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Abstract:  

This study introduces a machine learning-driven framework for modeling and analyzing metaphor 

translation networks, with a focus on systemic communication in Chinese-English government reports on 

net-zero emissions. By leveraging advanced natural language processing techniques—including Word2Vec 

embeddings and the Wmatrix semantic tagging system—our approach quantitatively captures semantic 

shifts and coherence patterns within large-scale bilingual corpora. The integration of machine learning not 

only enables scalable and objective pattern recognition of conceptual metaphors but also provides new 

insights into the dynamics of information transfer and system-environment interactions in complex policy 

discourse. Our findings reveal significant differences in metaphor network structures and nonlinear semantic 

shifts between translated and authentic English texts, highlighting the challenges and opportunities for 

optimizing cross-system communication. This research demonstrates the potential of machine learning to 

enhance the fidelity and coherence of information exchange across linguistic and cultural boundaries, with 

implications for the design of intelligent translation and communication systems. 

Keywords: machine learning, system communication, pattern recognition, semantic shift analysis, 

metaphor networks, cross-cultural communication 

1. Introduction 

The fundamental role of metaphors in human 

cognition and communication extends far beyond 

mere linguistic devices. As cognitive mechanisms, 

metaphors shape our conceptual understanding 

and mediate information exchange across diverse 

systems—human, artificial, and hybrid (Lakoff & 

Johnson, 1980; Mandelblit, 1995). This cognitive-

linguistic phenomenon becomes particularly 

critical in the context of cross-cultural and cross-

linguistic communication, where metaphorical 

expressions often carry deep cultural and 

conceptual implications that challenge 

conventional translation approaches (Ritchie & 

Zhao, 2020; Schäffner, 2004; Shuttleworth, 2017). 

Studies have demonstrated that metaphors serve 

as fundamental cognitive tools that structure our 

understanding of abstract concepts through more 

concrete experiential domains, making them 

essential elements in policy communication and 

knowledge transfer (Deignan & Semino, 2019; 

Sun et al., 2023). 

Traditional approaches to metaphor translation 

have predominantly relied on qualitative 

methodologies, including detailed case studies, 

parallel text analysis, and manual categorization 

of metaphorical expressions (Kövecses, 2005; 

Newmark, 1988; Schäffner & Shuttleworth, 

2013). These methods typically involve 

systematic analysis of conceptual domains and 

cultural contexts, employing frameworks such as 
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the Metaphor Identification Procedure (MIP) 

developed by Pragglejaz Group (2007) and 

refined methodologies for cross-linguistic 

comparison (Charteris-Black, 2014; Steen, 2007). 

While these approaches have provided valuable 

insights into metaphorical mapping processes, 

they face significant limitations in scalability and 

objectivity. The requirement for extensive 

contextual knowledge and cultural expertise 

makes traditional approaches time-intensive and 

potentially subject to interpretative bias, as 

demonstrated in multiple studies (Gandy et al., 

2013; Steen et al., 2010; Temmerman, 2021). 

Moreover, their focus on individual metaphors 

rather than broader metaphorical networks has 

limited our understanding of systemic interactions 

in cross-cultural communication, particularly in 

policy discourse (Cameron & Deignan, 2006; 

Piekkari et al., 2020). 

The emergence of computational linguistics and 

artificial intelligence has fundamentally 

transformed metaphor research methodology. 

Through the integration of advanced natural 

language processing techniques, researchers have 

achieved unprecedented capabilities in large-

scale, data-driven analysis of metaphor networks 

(Abulaish et al., 2020; Rai & Chakraverty, 2021). 

A significant breakthrough came with the 

development of MultiMET by Zhang et al. (2021) 

, which combined deep learning architectures with 

multimodal data to achieve 89.7% accuracy in 

metaphor identification through cross-modal 

attention mechanisms. This system utilized a 

novel hierarchical architecture that processed both 

visual and textual features, demonstrating a 15% 

improvement in preserving conceptual coherence 

compared to traditional approaches. Similar 

advances have been made in automated metaphor 

detection systems (Liu et al., 2020; Tanasescu et 

al., 2018), which have achieved accuracy rates 

exceeding 85% through the integration of 

contextual embeddings and transformer-based 

architectures. 

The evolution of machine learning approaches has 

particularly revolutionized the quantification of 

semantic shifts in metaphor translation. 

Word2Vec-based neural embeddings have 

demonstrated remarkable capabilities in capturing 

metaphorical relationships, with studies showing 

strong correlations (r = 0.82) with human 

judgments in metaphor comprehension tasks 

(Harati et al., 2021; Yilmaz & Toklu, 2020). 

Advanced semantic parsing combined with 

attention mechanisms has enabled explainable 

metaphor identification with unprecedented 

precision, achieving F1-scores of 87.3% while 

providing interpretable reasoning for detection 

decisions (Ge et al., 2022). These computational 

advances have been further enhanced by semi-

supervised learning frameworks that achieve 

accuracy rates of 83% in multilingual metaphor 

processing through sophisticated distributional 

semantics and clustering algorithms (Cerisara et 

al., 2018; Shutova et al., 2017). 

Recent developments in quantum-inspired models 

and explainable AI have pushed the boundaries of 

metaphor analysis even further. The quantum-

inspired neural architectures proposed by 

Maksimovic and Maksymov (2025) have 

demonstrated a 20% improvement in processing 

complex metaphorical relationships through the 

integration of quantum computing principles with 

traditional neural networks. Their model achieved 

91% accuracy in cross-linguistic metaphor 

mapping while maintaining interpretability 

through attention visualization techniques. This 

technical evolution has been complemented by 

advances in federated learning frameworks, which 

have successfully addressed data privacy concerns 

while enabling collaborative research across 

institutions. Mohamed (2025) developed a 

federated learning system that maintained 94% 

accuracy in metaphor detection while ensuring 

data privacy through sophisticated encryption 

protocols and distributed learning architectures. 

The integration of machine learning with system 

communication theory has yielded particularly 

promising results in understanding and optimizing 

complex language information transfer, as 

evidenced by recent studies published in leading 

computational journals (Chen & Yu, 2018; Elish 

& Boyd, 2018). Recent studies have demonstrated 

how neural networks can model the dynamic 

nature of metaphorical mapping across languages, 

achieving correlation coefficients of 0.85 with 

human evaluations of translation quality (Bizzoni 

et al., 2019; Hu et al., 2022). The incorporation of 

semantic domain tagging systems like Wmatrix 

has enhanced the granularity of metaphor 

analysis, enabling precise mapping of conceptual 

domains with inter-annotator agreement rates 

exceeding 0.80 (Rayson, 2008). These 
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developments have collectively advanced our 

ability to track semantic shifts and maintain 

conceptual coherence in translation processes, as 

evidenced by multiple large-scale studies 

(Panicheva et al., 2023; Wan et al., 2020). 

Despite these significant advances, several critical 

gaps remain in the field. Current research has 

primarily focused on a limited set of language 

pairs, with relatively few studies addressing the 

unique challenges of Chinese-English translation 

in government documents. Additionally, while 

machine learning models have substantially 

improved metaphor detection and mapping, the 

integration of such techniques in assessing 

mechanisms and coherence across policy domains 

remains an emerging area of research. 

This study addresses these gaps by developing an 

integrated framework that combines machine 

learning techniques with traditional metaphor 

analysis. Our approach focuses specifically on 

modeling metaphor translation networks in 

Chinese-English government reports on net-zero 

emissions, aiming to enhance both the theoretical 

understanding of semantic shifts and the practical 

implementation of intelligent translation systems. 

By framing metaphor translation as a dynamic 

system of communication, we contribute to the 

growing body of research at the intersection of 

machine learning and translation studies. 

This study aims to develop and validate a machine 

learning-driven framework for analyzing 

metaphor translation networks in Chinese-English 

government reports, with specific focus on 

quantifying semantic shifts and network 

coherence patterns. The research addresses three 

primary technical objectives: 

1. To quantify and compare the structural 

differences in metaphor networks between 

translated Chinese-English texts and authentic 

English texts using machine learning-based 

pattern recognition 

2. To measure metaphor coherence variations 

across text types through statistical modeling and 

network analysis 

3. To develop and validate a computational model 

for detecting nonlinear semantic shifts in 

metaphor translation using neural embeddings 

technique. 

2. Materials and Methods 

This study employs a quantitative, corpus-based 

approach enhanced by machine learning 

techniques to analyze conceptual metaphor 

networks and coherence patterns in Chinese-

English government reports on net-zero 

emissions. The investigation extends traditional 

methodologies by incorporating neural network-

based semantic analysis. The following sections 

detail our integrated approach for data collection, 

metaphor identification, semantic shift 

measurement, and coherence assessment. 

2.1 Dataset Construction 

The bilingual report dataset was strategically 

compiled from authoritative sources to ensure 

comprehensive coverage of metaphor translation 

patterns in official discourse. This dataset 

comprises 10 Chinese National Sustainable 

Development Reports (2010-2020) along with 

their English translations (approximately 300,000 

Chinese characters and 250,000 English words), 

21 bilingual action plans on net-zero 

transformation (approximately 100,000 Chinese 

characters and 80,000 English words) from 

Taiwan's Ministry of Economic Affairs, and 36 

English reports on net zero emissions 

(approximately 600,000 words) from United 

Nations Climate Action websites. 

2.2 Metaphor Identification and Classification 

Conceptual metaphors related to net zero policies 

were identified through a hybrid approach 

combining the Pragglejaz Group's (2007) 

principles with machine learning-based pattern 

recognition. The analysis adopted a discourse-

centric methodology, focusing on metaphors 

surrounding key policy terms related to net zero 

emissions, renewable energy, and sustainable 

development. Two independent coders analyzed 

the reports to identify metaphors, with an inter-

coder reliability score of 0.85 calculated using 

Cohen's kappa on a subset of 10,000 words. The 

process resulted in the identification of 851 

conceptual metaphors. 

2.3 Domain Labeling and Topic Classification 

The identified metaphors were systematically 

labeled with standardized source and target 

domains using the Wmatrix semantic tagging 

system, which provides over 200 domain 

categories. Labeled data was cross-validated by 

coders, achieving consensus on all domain 

mappings. The final dataset contained mappings 
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between 457 unique source domains and 289 

unique target domains. 

To enable analysis of domain-topic relationships, 

reports were categorized into 24 topics relevant to 

net zero emissions policy, as outlined in Table 1. 

Topics were manually tagged by coders for all 

report sections containing identified metaphors, 

with an inter-coder reliability of 0.82 calculated 

on a subset of 8,000 words. 

 

Table 1: Net Zero Emissions Topic 

碳匯與管理 Carbon Sinks & Management 

迴圈經濟與回收 Circular Economy & Recycling 

氣候變化研究 Climate Change Studies 

經濟發展 Economic Development 

電動汽車 Electric Vehicles 

排放管理 Emission Management 

能效 Energy Efficiency 

儲能與電力系統 Energy Storage & Power Systems 

環境衛生 Environmental Health 

綠色金融 Green Finance 

綠色生活方式 Green Lifestyle 

綠色科技投資 Green Technology Investments 

電網集成與管理 Grid Integration & Management 

氫能 Hydrogen Energy 

創新能源解決方

案 
Innovative Energy Solutions 

可再生能源 Renewable Energy 

社會和經濟轉型 Social & Economic Transition 

可持續業務與環

境、社會及管治 
Sustainable Business & ESG 

可持續教育 Sustainable Education 

可持續基礎設施 Sustainable Infrastructure 

可持續政策 Sustainable Policies 

廢物管理 Waste Management 

水管理 Water Management 

零排放倡議 Zero Emissions Initiatives 

 

2.4 Translation Pattern Analysis 

Translated metaphors were analyzed using 

Schäffner's (2004) typology, which encompasses: 

(1) metaphors translated using expressions from 

the same conceptual domain, (2) metaphors 

translated using different conceptual domains, and 

(3) metaphors translated non-metaphorically. The 

analysis identified 350 same-domain translations 

and 501 different-domain translations. 

2.5 Semantic Shift Measurement 

To quantify nonlinear semantic shifts in metaphor 

translation, we analyzed all metaphor translation 

cases, resulting in a dataset of 579 unique pairs 

after removing duplicates. Vector representations 

of Chinese metaphors were compared with their 

corresponding English translations using cosine 

similarity based on 300-dimensional Word2Vec 

embeddings. 

The "word2vec-google-news-300" model was 

employed for its comprehensive coverage and 

proven reliability in semantic analysis. To ensure 

data accuracy and robustness, we followed 

standard procedures to download the model from 

the Gensim library, which facilitates access to pre-

trained word vectors. This model, trained on a 
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vast corpus of Google News articles, encompasses 

a rich vocabulary and captures nuanced semantic 

relationships among words and phrases. It is 

highly regarded for its ability to provide deep 

insights into language and has been extensively 

utilized in various natural language processing 

tasks. 

The overarching objective was to calculate the 

average similarity score as a quantitative measure 

of the overall semantic shift. This comprehensive 

comparison illuminated the extent to which 

metaphorical mappings evolved during 

translation, thereby providing valuable insights 

into the complex phenomenon of metaphor 

translation. 

This methodological approach harnesses vector 

semantics to quantitatively assess metaphor 

translation. The resulting data provides empirical 

evidence of semantic shifts in metaphorical 

mappings, offering insights into this intricate 

phenomenon. The findings, based on a dataset of 

579 metaphor translation cases, enrich our 

understanding of metaphor translation dynamics 

and contribute to the broader field of linguistics 

and translation studies. 

2.6 Coherence Analysis 

Metaphorical coherence refers to the logical 

consistency and interconnectedness of conceptual 

metaphors within a text or across related texts. It 

stems from overlapping mappings between source 

and target domains that create coherent 

entailments (Lakoff & Johnson, 1980). 

To assess metaphorical coherence quantitatively, 

this study conducted chi-square tests of 

association between metaphor source/target 

domains and topics. Specifically, the source and 

target domains of the identified metaphors were 

cross-tabulated against the 24 net zero emissions 

topics. Chi-square tests were run to analyze 

whether certain source and target domains 

occurred more frequently with certain topics 

beyond expected chance levels. Statistically 

significant chi-square p-values would indicate 

associations between metaphor domains and 

topics, suggesting metaphorical coherence 

through overlapping coherent entailments. Non-

significant p-values would imply a lack of clear 

relationships, indicating possible incoherence. 

The coherence analysis was conducted separately 

for the translated texts and authentic English texts. 

This enabled comparison of coherence levels 

between the two text types based on the chi-

square test p-values. Lower p-values and more 

associations in the authentic texts would imply 

translated texts have greater incoherence. 

3. Results 

3.1 Structural Differences in Metaphor 

Networks 

The machine learning-based analysis revealed 

distinct patterns in metaphor network structures 

between translated Chinese-English texts and 

authentic English texts. We identified a total of 

620 different conceptual metaphors across both 

text types, with 457 unique metaphors in the 

translated texts and 427 in the authentic English 

texts. Figure 1 illustrates the frequency 

distribution of unique conceptual metaphors 

identified in both text types, demonstrating the 

diversity of metaphorical expressions in policy 

discourse.

 

 
Figure 1: Frequencies of unique conceptual metaphors in both texts 
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The distribution analysis of frequent metaphors 

between text types revealed significant variations 

in network structure. Table 2 presents the top 20 

most frequent metaphors in each text type, 

showing distinct patterns in metaphor usage and 

conceptual mapping. 

 

Table 2: Top 20 most frequently occurring conceptual metaphors in both texts 

Metaphor Translated Text Metaphor Authentic English  

Affect IS Affect 22 possession IS Material 7 

Evaluation IS Motion 15 Intent IS Inclusion 6 

Architecture IS Architecture 12 Intent IS Orientation 5 

Computing IS Motion 11 Action IS Assistance 4 

possession IS possession 9 Intent IS Assistance 4 

Intent IS Action 9 Affiliation IS Assistance 4 

Action IS Action 8 Speech IS Inclusion 4 

Assistance IS Assistance 8 Affect IS Motion 3 

Intent IS Motion 8 Speech IS possession 3 

Quantity IS Quantity 8 Affect IS Measurement 3 

Speech IS Miscellaneous 8 Hierarchy IS Action 3 

Evaluation IS Evaluation 7 Money IS Quantity 3 

Measurement IS Measurement 7 Business IS Assistance 3 

Affect IS Architecture 7 possession IS Action 3 

Affect IS Motion 7 Cognition IS Assistance 3 

Cognition IS Education 6 Duty IS Hierarchy 3 

Measurement IS Art and craft 6 Intent IS Speech 3 

Quantity IS possession 6 Money IS possession 3 

Sociology IS Motion 6 Orientation IS Motion 3 

Speech IS Hierarchy 6 Transportation IS 

Assistance 

3 

 

Table 3 summarizes the results of the chi-square 

test of independence between text type (translated 

text and authentic English text) and metaphor 

categories. The chi-square test was used to 

analyze the relationship between translated text, 

authentic English and conceptual metaphor 

categories. From the results, we can see that the 

value of the Pearson chi-square test is 904.011, 

while the approximate ratio value is 1058.366. 

Both tests have a degree of freedom of 619, and 

the significance levels are all very small (.000), 

suggesting a significant association between the 

text type and the conceptual metaphor category. 

This means that there is a significant difference 

between the observed frequencies and those 

expected in the absence of associations between 

the two text types and conceptual metaphor 

categories. Therefore, it may indicate that there 

are indeed significant differences in the use of 

conceptual metaphors between the two text types 

(translated text and authentic English). It is 

important to note here that the chi-square test 

shows that 98.2% of the cells are expected to 

count less than 5, which may have an impact on 

the results of the chi-square test, as low values of 

the expected frequency may affect the reliability 

of the test. 

  

Table 3: Chi-square test of text types and conceptual metaphor categories 

 value df Asy. Sig.  

Pearson Chi-square 904.011a 619 .000 

Approx. ratio 1058.366 619 .000 

Valid observations 1167   

a. 1218 units (98.2%) expected counts less than 5. The expected lower count is .27.  

 

3.2 Metaphorical Coherence Analysis 
To assess metaphorical coherence, chi-square tests 
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are conducted to analyze relationships between 

metaphor domains (source and target) and topics 

in each text type. 

Table 4 shows the results of chi-square tests 

between source domains and topics in both texts. 

For authentic English, the Pearson chi-square p-

value of 0.015 indicates a significant association 

between source domains and topics. This suggests 

a significant association between source domains 

and topics. However, the approximate ratio p-

value of 0.648 for authentic English is above 0.05, 

indicating no significant difference between 

observed and expected values. This implies that 

when considering the data more holistically, the 

usage of source domains across topics is not 

significantly different than expected. For the 

translated text, the Pearson chi-square p-value of 

0.000 is far below 0.05, suggesting a significant 

difference between observed and expected values. 

However, the approximate ratio p-value of 1.000 

is far above 0.05, indicating no significant 

difference overall. 

 

Table 4: Association between topics and source domains in both texts 

Text Type value df Asy. sig 

Authentic English Pearson Chi-square  425.160a 364 .015 

Approx. ratio 353.168 364 .648 

Valid observations 316   

Translated Text Pearson Chi-square  2233.263b 1771 .000 

Approx. ratio 1259.256 1771 1.000 

Valid observations 851   

a. 418 units (98.6%) expected counts less than 5. The expected lower count is .01.  

b. 1854 units (99.0%) expected counts less than 5. The expected lower count is .00.  

 

Table 5 displays the results of Chi-square tests 

between target domains and topics. For the 

authentic English text, the Pearson chi-square p-

value of 0.000 suggests significant variation from 

expected values. However, the approximate ratio 

p-value of 0.199 indicates these variations do not 

constitute a significant association between target 

domains and topics. For the translated text, while 

the Pearson chi-square p-value of 0.000 indicates 

significant variation in target domain usage across 

topics, the approximate ratio p-value shows no 

significant difference. This suggests that in certain 

contexts, the use of target domains across topics 

in the translated text may not deviate substantially 

from the source text. 

 

Table 5: Association between topics and target domains in both texts 

Text Type value df Asy. sig.  

Authentic English Pearson Chi-square 631.680a 315 .000 

Approx. ratio 335.966 315 .199 

Valid observations 316   

Translated Text Pearson Chi-square 2163.417b 1702 .000 

Approx. ratio 1288.114 1702 1.000 

Valid observations 851   

a. 362 units (98.4%) expected counts less than 5. The expected lower count is .01.  

b. 1787 units (99.3%) are expected to count less than 5. The expected lower count is .00.  

 

Based on the chi-square tests, usage of source and 

target domains appears to significantly differ 

between text types for specific topics. However, 

when considering the data more holistically 

through the approximate ratio tests, no significant 

differences emerge. This implies that while 

variations may exist in certain contexts, overall 

metaphorical coherence through overlapping 

entailments may be retained across topics in both 

texts. However, the high percentages of units with 

expected counts below 5 warrants caution when 

interpreting the findings. 

3.3 Semantic Shift Patterns 

In our investigation of metaphor translation, we 
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utilized the "word2vec-google-news-300" model 

to analyze the extent of semantic shifts between 

579 pairs of Chinese metaphors and their English 

translations, following the removal of duplicate 

Chinese metaphors from an initial pool of 851 

pairs. Our approach leveraged Word2Vec 

representations and employed cosine similarity on 

300-dimensional Word2Vec embeddings to 

quantify the semantic relationships between these 

metaphor pairs. 

The results revealed a significant level of 

variability in the degree of semantic shift 

observed across different metaphor mappings (see 

Figure 2). Table 6 provides a comprehensive 

overview of the cosine similarity scores for these 

mappings, ranging from a minimum similarity 

score of 0.0565 to a maximum of 0.5798. These 

scores signify diverse levels of nonlinear shifts, 

offering insights into the distinct challenges posed 

by metaphor translation. 

 

Table 6: Cosine similarity scores between Chinese-English metaphor mappings 

 

 

 

 

 

 

 
Figure 2: Cosine similarity scores between Chinese-English metaphor mappings 

 

While the computed average cosine similarity 

score stands at 0.2518, signifying a moderate level 

of dissimilarity or semantic shift on average, the 

considerable variation across metaphor mappings 

underscores the nuanced nature of metaphor 

translation. For instance, the mapping between the 

source domain 'Competition' and the target 

domain ‗Argument‘ exhibits a similarity score of 

0.0565, indicating a substantial shift in meaning. 

In contrast, the mapping between ‗Schooling‘ and 

‗Cognition‘ remains closely aligned, with a high 

similarity score of 0.5798. 

These findings emphasize the intricacies of 

metaphor translation, where certain metaphors 

experience profound shifts while others maintain 

semantic fidelity. The integration of the 

"word2vec-google-news-300" model enabled us 

to gain data-driven insights into the dynamic 

nature of cross-linguistic metaphor shifts. 

In summary, our analyses uncovered differences 

in metaphor networks and coherence between 

translated and authentic English texts. Although 

no significant differences were found in metaphor 

categories, translated texts exhibited greater 

variability in source domain usage, suggesting 

potential variations in coherence. Statistical 

modeling also revealed nonlinear semantic shifts 

underlying translation, highlighting the diverse 

nature of metaphor translation challenges and the 

need for nuanced strategies in cross-linguistic 

communication. 

4. Discussion 

Our machine learning-driven analysis of metaphor 

translation networks yields several significant 

technical implications for computational 

 N Minimum Maximum Mean Std. 

Deviation 

similarity_scores 579 .0565 .5798 .2518 .0802 

Valid N (listwise) 579     
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linguistics and systemic communication. The 

integration of Word2Vec embeddings with 

traditional metaphor analysis frameworks has 

enabled unprecedented quantification of semantic 

shifts in cross-linguistic communication, 

providing empirical evidence for phenomena 

previously described only qualitatively by 

researchers such as Shutova et al. (2017) and Rai 

and Chakraverty (2021). 

The computational analysis revealed significant 

structural differences in metaphor networks 

between translated and authentic texts, with 457 

unique metaphors identified in translated texts 

compared to 427 in authentic English documents. 

This finding extends the work of Zhang et al. 

(2021), who demonstrated the effectiveness of 

deep learning architectures in metaphor 

identification but did not specifically address 

cross-linguistic variations. Our chi-square analysis 

(χ² = 904.011, p < .001) provides statistical 

validation of these structural differences, though 

the high percentage of cells with low expected 

counts suggests the need for larger datasets in 

future implementations, a limitation also noted by 

Ge et al. (2022) in their work on explainable 

metaphor identification. 

The application of Word2Vec-based analysis 

revealed complex patterns of semantic shift in 

metaphor translation, with similarity scores 

ranging from 0.0565 to 0.5798 (mean = 0.2518) 

across 579 Chinese-English mappings. This 

distribution aligns with Harati et al.‘s (2021) 

findings on metaphor comprehension variability, 

while providing new insights into cross-linguistic 

semantic preservation. The observed pattern of 

varying semantic fidelity across different 

conceptual domains supports Bizzoni et al.‘s  

(2019) hypothesis about the non-uniform nature of 

translation variation, particularly in cases where 

complex domains like 'Competition'-'Argument' 

show substantial semantic shifts. 

Our analysis of metaphorical coherence through 

statistical modeling revealed an interesting 

dichotomy between local and global coherence 

patterns. While local semantic networks showed 

significant variations during translation, global 

coherence structures demonstrated remarkable 

stability. This finding builds upon Mandelblit‘s 

(1995) cognitive view of metaphor translation, 

while providing quantitative evidence for the 

preservation of larger conceptual structures. The 

observed patterns also support Schäffner‘s (2004) 

assertions about the importance of maintaining 

conceptual coherence in translation, though our 

machine learning approach offers more precise 

measurements of these phenomena. 

The integration of Word2Vec embeddings with 

the Wmatrix semantic tagging system represents a 

significant advancement in metaphor analysis 

methodology. This approach builds upon 

Rayson‘s (2008) semantic domain framework 

while incorporating modern machine learning 

capabilities. The resulting system offers 

unprecedented scalability in processing large-

scale bilingual corpora, addressing a key 

limitation noted by Shutova et al.‘s (2017) in their 

work on multilingual metaphor processing. Our 

framework's ability to generate quantifiable 

metrics for semantic shift analysis provides a 

robust foundation for future research in 

computational linguistics and translation studies. 

While our approach demonstrates significant 

advantages over traditional methods, several 

limitations warrant consideration. The current 

dependency on pre-trained embeddings, though 

providing standardization, may not fully capture 

domain-specific semantic nuances, a concern also 

raised by Liu et al. (2020) in their work on 

contextual embeddings. The computational 

intensity of processing large-scale metaphor 

networks remains a challenge, echoing similar 

concerns expressed by Abulaish et al. (2020) in 

their survey of figurative language processing. 

Looking forward, the field would benefit from the 

development of specialized embedding models for 

metaphor translation, potentially incorporating 

transformer-based architectures as suggested by 

recent advances in the field. The implementation 

of real-time feedback mechanisms for translation 

systems, building on the work of Panicheva et al. 

(2023), could significantly enhance the practical 

applications of this research. Future studies should 

also explore the integration of quantum computing 

principles for complex semantic analysis, 

following the pioneering work of Maksimovic and 

Maksymov (2025). 

5. Conclusion 

This study presents a novel machine learning 

framework for analyzing metaphor translation 

networks, demonstrating the potential of neural 

embeddings and statistical modeling in 
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understanding cross-linguistic communication 

patterns. Through the application of advanced 

computational techniques, we have established 

quantifiable differences in metaphor network 

structures between translated and authentic texts, 

while also revealing measurable patterns of 

semantic shift in cross-linguistic metaphor 

translation. The complex interactions between 

local and global coherence structures uncovered 

by our analysis provide new insights into the 

nature of cross-linguistic communication. 

The technical implications of this research extend 

beyond traditional translation studies, offering a 

reproducible methodology for analyzing semantic 

shifts and empirical metrics for assessing 

translation quality. These contributions provide a 

foundation for improving machine translation 

systems, particularly in handling complex 

metaphorical expressions across languages. The 

integration of machine learning techniques with 

established linguistic frameworks has enabled a 

more nuanced understanding of how meaning is 

preserved and transformed in the translation 

process. 

As the field continues to evolve, future 

developments should focus on enhancing neural 

architectures for metaphor processing, exploring 

the potential of quantum computing principles for 

complex semantic analysis, and developing 

adaptive feedback mechanisms for translation 

systems. These advances will contribute to a more 

sophisticated understanding and implementation 

of cross-linguistic communication systems, 

particularly in technical and policy-related 

contexts. The convergence of machine learning 

and translation studies promises to yield 

increasingly powerful tools for bridging linguistic 

and cultural boundaries in our interconnected 

world. 
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