’. In classical Japanese literature, “poetry” primarily refers to ancient Chinese court poetry—a literary
form written in classical Chinese and composed according to traditional standards, with a strong emphasis on
rhyme. “Songs,” by contrast, generally refer to longer forms of poetry and oral literature native to Japan, including
genres such as long poems (choka), short poems (tanka), and linked-verse poetry (renga)®. Waka follows a
strict phonetic structure, with the typical tanka form consisting of five lines arranged in a syllabic pattern of
5,7,5,7,and 7. This fixed syllabic pattern governs the rhythm of the poem and is closely tied to the tonal and
phonetic characteristics of the Japanese language, enhancing its rhythmic aesthetic. The primary challenge of
translating waka stems from the significant differences in phonology and syntax between Chinese and Japanese.
Japanese, as an agglutinative language, relies heavily on functional words such as particles and auxiliary verbs
to structure sentences, whereas Chinese, as an isolating language, employs a more concise syntactic structure.
This typological difference makes it challenging to preserve both the form and content of waka in translation,
often resulting in the loss or distortion of semantic nuances and emotional depth. Additionally, waka often
employs rich metaphors, wordplay, and concise language to convey intricate emotions and vivid imagery. For
instance, seasonal words commonly found in traditional waka, such as “snow” or “cherry blossoms,” are not
merely descriptive of nature but also carry specific emotional connotations rooted in cultural context. Such
imagery poses a significant challenge for translators, particularly when these words lack equivalent cultural
meanings in Chinese or direct counterparts. Thus, translators must balance fidelity to the original content with
the accurate conveyance of emotions, often requiring creative compromises.

In China, debates over the translation of waka into Chinese ultimately center on the choice between
domestication and foreignization®. Proponents of domestication argue that waka often contain varying degrees
of content and complex syntax, suggesting that translators should prioritize capturing the original meaning
and syntax rather than rigidly adhering to the original form'°. In contrast, advocates of foreignization stress
the importance of preserving the cultural essence embedded in waka, supporting the retention of its original
prosodic structure and poetic format'!. For example, a well-known waka from the classic collection Hyakunin
Isshu reads “FKOHO, 70 IFORED, B4 H 5 &, b BRFL, Tl DD which can be translated
literally as “In the autumn fields, the thatched hut I stay in has a sparse roof, and my sleeves are often wet with
dew”” This waka depicts a scene of solitude, using the seasonal word “autumn” to evoke a sense of the passage of
time and the fleeting nature of life. In translation, the phrase “{ % & % %7 (a sparse thatch roof) symbolizes
hardship and impermanence, but this metaphor is challenging to fully convey in Chinese. Moreover, the original
waka’s thythmic structure is difficult to preserve while maintaining its meaning. Similarly, in a waka from the
Man’yosha, “L 6 D@2, HORE L <, KOEIE, Do6m & Lo, KZHY I 3, theword“L 5 D~
(white dew) serves as a metaphor for the transience and fragility of life. A domesticated translation might render
this as “The autumn wind blows across the field, white dew covering the ground, like pearls scattered beyond
grasp,” which flows more naturally in Chinese and helps readers understand the emotional resonance. However,
this approach sacrifices the original structure, particularly the distinctive 5-7 syllabic rhythm. The fundamental
differences in vocabulary, syntax, and cultural imagery between Japanese and Chinese make it challenging
to balance form and content in translation. The linguistic features of waka are not only governed by intricate
phonetic patterns but also exhibit a high degree of metaphorical richness and cultural specificity in word choice
and emotional expression!?14,

Challenges in translating Japanese Waka Poetry with machine translation

The unique characteristics of Japanese waka poetry pose significant challenges for conventional machine
translation methods. First, waka follows a fixed syllabic pattern of 5-7-5-7-7, which imparts a distinct rhythm
and phonetic beauty to the poetry. However, traditional machine translation models process data at the word or
sentence level and lack the capability to model syllabic structures. As a result, these models struggle to preserve
the rhythmic qualities and formal aesthetics inherent in waka during translation. Additionally, waka incorporates
seasonal words and natural imagery that carry specific cultural connotations and emotional expressions. Failure
to accurately capture these cultural nuances in translation can lead to semantic distortion or loss. Furthermore,
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the highly condensed language style of waka, combined with its reliance on contextual meaning, places a higher
demand on semantic interpretation. The agglutinative nature of the Japanese language means that particles and
auxiliary verbs play a crucial role in conveying meaning and emotion, which traditional translation methods
often fail to address adequately. This can lead to semantic misrepresentation or fragmented translation outputs.

To address these challenges, this study proposes an optimized neural machine translation (NMT) model
that enhances processing capabilities for the specific features of waka by integrating lateral Bi-LSTM, vertical
Tree-LSTM, and attention mechanisms. Specifically, to model and preserve the phonetic structure, the proposed
method introduces a Tree-LSTM module to the Transformer model, capturing hierarchical relationships
between waka sentences through syntactic tree structures. Additionally, during the training process, a syllabic
length constraint is incorporated to guide the model in generating translations that adhere to the waka form.
This approach not only improves the semantic accuracy of the translation output but also helps preserve, to some
extent, the rhythmic beauty of waka. To effectively understand and transfer cultural imagery, key symbolic words
in waka (such as seasonal terms and natural imagery) are semantically annotated during the data preprocessing
phase to ensure that the model recognizes their cultural significance. The optimized attention mechanism further
refines the model’s focus on these annotated terms, significantly enhancing its ability to capture cultural imagery.
To address the challenge of semantic analysis in the complex contextual environment of waka, the combination
of Bi-LSTM and Tree-LSTM improves the model’s understanding of context both horizontally and vertically.
The Bi-LSTM captures global contextual information through bidirectional sequence processing, while the Tree-
LSTM leverages syntactic structure to capture hierarchical relationships between words. Together, these two
components effectively address the limitations of traditional methods in contextual modeling.

Construction of NMT models

Waka data collection using iot and artificial intelligence technologies

The collection of waka data in Japan presents a range of complex challenges. Waka, a significant component of
Japanese classical literature, differs substantially from modern Japanese and other text types due to its historical
origins and unique linguistic characteristics. The classical Japanese language used in waka is distinguished by
intricate grammatical structures and an extensive vocabulary, which considerably complicate its digitization and
processing. The frequent incorporation of cultural metaphors, seasonal vocabulary, and historical contexts in
waka further intensifies the challenges for machine processing, often resulting in misinterpretations or the loss of
critical information. Thus, data collection must not only focus on recognizing the nuances of classical language
but also prioritize the accurate preservation and transmission of cultural significance. Additionally, the rarity of
waka, particularly in the form of classical manuscripts, introduces further difficulties. Issues such as copyright
restrictions and the diverse formats of source materials create additional barriers to obtaining high-quality data.
Conducting waka data collection and validation in a multicultural and multilingual context demands rigorous
filtering of data sources and cross-database comparisons to ensure both accuracy and completeness.

The development of IoT technology has significantly enhanced the collection and processing of language
data. The core concept of IoT is to enable interconnected communication between humans and objects, as well
as between objects themselves, through sensors and network devices. This allows for the automatic collection,
storage, and transmission of data on a large scale'>"!”. By leveraging IoT technology, text data from diverse
sources can be gathered quickly and accurately. This is particularly effective in cross-linguistic and cultural
contexts, providing an efficient method for the automated collection of large-scale waka data.

In this study, the data collection focuses on waka found in three major works of classical Japanese literature:

@ The Tale of Genji: A long novel from the Heian period, regarded as a pinnacle of ancient Japanese literature.
It is not only a cultural symbol of Japan but also a rich repository of waka, celebrated for their literary value,
linguistic artistry, and cultural significance.

® The Man'yoshu: Japan's earliest known anthology of waka poetry, encompassing a vast array of poems on
diverse topics, from aristocrats to commoners. It represents the origins of Japanese literature and provides
invaluable insights into early Japanese culture.

® The Ise Monogatari: Another influential work like The Tale of Genji, presented in the form of uta monogatari
(poem-tales). In this narrative, waka play a central role, enriching the text with profound emotional expres-
sion and an elegant linguistic style.

By leveraging IoT technology, including intelligent sensors, Optical Character Recognition (OCR) tools, and
cloud computing platforms, the automation and accuracy of data collection can be significantly improved.
This facilitates the efficient digitization of complex classical texts. The integration of OCR technology with
multilingual support and semantic annotation methods is particularly critical in addressing the unique linguistic
and cultural characteristics of waka, ensuring more effective data extraction and processing. The workflow for
collecting waka data using IoT technology is illustrated in Fig. 1.

Step 1: Data source confirmation.

Selecting high-quality data sources is critical for building a reliable corpus. This study identifies Japanese
classical literary works, including The Tale of Genji, Man'yoshi, and The Tales of Ise, as primary data sources.
These texts are celebrated for their literary significance and their representation of the diversity and complexity
inherent in classical Japanese waka. During the data confirmation phase, authoritative resources such as the
National Literature Database of Japan and other credible digital archives are utilized to ensure reliability and
comprehensiveness. Priority is given to academically verified and revised editions to minimize the risk of errors
and inconsistencies.

Step 2: Data digitization and extraction.
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Fig. 1. Workflow for waka data collection using iot technology.

Automation of data digitization and extraction is achieved using IoT technologies. Intelligent sensors, OCR
tools, and advanced scanning devices are employed to convert waka from physical or image-based formats
into structured text data. To improve OCR accuracy, multilingual OCR tools are integrated with optimized
language models specifically trained to handle classical Japanese expressions found in waka. The digitization
process is supported by automated monitoring systems connected via IoT devices, enabling real-time checks
for completeness and format consistency. Post-digitization, a combination of manual reviews and automated
comparisons ensured an OCR accuracy rate exceeding 98%. Additional validation targeted classical vocabulary
and the distinctive textual formats characteristic of waka.

Step 3: Data cleaning and processing.

Once digitized, the waka texts underwent cleaning and processing on cloud computing platforms.
Tokenization is conducted using advanced morphological analysis tools designed for classical Japanese, allowing
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for precise identification of word boundaries. Text formatting is standardized to ensure consistent punctuation
and structure, meeting the input requirements of machine translation models. Rule-based semantic annotation
methods are applied to account for waka’s unique linguistic features, highlighting elements such as emotional
expressions, cultural symbols, and temporal references. Semantic annotations are verified using Inter-Annotator
Agreement, achieving a Kappa coefficient exceeding 0.85. This rigorous process ensured reliable annotations,
providing robust contextual support for training machine translation models.

Step 4: Data validation and quality assurance.

The validation phase combined cross-validation with manual reviews to enhance reliability. Cross-referencing
with other digitized waka databases helped identify duplicates, inconsistencies, and omissions. Linguistic experts
conducted sample evaluations of the corpus, focusing on completeness, alignment accuracy, and preservation of
cultural context in the waka. These evaluations established an average corpus accuracy of 99% or higher. Errors,
such as mistranslations or semantic gaps, are promptly identified and rectified during this phase.

Step 5: Database construction and real-time updates.

After validation, a scalable waka corpus database is constructed to support multimodal input, including
text, audio, and image-based waka data. The database organizes information in a structured format, ensuring
accessibility and usability. Real-time update capabilities are integrated to detect and synchronize newly added
waka documents automatically via IoT technologies. For example, updates to a literary database triggered
automated workflows for data extraction and processing, maintaining the corpus’s timeliness and scalability.
Regular evaluations of query efficiency, data integrity, and system responsiveness ensured the database’s stability
and effectiveness for large-scale applications.

This study implements an innovative Al-driven approach to waka data collection by integrating IoT
technologies. The system automates the collection and processing of waka data from multiple authoritative
literary databases. Through real-time monitoring and automated validation, it effectively resolves format
inconsistencies and errors in waka texts, significantly enhancing data accuracy and reliability. Moreover,
the multi-layered optimization enables by AI technologies streamlined the validation and processing stages,
supporting the construction and maintenance of large-scale corpora. This approach ensures data freshness and
relevance, establishing a robust foundation for advanced machine translation research on classical Japanese texts.
It also provides a comprehensive corpus to train and experiment with machine translation models, enabling
these models to adapt and perform effectively when addressing waka from diverse literary styles and contexts.

NMT model optimized by positional encoding

Neural network models are a crucial tool in Al, simulating the connections and information transmission
processes between neurons in the human brain. These models are widely used across various Al tasks, including
image recognition, speech recognition, natural language processing, and machine translation. In many
applications, neural networks are employed to handle natural language tasks. The sinusoidal positional encoding
in traditional Transformer-based NMT models computes positional information using predefined functions but
does not incorporate contextual information'®!°. To improve the performance of the Transformer model, this
study proposes two approaches to directly capture the positional encoding information of the source language
sequence: horizontal Bi-LSTM and vertical Tree-LSTM.

NMT with integrated Bi-LSTM
In the Long Short-Term Memory (LSTM) network, time steps can retain memory of previous information for
extended periods, making it well-suited for handling long sequences of text. The structure of its unit is shown
in Fig. 2%,

Figure 2 illustrates the structure of an LSTM unit. An LSTM unit comprises a memory cell and three gate
units: the input, forget, and output gates. At time step ¢, the information updating process of the LSTM can be
described by Egs. (1-6)21-23;

at = ¢[Qa (Mi—1, X¢) + wa] (1)
be = ¢[Qb (mi—1, Xt) + we] )
et = ¢[Qc (me—1, X¢) + we] 3)
Uy = tanh[Q: (me—1, X¢) + wi] (4)
Ui =bi Oui—1+as © U (5)

st = n¢ © tanh (uy) (6)

Here, ¢ denotes the sigmoid activation function, ® represents element-wise multiplication, and Xy, m:—1, and
u¢—1 refer to the input, memory, and output values at time step f, respectively. Qa, @s, Qc, and Q; represent
the weight matrices, and wa, W, We, and w; are the bias terms. The variable a; represents the input gate, which
determines whether the information at time ¢ is stored in the current cell state or filtered out. b is the forget
gate, responsible for discarding irrelevant information from the previous time step, while c; is the output gate,
controlling the output of the current hidden layer. The memory cell is denoted by u¢, and the hidden state by s;
. By utilizing the memory and forget gates, the LSTM network updates the state of the memory cell at each time
step, effectively addressing long-term dependencies in text data. The Bi-LSTM extends the traditional LSTM
by stacking a forward and a backward LSTM, enabling the model to capture both past and future contextual
information. Bi-LSTM is particularly effective in extracting latent semantic information embedded in text
sequences?,
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Fig. 2. LSTM Unit Structure.

In the Transformer model, integrating Bi-LSTM helps capture positional information for each word in a
sentence from a horizontal perspective. The word embeddings are fed into the Bi-LSTM model for training,
leveraging its memory properties. One key advantage of Bi-LSTM is its ability to capture long-range
dependencies, addressing the issue of long-distance dependencies in sentences. A single-layer Bi-LSTM consists
of two LSTM layers processing information in opposite directions. After training, the output vector h; integrates
the positional information of each word. This output is then used as the input sequence for the translation
model, as shown in Egs. (7)-(9):

th7CLt = LSTML(J%,hL(t_l),CL(t_l)) (7)
hrt,crt = LSTMR(xt, hrt—1), CRr(t—1)) (8)
he = [hit, hrt] 9)

Here, h; represents the hidden state of the model at time step ¢, c; represents the cell state, and x; represents the
input at time ¢. The subscripts L and R indicate the left-to-right and right-to-left directions, respectively.

NMT with integrated Tree-LSTM

Similar to the LSTM unit, the Tree-LSTM unit consists of an input gate, an output gate, a memory cell, and a
hidden state. However, unlike the LSTM unit, which has a single forget gate, each child node in a Tree-LSTM
unit is associated with its own forget gate. This allows the parent node to selectively integrate hidden information
from each child node?>?%. In an LSTM unit, the hidden state is computed based on the current input and the
hidden state from the previous time step. In contrast, the hidden state in a Tree-LSTM unit is calculated using
the current input and the hidden states from multiple child Tree-LSTM units*’~%°. The structures of the LSTM
and Tree-LSTM are illustrated in Fig. 3a,b, respectively.

Due to the limitation that the positional encoding in Transformers and the positional encoding obtained
through Bi-LSTM do not inherently capture the syntactic structure of sentences, Tree-LSTM is introduced to
model and analyze the syntactic structure of source language sentences. To improve the accuracy of positional
encoding in representing positional information, this study incorporates Tree-LSTM. Additionally, a self-
attention mechanism is employed to calculate the dependencies between words in a sentence. In this mechanism,
the input consists of the hidden vectors of all the child nodes of the current parent node, the word vectors of the
child nodes, and the word vector of the parent node itself. The word vectors are used to compute the attention
weights between the parent node and the child nodes, while the hidden vectors are used to calculate the weighted
sum vector f, as shown in Fig. 4.
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Fig. 3. A Comparison Between LSTM and Tree-LSTM Structures.

Given an input sequence X = {x1,x2,...,Zn}, the dependency ; between the head node and its child
node i is computed via dot product. The calculated y; is then multiplied by the corresponding hidden vector h;
of the child node, and the results are summed to obtain the syntactic structure representation of the head node
for this subtree. The weighted sum of the hidden vectors of all child nodes in the subtree is then passed through
an activation function to yield h, as described in Egs. (10)-(12).

exp (zZTz)
Vi s =
>y exp(zfz)

g= Z’Yihi (1)
i=1

h= tanh(W® g 4+ ") (12)

(10)

In this context, y; represents the dependency between the head node and its i-th child node; z represents the
word vector of the head node; z; represents the word vector of the i-th child node; h; denotes the hidden
vector of the i-th child node; # represents the total number of child nodes; g signifies the syntactic structurg
representation of the head node. By assigning different attention weights to the child nodes, the weighted sum
is obtained, providing the hidden vector of the head node. This vector is used as input to the translation model.
The source language sequence is generated by traversing each dependency tree from bottom to top, with all node
output vectors serving as input sequences for the translation model.

Results and discussion

Experimental design and data sources

The experiment is divided into two parts. In Experiment 1, the performance of the proposed NMT model, which
optimizes positional encoding, is validated using public datasets. The datasets used for training include the
Workshop on Machine Translation 17 (WMT17) and the China Workshop on Machine Translation (CWMT).
The validation set consists of newsdev2017, and the test sets include newstest2017, cwmt2018, and newstest2018.
Prior to conducting the experiment, several data preprocessing steps are performed, including data cleaning,
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Fig. 4. Schematic Diagram of the Tree-LSTM Structure Based on Attention Mechanism.

Experimental environment | Configuration Parameter name Value
Operating System Windows10 Word Vector Dimension 512
CPU Intel Core i7 Hidden Layer Dimension 512
GPU NVIDIA GeForce RTX 2060 | Number of Attention Heads 8
RAM 32GB Feedforward Network Dimension | 2048
Disk Space 1T Learning Rate 0.5
Programming Language Python3.6 Maximum Sequence Length 50
Deep Learning Framework | Tensorflow Batch Size 32

Table 1. Experimental environment and parameter settings.

tokenization, and symbol handling. The experimental environment and parameter settings are presented in
Table 1.

In Experiment 2, the performance of the proposed model in translating Japanese Waka poetry was evaluated
using datasets collected via the IoT. To assess the model’s adaptability and limitations in processing waka
translations, a total of 5000 waka samples were collected from three classical Japanese literary works: The Tale
of Genji, Man'yosht, and The Tales of Ise. These samples encompass various types and styles of waka. They
were divided into training, testing, and validation sets in an 8:1:1 ratio. The Japanese waka test data used in
Experiment 2 are presented in Table 2.

The following two examples highlight the model’s strengths and weaknesses in handling waka translations. The
waka “FKOHD, 2> 0 T QRED, 5% & 5 &, b BT, #5112 ¥4 D D” (Hyakunin Isshu) demonstrates the
model’s proficiency in translating natural imagery and direct emotional expression. This waka, which describes
a temporary straw hut in the autumn fields and the hardships of life, is effectively translated as “Fk K [ FHH#F |,
I AR S B2, 2 TV SRR R, FRIVAC A, &5 4k %8 /KFTIR)” preserving the emotional atmosphere and
basic meaning. Although some nuances, such as rhyme structure, are lost, the model maintains a high level of
fidelity to the content and imagery. In contrast, the waka “L & D@2, JAOK & L <, KO, D6 b & &
»w, ETHELD U3~ (Man’yoshi) reveals the model’s difficulty with deep metaphors and cultural context. In
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No. | Original Waka Translation Notes

1 KOHO, 7 0 IZORED, & % & 5 %, H | In the autumn fields, a temporary thatched hut, with sparse Direct emotional expression and natural imagery,
PRTFE, BEmenunoD thatch on the roof, my sleeves are often wet with dew successfully translated by the model

2 Losoow, HOmE L <, RO, The autumn wind blows fiercely, white dew covers the fields, and I(r:l((’;:lt;igfrgeefeiit?gﬁofoﬁg c?ﬁteur:;lﬂcgsx:)te})](it,cet‘}lle
DHBRELEDR, KTWY T2 the jewel-like dew drops scatter without being caught | Struge Juty convey the p P

meaning and emotions of impermanence

3 bW, FORTD, BOHE &, 4 My love, like the countless stars in the spring night sky, shines The model handles direct metaphors and emotional
ZM 7z <0 T, AKEICH D endlessly and will shine forever expression well, with an accurate translation

4 EL BT,V EVAOED, # Y @< £ | Cherry blossoms, falling one petal at a time, until the last one The subtle emotions and cultural context present
T, HAR0E YT ZEZ falls, only then do I understand the heart of endurance challenges, but the model conveys the basic meaning

5 T, Zothiz L IT, kA% v C | The world of dew is like a dream, transient and destined to be The translation retains the poem’s atmosphere, though
EQ,ILHDETHZHN TS fleeting the depth of the metaphor is somewhat diminished

6 FnH—D2, NicH 60, LDz T, | Alone, unnoticed by others, at the mountain’s edge, my tears flow | The model successfully retains delicate expressions and
WAHKIZEE EETOM with the sound of the cuckoo’s call natural sounds in the translation

7 LWL Ko, bz ¢id, v In Yoshino Mountain, gazing over the autumn landscape, the red | Direct imagery and temporal expressions are effectively
WLZEDDEESLSL Y leaves have been this vivid since ancient times translated, though the emotional nuance is limited

s BRENE, BB L0, 550 T, If I can endure for long, the faces of those I have seen will appear | The model conveys the emotional content and
RLADIZIEZCH even more precious meaning, but lacks depth in cultural context

g |HEBf®, FOE T T, HEHiE, | For you, I venture into the spring fields to pick wildflowers, and | The model captures the poetic essence, but some
bl & L FENT & when I think of you, I call to the flowers meanings lose their cultural connection.

10 RO LD, LOFI AEC N &, {6 | Only one heart resides within me, though the flowers fall, we can | Symbolic and philosophical expressions are difficult for
Wow, 2x8z2R29 no longer see each other the model to fully convey

Table 2. Sample waka test data.

this poem, “L 5 D @” (white dew) metaphorically refers to the transience and fragility of life. While the model
translates it as “The autumn wind blows fiercely, white dew covers the fields, and the jewel-like dew drops scatter
without being caught,” the profound philosophical and existential themes conveyed in the original text are less
apparent in the translation. Due to the specific imagery and cultural significance of waka, the model struggles to
fully capture the original poem’s reflection on impermanence and the fleeting nature of life.

Both experiments employ the BLEU score as the evaluation metric to assess the quality of machine translation
outcomes. The BLEU score measures translation accuracy by comparing machine-generated translations to
human reference translations, focusing on the overlap between the two. A higher BLEU score indicates that the
machine translation results more closely align with the reference translations, thus reflecting superior translation
quality™.

Adjusting the number of transformer encoder layers

In the Transformer model, an increase in the number of encoder layers enables the model to capture more
semantic information. To examine the impact of the number of encoder layers on translation performance,
experiments were conducted using the WMT17 and CWMT datasets. The results are presented in Fig. 5.

In Fig. 5, when the number of encoder layers is fewer than 6, the models translation performance improves as
the number of layers increases. However, once the number of encoder layers reaches 6 or more, the BLEU score
begins to stabilize. Based on these experimental results, the optimal number of encoder layers for the model is
set to 6.

Model performance validation in experiment 1

To validate the performance of the proposed model, the experiment compared three models—Transformer + Bi-
LSTM, Transformer + Tree-LSTM, and Transformer + Tree-LSTM + Attention—with traditional models such
as Transformer, Convolutional Sequence to Sequence (ConvS2S), and Google Neural Machine Translation
(GNMT) using public datasets. The results are illustrated in Fig. 6.

As shown in Fig. 6, the proposed translation models outperform other models in translation tasks on public
datasets. The BLEU score of the Transformer 4+ Bi-LSTM model, which integrates Bi-LSTM into the Transformer,
averages 23.71. The Transformer + Tree-LSTM model, which integrates Tree-LSTM, achieves a BLEU score
of 23.95. By further enhancing the Transformer+ Tree-LSTM model with a self-attention mechanism to
calculate the contribution of each child node to the parent node, the BLEU score increases to 24.12, marking
an improvement of 0.71% over the Transformer + Tree-LSTM model. To further demonstrate the effectiveness
of the proposed model, the BLEU score changes of the three proposed models are compared with those of the
baseline models, as shown in Fig. 7.

In Fig. 7, the three proposed models exhibit strong BLEU scores across different datasets. The
Transformer + Tree-LSTM + Attention model stands out, achieving an average BLEU score increase of 1.13,
which is significantly higher than the other two models. This suggests that the model, which combines Tree-
LSTM with a self-attention mechanism, is more effective at capturing sentence structure and context, leading to
improved translation quality. The improvement in translation performance can be attributed to the integration
of Bi-LSTM and Tree-LSTM structures, which enable the model to better capture long-range dependencies and
manage complex sentence structures. This results in more fluent and natural translations. Specifically, in the
Transformer + Tree-LSTM + Attention model, the inclusion of a self-attention mechanism allows the model to
calculate the contribution of various sub-nodes to the parent node. This further enhances contextual coherence
and ensures the accurate transmission of information. Overall, the combination of Bi-LSTM, Tree-LSTM, and
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the self-attention mechanism has significantly enhanced NMT performance, confirming the proposed model’s
effectiveness.

Model performance validation in experiment 2

Finally, the translation performance of the models was validated using the collected Japanese Waka dataset. The
BLEU scores and hyperparameter tuning times of the three proposed models, compared to the baseline model,
are shown in Fig. 8.

As shown in Fig. 8, all three improved models outperform the baseline Transformer model in terms of BLEU
scores on the Japanese Waka dataset. Specifically, the Transformer 4+ Tree-LSTM + Attention model achieves
the highest BLEU score of 20.65, demonstrating its significant advantage in capturing the characteristics and
contextual information of Waka. Although the hyperparameter tuning time increased slightly, the gains in
BLEU scores make this time investment reasonable, showcasing a high cost-performance ratio. In conclusion,
the Transformer+ Tree-LSTM + Attention model more effectively captures the linguistic characteristics and
poetic structure of Classical Japanese when translating Waka, leading to translations with improved grammatical
accuracy and contextual consistency. Compared to the standard Transformer model, the enhanced model more
accurately conveys the cultural nuances and emotional undertones of Waka, successfully mitigating common
issues such as vocabulary omissions and semantic ambiguity. While hyperparameter tuning requires additional
time, the improvements in BLEU scores and translation quality demonstrate the cost-effectiveness of this
approach, underscoring its practical advantages in Waka translation.

Conclusion

To improve the translation of Japanese Waka, this study first explores the form of Waka and the current state
of its Chinese translation, analyzing existing translation controversies and introducing a method for Waka data
collection based on IoT. Building on this foundation, the NMT model was optimized by integrating Bi-LSTM,

Scientific Reports | (2025) 15:876 | https://doi.org/10.1038/s41598-025-85184-y nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

24.5 4 |[—®— newstest2017
1l [—® -cwmt2018
- -A -
5104 newstest2018 ‘ # .
— ¥ - Average -
] -
23.5 - P
D ] o
(84}
2304 b
22.5 4
~ - \ /
22.0 ~
~d
215 T T T T T T T T T T T '
Transformer ConvS2S GNMT Transformer Transformer Transformer
+ Bi-LLSTM + +
Tree-LSTM Tree-LSTM
Model + Alt

Fig. 6. Performance comparison of different models.

Tree-LSTM, and attention mechanisms, resulting in a new translation model. The performance of these three
optimized models was validated through experiments, leading to the following conclusions:

1.  On public datasets, the proposed Transformer+ Bi-LSTM, Transformer + Tree-LSTM, and Transform-
er + Tree-LSTM + Attention models outperform other models, with average BLEU scores of 23.71, 23.95,
and 24.12, respectively, all surpassing the baseline Transformer model.

2. Compared to the baseline Transformer, the Transformer + Tree-LSTM + Attention model achieves an aver-
age BLEU score increase of 1.13, significantly higher than the other two models. This demonstrates that the
Transformer + Tree-LSTM + Attention model, by incorporating Tree-LSTM and attention mechanisms, is
better able to capture sentence structure and contextual information, thereby significantly improving trans-
lation quality.

3. All three improved models outperform the baseline Transformer in terms of BLEU scores on the Japa-
nese Waka dataset. Specifically, the Transformer + Tree-LSTM + Attention model achieves the highest BLEU
score of 20.65, indicating its notable advantage in capturing the features and contextual information of Waka,
despite the increase in hyperparameter tuning time.

However, this study has several limitations. Firstly, due to the complex cultural connotations and linguistic
characteristics of Japanese Waka, while the model demonstrates good performance in terms of BLEU scores,
it may still fall short in fully capturing the subtle emotional and cultural nuances of Waka, which could lead
to translations that lack naturalness and aesthetic quality. Secondly, the dataset is relatively small. While some
Waka data were collected via IoT, the dataset lacks the richness found in other language pairs, which may affect
the model’s generalization ability. Moreover, the process of hyperparameter tuning is relatively time-consuming,
posing challenges for real-time translation systems. Future research can address these issues by further
expanding the Waka dataset and incorporating more bilingual parallel corpora to improve the model’s training
effectiveness and robustness. Additionally, more complex model architectures, such as using pre-trained models
combined with transfer learning, can be explored to better capture the semantic and emotional information in
Waka. Lastly, the diversity of Waka translations should be studied, with efforts to integrate cultural factors into
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the design of the translation model to enhance the cultural adaptability and aesthetic quality of the translations,
thereby providing higher-quality translation services for Sino-Japanese cultural exchanges.
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