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Abstract 

Machine translation for low-resource languages like Kazakh faces significant challenges due to limited training data, 

complex morphology, and cultural-linguistic nuances. This paper presents the first comprehensive study on fine-tuning 

large language models for automated post-editing of Kazakh translations. We introduce KazPE, a systematically annotated 

dataset containing 10,010 training sentences and 315 test sentences across six domains (medical, scientific, journalistic, 

oral, fiction, and legal) with detailed error categorization covering 11 linguistic dimensions. Our approach fine-tunes GPT-

4.1-mini using supervised learning to improve translation quality through targeted error correction. Human evaluation 

demonstrates that our fine-tuned model achieves a mean quality score of 0.84 compared to 0.80 for the baseline, 

representing a 4% relative improvement. The most significant gains occur in morphological-lexical error handling and 

domain-specific contexts, with legal and medical texts showing improvements of +2.8% and +1.6% respectively. Error 

analysis reveals that fine-tuning effectively addresses Kazakh’s agglutinative morphology and specialized terminology 

while maintaining performance on error-free sentences. This work establishes the first systematic evaluation framework for 

Kazakh translation post-editing, providing valuable insights for improving machine translation systems for morphologically 

rich, low-resource languages. Our dataset, models, and evaluation framework are made publicly available to support future 

research in Turkic language processing. 
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1. Introduction 

Kazakh, spoken by approximately 13 million people worldwide [1], is a morphologically rich Turkic language 

belonging to the Kipchak branch of the Turkic language family. Despite its significant speaker population and 

official status in Kazakhstan, Kazakh remains severely under-resourced in terms of natural language processing 

tools and datasets compared to high-resource languages such as English, Chinese, or Spanish [2]. This resource 

scarcity presents unique challenges for machine translation (MT) systems, particularly in handling the 

language’s complex agglutinative morphology, flexible word order, extensive case system, and rich derivational 

processes [3]. 
The linguistic complexity of Kazakh poses substantial difficulties for automated translation systems. As an 

agglutinative language, Kazakh words are formed by adding multiple suffixes to root morphemes, creating potentially 

unlimited vocabulary through morphological processes. For example, a single Kazakh word can encode information that 

requires multiple words in English, such as балаларымыздыкi (balalarymyzdyki) meaning “belonging to our children.” 

This morphological richness, combined with relatively free word order and a complex system of vowel harmony, creates 

significant challenges for traditional statistical and neural machine translation approaches [4]. 

Recent advances in large language models (LLMs) such as GPT-3 [5], GPT-4 [6], and PaLM [7]  have demonstrated 

remarkable zero-shot and few-shot translation capabilities across numerous language pairs. These models have shown 

particular promise for low-resource languages by leveraging cross-lingual transfer learning and multilingual training objectives 

[8]. However, despite these advances, LLMs still exhibit significant performance gaps when translating to and from low-

resource languages, often producing outputs with semantic inconsistencies, morphological errors, unnatural phrasing, and cultural 

inappropriateness [9]. The challenges are particularly pronounced for morphologically complex languages like Kazakh, 

where subtle morphological variations can completely alter meaning. 

Post-editing, the process of improving machine-generated translations through human or automated correction, 

has emerged as a practical solution to bridge the quality gap in MT systems [10]. Unlike traditional approaches 

that focus on improving the underlying translation model, post-editing works with existing translation outputs 

to systematically identify and correct errors. This approach is particularly valuable for low-resource languages 

where training high-quality translation models from scratch is prohibitively expensive due to data scarcity. 

Traditional post-editing approaches relied heavily on rule-based systems and statistical models [11]. Still, recent 

work has increasingly explored the use of neural networks and transformer-based models for automated post-

editing [12, 13] The application of fine-tuning techniques to large language models for post-editing represents a 

promising direction that combines the broad multilingual capabilities of pre-trained models with task-specific 

adaptation. Fine-tuning allows models to learn specific error patterns and correction strategies while 

maintaining their general linguistic knowledge [14]. This approach is particularly relevant for languages like 

Kazakh, where the complex interplay between morphology, syntax, and semantics requires a nuanced 

understanding that can benefit from both pre-trained multilingual representations and targeted training on 

language-specific phenomena. 
Current research in Kazakh natural language processing has primarily focused on basic tools such as morphological 

analyzers [3], speech synthesis systems [15], and preliminary machine translation experiments [16]. However, there has been 

limited work on systematic evaluation of translation quality or development of post-editing systems. The lack of standardized 

datasets with detailed error annotations has been a significant obstacle to advancing Kazakh Natural Language Processing 

(NLP) research and comparing different approaches. 

In this work, we propose a comprehensive framework for improving Kazakh machine translation through fine-tuned post-

editing using GPT-4.1-mini. Our approach addresses several critical gaps in current research by developing both the necessary 

datasets and methodologies for systematic improvement of Kazakh translation quality. Our work makes the following key 

contributions: 

Dataset Development: We construct and release KazPE, the first large-scale, systematically annotated English-

https://creativecommons.org/licenses/by/4.0/
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Kazakh translation dataset with detailed error categorization. The dataset contains 10,010 training sentences and 315 test 

sentences spanning six distinct domains (medical, scientific, journalistic, oral, fiction, and legal) and covers 11 comprehensive 

error categories, including semantics, lexical choice, morphology, terminology, style, word order, grammar, calque usage, 

orthography, idiomatic expressions, and register appropriateness.  

Methodological Innovation: We develop a fine-tuning methodology that leverages supervised learning to improve 

post-editing quality specifically for Kazakh. Our approach uses a conversational prompt-response structure that explicitly 

guides the model to perform targeted corrections while maintaining semantic fidelity to the source text. 

Comprehensive Evaluation Framework: We conduct the first systematic evaluation of LLM performance on 

Kazakh translation post-editing using human assessment and detailed error analysis across multiple linguistic dimensions. Our 

evaluation methodology considers both overall quality improvements and specific error category performance. 

Empirical Analysis: We provide the first systematic analysis of GPT-4.1-mini’s performance on Kazakh translation 

tasks, identifying key strengths and limitations. Our analysis reveals specific patterns in how the model handles different 

types of linguistic phenomena in Kazakh. 

Practical Impact: Our work establishes baseline performance metrics and provides actionable insights for developing 

practical translation post-editing systems for Kazakh and related Turkic languages. 

Our experimental results demonstrate that fine-tuning GPT-4.1-mini on our annotated dataset yields significant 

improvements in translation quality, achieving 84% accuracy compared to 80% for the base model. These improvements are 

consistent across different text domains and complexity levels, suggesting the robustness of our approach. The most dramatic 

improvements occur in handling morphological-lexical interactions, where our fine-tuned model achieves perfect performance 

compared to 70% for the baseline, demonstrating the effectiveness of targeted training on Kazakh’s complex agglutinative 

morphology. 

The consistency of improvements across diverse domains—with particularly notable gains in specialized fields such as legal 

and medical texts—underscores both the practical applicability of our approach and its potential for real-world deployment. 

Our findings provide valuable insights for the broader community working on low-resource and morphologically complex 

languages, establishing both the potential and the limitations of current fine-tuning approaches for improving translation 

quality in under-resourced linguistic contexts. 

 

2. Related Works 
2.1. Machine Translation for Low-Resource Languages 

The challenge of developing effective machine translation systems for low-resource languages has been a central concern in 

computational linguistics. Low-resource languages, defined as those with limited parallel training data, present unique 

difficulties that traditional statistical and neural machine translation approaches struggle to address effectively. Early work by 

Philipp and Rebecca [17] demonstrated that neural machine translation systems require substantially larger datasets than 

statistical systems to achieve comparable performance, creating particular challenges for languages with limited digital 

resources. 

Recent advances in multilingual machine translation have shown promise for low-resource languages through cross-

lingual transfer learning. The work of Johnson, et al. [18] on Google’s multilingual neural machine translation system 

demonstrated that training a single model on multiple language pairs can improve performance for low-resource languages 

through positive transfer from high-resource pairs. Similarly, the mT5 model by Linting, et al. [19] and the multilingual 

capabilities of models like mBERT [20]  have provided foundations for cross-lingual understanding that benefit low-resource 

language processing. However, these advances have primarily focused on languages with substantial online presence or those 

that are closely related to high-resource languages. Morphologically complex languages like those in the Turkic family 

continue to present significant challenges due to their agglutinative nature, extensive case systems, and complex 

morphophonological processes that are not well captured by subword tokenization schemes commonly used in neural systems 

[21]. 

 

2.2. Turkic Language Processing and Kazakh NLP 

Research on Turkic language processing has highlighted the unique challenges posed by the morphological complexity 

of this language family. Washington, et al. [3] developed finite-state morphological transducers for Kazakh, providing 

foundational tools for computational analysis of the language’s agglutinative structure. Their work demonstrated the 

complexity of Kazakh morphology, with extensive case marking, possessive constructions, and derivational processes that create 

significant challenges for automated processing. 

Subsequent work by Altenbek and Wang [4] focused on developing segmentation systems for Kazakh inflective affixes, 

addressing one of the fundamental preprocessing challenges for computational work with the language. Makazh anov ,  e t  

a l .  [15 ]  extended this work by developing open-source tools for Kazakh speech synthesis, contributing to the broader 

ecosystem of Kazakh language technology. Early machine translation work for Kazakh was primarily rule-based or relied on 

limited statistical approaches. B a d r i n a t h ,  e t  a l .  [ 2 2 ] presented one of the first statistical machine 

translation systems for Kazakh, though their work was limited by the availability of parallel training data. More recent 

work by Makhambetov, et al. [16] explored neural machine translation approaches for English-Kazakh translation, showing 

improvements over earlier methods but still highlighting significant quality gaps compared to high-resource language pairs. 

Kartbayev [23]  conducted systematic analysis of neural sequence-to-sequence architectures for agglutinative languages 

including Kazakh, identifying specific challenges related to handling the complex morphological processes that characterize 

these languages. This work provided important insights into the limitations of standard neural architectures when applied to 
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morphologically rich languages. 

Despite these contributions, Kazakh NLP research has been hampered by the lack of large-scale, systematically 
annotated datasets. Most existing resources are relatively small and focused on specific tasks, limiting the 
development of comprehensive evaluation frameworks and comparative studies across different approaches 
 
 

2.3. Automatic Post-Editing 
Automatic post-editing (APE) has emerged as a practical approach to improving machine translation quality without 

requiring modifications to underlying translation systems. The field originated with rule-based approaches that ap-plied 

hand-crafted correction patterns to address systematic errors in machine translation output. Early work by Simard, et al. 

[11] demonstrated that statistical phrase-based methods could be effectively applied to post-editing tasks, treating the problem 

as a monolingual translation task from "bad" to "good" translations. 

The advent of neural approaches to APE marked a significant advancement in the field. J u n c z y s - D o w m u n t  

a n d  G r u n d k i e w i c z  [ 1 2 ]  explored various neural sequence-to-sequence architectures for automatic post-editing, 

showing that encoder-decoder models could effectively learn to correct systematic translation errors. Their work established 

important baselines and demonstrated the potential of neural approaches for APE tasks. 

More recent work has focused on incorporating additional context and leveraging transformer-based architectures. 

C o r r e i a ,  e t  a l .  [ 2 4 ]  developed multi-task learning approaches that combine automatic post-editing with related tasks to 

improve overall performance. Y a n g ,  e t  a l .  [ 2 5 ]  explored the integration of language models into post-editing 

systems, showing that pre-trained representations can provide valuable improvements for error correction tasks. 

The Workshop on Machine Translation (WMT) has provided important venues for systematic evaluation of APE 

approaches through shared tasks 

Chatterjee, et al. [26]. The findings from WMT shared tasks have consistently shown that even modest improvements in 

automatic post-editing can be valuable, particularly when dealing with domain-specific content or languages where high-quality 

machine translation systems are not available. 

However, most APE research has focused on high-resource language pairs, particularly English-German and English-

Spanish. There has been limited systematic investigation of APE approaches for low-resource or morphologically complex 

languages, creating a significant gap in our understanding of how these techniques transfer to languages with different 

linguistic characteristics [27]. 

 

2.4. Large Language Models for Translation 

The emergence of large language models has transformed the landscape of machine translation research. Brown, et al. [5] 

demonstrated that GPT-3 could perform zero-shot and few-shot translation across numerous language pairs without explicit 

training on parallel data. This capability emerged from the model’s extensive multilingual training and its ability to perform 

in-context learning from prompt examples. 

Subsequent work has systematically evaluated the translation capabilities of large language models. Hendy, et al. [28] 

conducted comprehensive evaluations of GPT models for machine translation, finding that while these models show 

impressive zero-shot capabilities, they still lag behind specialized translation systems for high-resource language pairs. 

However, for low-resource languages, the gap is often much smaller, making LLMs potentially competitive with traditional 

approaches. 

Jiao, et al. [29] specifically examined ChatGPT’s translation capabilities, finding that GPT-4 demonstrates significantly 

improved translation quality compared to earlier versions, particularly for low-resource languages. Their work highlighted 

the potential of instruction-tuned models for translation tasks and the importance of appropriate prompting strategies. 

Research on improving LLM translation performance has explored various fine-tuning approaches. Li and Liang [30]  

investigated multilingual machine translation with large language models, showing that targeted fine-tuning can substantially 

improve performance on specific language pairs. Yang, et al. [25] explored the use of large language models for 

multilingual translation, demonstrating that these models can effectively handle multiple languages simultaneously. Vilar, et 

al. [31] conducted a detailed analysis of prompting strategies for translation with PaLM, showing that careful prompt 

design can significantly impact translation quality. Their work provided important insights into how to effectively use large 

language models for translation tasks and highlighted the importance of evaluation methodologies that account for the unique 

characteristics of LLM-generated translations. 

 

2.5. Fine-Tuning Approaches for Translation 

The application of fine-tuning techniques to improve translation quality has become an active area of research. 

Traditional fine-tuning approaches for neural machine translation focused on domain adaptation, where models trained on 

general parallel data were adapted to specific domains or text types [32]. However, the advent of large pre-trained language 

models has opened new possibilities for fine-tuning approaches. 

Recent work by  Haoran, et al. [14] proposed paradigm shifts in fine-tuning large language models for machine translation, 

demonstrating that parameter-efficient fine-tuning methods can achieve substantial improvements while requiring minimal 

computational resources. Their approach showed particular promise for low-resource language pairs where traditional 

training approaches are not feasible. 

Parameter-efficient fine-tuning methods such as Low-Rank Adaptation (LoRA) by Hu ,  e t  a l .  [ 33]  and prefix-tuning 
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by L i  and  L iang  [30 ]  have shown promise for adapting large language models to specific tasks without the computational 

overhead of full fine-tuning. These approaches are particularly relevant for resource-constrained scenarios common in low-

resource language processing. The integration of human feedback into fine-tuning processes has also shown significant 

promise. Ouy ang ,  e t  a l .  [3 4]  demonstrated that reinforcement learning from human feedback (RLHF) can substantially 

improve the alignment of language model outputs with human preferences. This approach has been particularly effective for 

improving the quality and appropriateness of generated text, making it relevant for translation post-editing applications. 

However, most fine-tuning research for translation has focused on high-resource languages or synthetic datasets. 

There has been limited investigation of fine-tuning approaches specifically designed for low-resource languages with complex 

morphological systems, representing a significant gap in current research [35]. 

 

2.6. Evaluation of Translation Quality 

The evaluation of machine translation quality, particularly for low-resource languages, presents significant 

methodological challenges. Traditional automatic metrics such as BLEU by Papineni, et al. [36] and METEOR have 

known limitations when applied to morphologically rich languages, where surface-level similarity may not accurately 

reflect semantic equivalence. More recent neural evaluation metrics, such as BERTScore by Zhang, et al. [37] and 

COMET by Rei, et al. [38], have shown improvements over traditional metrics by incorporating semantic similarity 

measures. However, these approaches still face challenges when applied to languages with limited pre-trained representations 

or significantly different morphological structures. 

Human evaluation remains the gold standard for assessing translation quality, but conducting systematic human 

evaluation for low-resource languages presents practical challenges related to finding qualified annotators and establishing 

consistent evaluation criteria. The work of Markus, et al. [39] has provided important insights into best practices for 

human evaluation of machine translation, but much of this work has focused on high-resource language pairs. For 

morphologically complex languages like Kazakh, evaluation frameworks must account for the multiple levels at which 

translation errors can occur: morphological accuracy, lexical appropriateness, syntactic correctness, semantic preservation, 

and stylistic adequacy. Developing comprehensive evaluation frameworks that capture these multiple dimensions while 

remaining practical for systematic evaluation represents a significant challenge in the field [40]. 

 

2.7. Gaps in Current Research 

Despite the substantial progress in machine translation, automatic post-editing, and large language model fine-tuning, 

several critical gaps remain in current research: 

Limited Low-Resource Language Coverage: Most research has focused on high-resource languages or synthetic low-

resource scenarios. There is a lack of systematic investigation of real low-resource languages with genuine data scarcity and 

unique linguistic challenges. 

Morphological Complexity Handling: While some work has addressed morphologically rich languages, there has been 

limited systematic evaluation of how different approaches handle the complex agglutinative morphology characteristic of Turkic 

languages. 

Post-Editing for Complex Languages: APE research has primarily focused on relatively simple morphological systems. 

The application of post-editing techniques to languages with extensive agglutinative morphology represents an underexplored 

area. 

Evaluation Framework Development: There is a lack of standardized evaluation frameworks specifically designed for 

morphologically complex, low-resource languages that can account for the multiple levels of linguistic complexity inherent 

in these systems. 

Dataset Availability: Systematically annotated datasets with detailed error categorization are not readily available for 

most low-resource languages, which limits the development and evaluation of targeted improvement approaches. 

Our work addresses these gaps by providing the first systematic investigation of fine-tuning approaches for Kazakh 

translation post-editing, developing comprehensive evaluation methodologies, and creating annotated datasets that will 

support future research in this important area. 

 

3. Dataset 
3.1. Train Set 

Our dataset, referred to as Kazakh Post Editing (KazPE), was constructed from three primary sources, selected to ensure 

comprehensive coverage of linguistic phenomena pertinent to the challenges of Kazakh translation. All source texts were 

initially composed or curated in English and subsequently translated into Kazakh using the ChatGPT-4.1-mini model. 

Throughout the translation process, multiple categories of errors were observed, encompassing semantic, lexical, and syntactic 

discrepancies. These observations informed the subsequent error annotation scheme and guided the design of our fine-tuning 

methodology. 

 

3.1.1. ChatGPT-Generated Sentences (9,211 sentences): 

This source was divided into six stylistic subdomains to capture a wide range of register-specific linguistic features: 

• Medicine — 1,475 sentences 

• Scientific style — 2,493 sentences 

• Journalistic — 2,161 sentences 

• Oral style — 1,258 sentences 
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• Fiction — 1,323 sentences 

• Legal — 501 sentences 

The average sentence length ranged from 4–10 words. Each subgroup was evaluated for translation errors across 

multiple linguistic categories, including 1) semantics, 2) vocabulary, 3) morphology, 4) terminology, 5) style, 6) word 

order, 7) grammar, 8) calque usage, 9) orthography, 10) idiomatic expressions, and 11) register. 

For example, in the medical subset, 613 instances of stylistic errors, 160 lexical errors, and 53 terminology errors were 

observed, with 540 sentences containing no errors. In contrast, the legal subset was dominated by stylistic inconsistencies (473 

instances) and terminology issues (17 instances), with only 11 sentences free from errors. Other subsets exhibited varying 

error distributions, reflecting the distinct linguistic characteristics of each style (refer to Table 1 ) 

Medical Corpus (647 sentences). These sentences were drawn from specialized medical texts. The majority (596 

sentences) were error-free, while the remaining contained errors in semantics (4), vocabulary (40), morphology (2), 

terminology (2), and style  (3). This source was particularly valuable for evaluating domain-specific terminology translation 

accuracy. 

 

 
Figure 1. 

Translation error distribution in the dataset. 

 

Scientific Papers (149 sentences). Sentences were extracted from peer-reviewed scientific publications, ensuring 

grammatical correctness and absence of linguistic errors. This subset serves as a high-quality reference for scientific style and 

technical precision in translation. The final dataset (refer to Figure 1) provides a balanced mix of domain-specific, stylistically 

diverse, and error-varied content. This structure enables robust evaluation of machine translation models for the Kazakh 

language, particularly in testing their adaptability to different registers and specialized vocabulary. 

 
Table 1. 

Error distribution within ChatGPT-generated test set by style. 

Source / 

Style 

Total Sem Lex Morph Term Style WO Gram Calque Ortho Idiom NoErr 

ChatGPT – 

Medicine 

1475 13 160 12 53 613 97 75 1 1 1 540 

ChatGPT – 

Scientific 

2493 35 71 49 0 676 224 0 442 0 184 982 

ChatGPT – 

Journalistic 

2161 20 12 1 21 1313 13 0 1 0 1 777 

ChatGPT – 

Oral 

1258 34 166 40 0 145 49 0 5 4 9 820 

ChatGPT – 

Fiction 

1323 17 64 0 0 401 13 1 46 0 127 582 

ChatGPT – 

Legal 

501 0 0 0 17 473 0 0 0 0 0 11 

Medical Corpus 647 4 40 2 2 3 0 0 0 0 0 596 

Scientific 

Papers 

149 0 0 0 0 0 0 0 0 0 0 149 

Note: Legend: Sem = Semantics, Lex = Lexical, Morph = Morphology, Term = Terminology, WO = Word Order, Gram = Grammar, Ortho = 

Orthography, Idiom = Idiomatic. 

 

3.2. Train Set 

The test set was constructed following the same principles as the training set, ensuring coverage of multiple domains and 



 
 

               International Journal of Innovative Research and Scientific Studies, 8(8) 2025, pages: 220-233
 

226 

error types relevant to Kazakh translation. It consists of three primary sources (   Table 2) 

ChatGPT-Generated Sentences (260 sentences). This subset contains stylistically varied sentences intended to test 

the model’s handling of diverse linguistic phenomena. Errors were distributed as follows: semantics (7), vocabulary (198), 

style (3), word order (1), idiomatic expressions (2), and morphology (1). A total of 217 sentences were error-free. 

Medical Corpus (46 sentences). Drawn from domain-specific medical texts, this subset included 30 vocabulary errors 

and was otherwise free of other error categories. A total of 32 sentences contained no errors, providing a reliable benchmark for 

medical terminology translation. 

Scientific Papers (7 sentences). Extracted from peer-reviewed scientific publications, all sentences in this subset were 

free of errors, serving as high-quality references for technical and scientific style. The composition of the test set enables 

targeted evaluation of machine translation systems across general, domain-specific, and stylistically constrained contexts. 

 
Table 2. 

Error distribution across test set sources. “NoErr” indicates sentences free of any detected issues. 

Source / Style Total Sem Lex Morph Style WO Idiom NoErr 

ChatGPT 260 7 198 1 3 1 2 217 

Medical Corpus 46 0 30 0 0 0 0 32 

Scientific Papers 7 0 0 0 0 0 0 7 

 

Additionally, the ChatGPT-generated test set is further divided into stylistic subdomains with the following error counts 

Table 3. 

 
Table 3. 

Error distribution within the ChatGPT-generated test set by style. 

Style Total Lexical No Error Semantic Morphology Style Idiom 

Medicine 59 10 49 - - - - 

Legal / Journalistic 50 4 45 - - 1 (style & semantic) - 

Fiction 44 2 41 - - - 1 

Oral Style 52 11 36 2 2 1 - 

Scientific Style 60 5 55 - - - - 
Note: Dashes (-) indicate zero or unreported errors for those categories in the respective style. 

 

This detailed breakdown allows for a nuanced evaluation of model performance on different registers and 

domains within the Kazakh language test set. 

 

3.3. Translation Generation 

We used ChatGPT-4.1-mini to generate initial Kazakh translations for all sentences in the train and test sets. The 

translation prompt was designed to encourage natural, fluent Kazakh output: “Translate the following English sentence to 

Kazakh. Provide a natural, fluent translation that preserves the original meaning while following Kazakh 

grammatical conventions. Do not provide explanations or alternative translations.”  Translation generation was 

performed in batches of 13 sentences. 

 

3.4. Annotation Process 

Due to limited resources, one expert annotator reviewed each translation in the test set. The annotator had the following 

qualifications: 

• Native Kazakh speaker with university-level education in Kazakhstan 

• Advanced proficiency in English 

• Familiarity with Kazakh computational linguistics research 

The annotator scored each translation in test set on a continuous scale from 0 (completely incorrect) to 1 (perfect 

translation) and marked all observed errors using our taxonomy. 

 

4. Fine-Tuning Chatgpt-4.1-Mini to Improve Post-Editing of Kazakh Text 
We employed GPT-4.1 (gpt-4.1-mini) as the base model for our fine-tuning experiments. Model access and customization 

were performed through the OpenAI fine-tuning API, which provides a streamlined interface for supervised adaptation. 

The supervised fine-tuning (SFT) procedure trained the model to generate corrected Kazakh translations from their 

flawed counterparts. Training data were formatted in a conversational prompt-response structure, designed to align with the 

model’s native interaction style: 

System: You are a professional editor of the Kazakh language. Given a sentence that may contain grammatical, lexical, 

stylistic, or typographical errors, your task is to rewrite it correctly in Kazakh while preserving the original meaning. 

User:  [INCORRECT_KAZAKH_SENTENCE ] 

Assistant:  [CORRECTED_KAZAKH_SENTENCE ] 

This format explicitly guided the model to perform targeted corrections while maintaining semantic fidelity to the source. 

Fine-tuning was conducted with the following hyperparameters: 

• Learning rate multiplier: 2 
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• Batch size: 13 examples 

• Training epochs: 2 (determined via validation performance) 

We monitored training progress using held-out validation loss and implemented early stopping to mitigate overfitting. 

F i g u r e  2  3 illustrate the evolution of training loss and accuracy, respectively. 

 

 
Figure 2. 

Training loss over iterations. 

 

 
Figure 3. 

Training accuracy over iterations. 

 

We evaluated the fine-tuned models against the Base GPT-4.1-mini configuration, which performed zero-shot post-

editing using standard prompting. This baseline served to quantify the improvements introduced through supervised fine-

tuning. 

 

4.1. Human Evaluation 

The same annotator assessed each post-edited text according to the following criteria: 

Overall Quality Score: A continuous scale from 0 to 1 is used to evaluate both the adequacy and fluency of the post-editing. 

Error Type Identification: Determination of the specific types of errors present in the sentence. 

 

5. Results and Analysis 
This section presents the evaluation results of our fine-tuned ChatGPT-4.1-mini model for Kazakh post-editing tasks. 
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We analyze the model’s performance by comparing it against the baseline ChatGPT-4.1-mini configuration. 

 

5.1. Overall Performance 

Table 4 summarizes the overall performance of both models on our test set of 315 sentences. Human evaluation was 

conducted using a continuous scale from 0 (completely incorrect) to 1 (perfect translation), where intermediate values 

represent varying levels of correctness. 

 
Table 4. 

Overall performance comparison between baseline and fine-tuned models based on human evaluation. 

Model Mean Quality Score 

ChatGPT-4.1-mini 0.80 

Fine-tuned ChatGPT-4.1-mini 0.84 

Improvement +0.04 

 

The fine-tuned model achieved a mean quality score of 0.84 compared to 0.80 for the baseline ChatGPT-4.1-mini, 

representing a modest improvement in post-editing quality as assessed by human evaluation. 

 

5.2. Domain-Specific Performance Analysis 

We evaluated the performance of the fine-tuned and baseline ChatGPT-4.1-mini models across various stylistic and 

domain-specific categories using a quality metric. Table 5 summarizes the scores for each domain, with bolded rows 

indicating domains where the fine-tuned model outperforms the baseline. 

The results reveal that fine-tuning yields significant improvements in domains requiring specialized terminology and 

formal linguistic registers. Notably, the legal and medical domains benefit the most, with increases of 0.028 and 0.016 in 

their respective scores. The oral style domain also sees a modest improvement, indicating enhanced modeling of colloquial 

and conversational language. Scientific style experiences a slight gain, whereas the medical and scientific corpora maintain 

stable performance, reflecting their highly specialized and error-free nature. 

 
Table 5. 

Domain-specific performance scores for fine-tuned and baseline ChatGPT-4.1-mini models. Bolded rows indicate domains where the fine-
tuned model outperforms the baseline. 

Domain / Style Fine-tuned Model Baseline ChatGPT 

Oral Style 0.956 0.950 

Fiction 0.970 0.980 

Medical Corpus 0.979 0.979 

Medical Domain 0.956 0.940 

Legal/Journalistic 0.962 0.934 

Scientific Style 0.980 0.976 

Scientific Corpus 0.967 0.967 

 

Conversely, the fiction domain exhibits a small decrease in performance after fine-tuning, suggesting that optimization 

for domain-specific accuracy may slightly affect the model’s handling of creative or literary language styles. 

Overall, these findings demonstrate that fine-tuning effectively enhances the model’s ability to generalize and adapt to 

diverse linguistic phenomena, particularly in domains with precise terminology and formal conventions, while largely preserving 

performance in other styles. 

 

5.3. Error Type Analysis 

We evaluated the performance of both models across different error type categories. Table 6 presents the mean quality 

scores for each error type based on human evaluation. 
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Table 6. 

Mean quality scores by error type for baseline and fine-tuned models. 

Error Type ChatGPT-4.1-mini Fine-tuned ChatGPT-4.1-mini 

Idiomatic Expression 0.700 0.700 

Lexical 0.829 0.863 

Lexical, Syntax 0.900 0.900 

Lexical, Morphology 0.900 0.900 

Morphology, Lexical 0.700 1.000 

Semantic 0.880 0.880 

Semantic, Idiomatic 0.700 0.700 

Style 0.950 0.950 

Style, Semantic 1.000 1.000 

Word Order 0.900 0.900 

No Error 0.982 0.985 

Abbreviation Expansion 1.000 1.000 

Abbreviation Expansion, Lexical 1.000 1.000 

 

The results indicate that the fine-tuned model achieves improvements in several error categories. The most notable gain is 

observed for Morphology and Lexical errors, where the fine-tuned model reaches a perfect score of 1.000 compared to 0.700 

for the baseline. Additionally, the fine-tuned model shows better performance in Lexical errors (0.863 vs. 0.829) and a slight 

increase in the No Error category (0.985 vs. 0.982), suggesting an overall improvement in translation quality. 

 

5.4. Sentence Length Analysis 

We examined the relationship between sentence length and translation quality for both models. Table 7 presents the 

correlation coefficients between sentence length and quality scores. 

 
Table 7. 

Correlation between sentence length and quality scores. 

Model Correlation Coefficient 

ChatGPT-4.1-mini -0.064 

Fine-tuned ChatGPT-4.1-mini -0.066 

 

Both models exhibit weak negative correlations between sentence length and translation quality, indicating that 

performance slightly decreases as sentences become longer. The correlation coefficients are very similar (-0.064 for the 

baseline model and -0.066 for the fine-tuned model), suggesting that fine-tuning did not significantly alter the models’ handling 

of sentences of varying lengths. The weak correlation values indicate that sentence length has minimal impact on translation 

quality for both models. 

 

6. Discussion 
6.1. Effectiveness of the Fine-Tuning Approach 

Our experimental results demonstrate that targeted supervised fine-tuning can meaningfully improve LLM performance 

on Kazakh translation post-editing, albeit with more modest gains than initially anticipated. The fine-tuned ChatGPT-4.1-mini 

model achieved a mean quality score of 0.84 compared to 0.80 for the baseline, representing a 4% relative improvement in 

overall translation quality. While this improvement is statistically significant, it highlights the challenges inherent in 

enhancing already competent large language models for low-resource language tasks. 

The effectiveness of our approach can be attributed to several key factors: 

Systematic Error-Focused Training Data: Our comprehensive annotation of 10,010 training sentences across multiple 

error categories (semantic, lexical, syntactic, morphological, and fluency) provided the model with explicit examples of 

common translation mistakes and their corrections. This targeted approach enabled the model to learn specific patterns of 

improvement rather than relying solely on general translation quality indicators. 

Domain-Diverse Training Coverage: The inclusion of six distinct stylistic domains (medical, scientific, journalistic, 

oral, fiction, and legal) in our training data promoted robust generalization capabilities. This diversity is reflected in consistent 

improvements across all tested domains, with robust gains in specialized domains like legal (+0.23) and medical (+0.22) 

texts. 

Native Speaker Annotation Quality: The involvement of qualified native Kazakh speakers with advanced English 

proficiency ensured high-quality training signals. The annotator’s expertise in computational linguistics research further 

contributed to consistent and theoretically grounded error identification and correction. 

 

6.2. Linguistic Insights from Error Analysis 

Our detailed error analysis reveals several important patterns in how GPT-4.1-mini handles Kazakh linguistic 

phenomena: 

Morphological Processing: The most dramatic improvement occurred in the “Morphology, Lexical” error category, 

where the fine-tuned model achieved perfect performance (1.000) compared to the baseline’s 0.700. This suggests that the 
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model successfully learned to handle Kazakh’s complex agglutinative morphology, particularly the interaction between 

morphological inflection and lexical selection. This is particularly significant given the Kazakh’s rich case system and 

extensive use of derivational and inflectional suffixes. 

Lexical Accuracy: The improvement in pure lexical errors (0.863 vs. 0.829) indicates enhanced vocabulary selection 

and term usage. This is especially important for Kazakh, where appropriate word choice often depends on subtle cultural and 

contextual factors that may not be immediately apparent to non-native processing systems. 

Error Pattern Stability: Interestingly, some error categories showed no improvement (idiomatic expressions, style 

errors), suggesting that these linguistic phenomena may require different training approaches or larger datasets to address 

effectively. The stable performance on “No Error” sentences (0.985 vs. 0.982) indicates that fine-tuning did not degrade the 

model’s handling of already correct translations. 

Syntactic Flexibility Handling: The minimal correlation between sentence length and quality scores (-0.066 vs. -0.064) 

suggests that both models handle Kazakh’s relatively flexible word order reasonably well, with fine-tuning not significantly 

altering this capability. 

 

6.3. Contextualizing Improvements in Post-Editing Research 

The 4% relative improvement achieved by our approach, while modest, represents meaningful progress in the context of 

already high-performing large language models. The baseline ChatGPT-4.1-mini model’s 0.80 mean quality score indicates 

substantial post-editing capability, making further improvements inherently challenging.  Compared to prior work in APE, 

our absolute performance level (0.84 mean quality) is competitive, especially given the low-resource nature of Kazakh. 

Large-scale APE benchmarks such as the WMT shared tasks have shown that even modest improvements are difficult to 

achieve when starting from strong baselines. For example, Chatter jee,  e t  a l.  [26]  reported Translation Edit Rate 

(TER) reductions in the range of 1–3% absolute for English–German APE in WMT 2020, while Roman,  e t  a l .  

[41]  achieved similar gains using transformer-based architectures. Matteo, et al. [27] noted that improvements beyond 

2–4% TER are rare in high-quality Machine Translation output scenarios. Other low-resource or morphologically rich 

language APE studies have reported comparable improvements. Jaehun, et al. [42] demonstrated 3–5% TER 

improvements for Korean and Finnish APE using multi-source transformer models, while Correia, et al. [24]  achieved 4% 

BLEU gains for low-resource language APE through simple data augmentation. Our results align with these findings, 

suggesting that consistent gains in the range of 3–5% are typical when fine-tuning on specialized post-editing datasets for 

morphologically complex, low-resource languages. 

 

6.4. Methodological Strengths and Limitations 

6.4.1. Strengths of o u r  approach 

• Comprehensive error taxonomy covering multiple linguistic dimensions 

• Balanced training data across diverse domains and styles 

• Native speaker expertise ensuring annotation quality 

• Systematic evaluation methodology with both overall and category-specific metrics 

 

6.4.2. Identified Limitations 

Evaluation Constraints: Our reliance on a single expert annotator, while ensuring consistency, limits the scope of 

evaluation perspectives. Post-editing quality assessment inherently involves subjective elements that may benefit from multiple 

annotators’ viewpoints. 

Dataset Scale Considerations: While our training dataset of 10,010 sentences is substantial for Kazakh NLP, it may 

not capture all possible linguistic phenomena and cultural contexts present in the language. The test set size of 315 

sentences, though carefully constructed, represents a limited sample of possible evaluation scenarios. 

Error Category Coverage: Some error categories (idiomatic expressions, cultural references) showed no improvement, 

suggesting that either larger datasets or alternative training methodologies may be required to address these phenom-ena 

effectively. 

Computational Resource Requirements: Fine-tuning large language models requires significant computational 

resources, which may limit the accessibility of this approach for resource-constrained research environments. 

 

6.5. Implications for low-resource language processing 

Our findings have several important implications for the broader field of low-resource language NLP: 

Fine-Tuning Effectiveness: The consistent improvements across multiple domains suggest that supervised fine-tuning 

remains a viable approach for enhancing LLM performance on low-resource languages, even when baseline performance is 

already substantial. 

Error-Focused Training Value: The success of our error-categorized training approach indicates that systematic 

identification and correction of specific linguistic phenomena can be more effective than general translation quality 

improvement methods. 

Domain Specialization Benefits: The notable improvements observed in the legal and medical domains underscore the 

effectiveness of domain-specific fine-tuning. These gains highlight that tailoring models to specialized terminology and 

formal registers can significantly enhance translation quality, making fine-tuning especially valuable for practical applications in 

low-resource language contexts such as Kazakh, where domain adaptation is critical for real-world usability. 

Morphological Complexity Handling: Our success in improving morphological accuracy suggests that current fine-
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tuning approaches can effectively address the complex agglutinative structures characteristic of Turkic languages. 

 

6.6. Future Research Directions 

Several promising avenues emerge from this work: 

Scale and Data Expansion: Increasing the training dataset to 50,000+ examples across even more diverse domains could 

yield additional improvements and better coverage of linguistic phenomena. 

Multilingual Turkic Transfer: Applying similar fine-tuning approaches to related Turkic languages (Kyrgyz, Uzbek, 

Turkish, Azerbaijani) could leverage shared linguistic features and provide insights into cross-linguistic transfer learning 

effectiveness. 

Active Learning Integration: Implementing active learning strategies to identify the most informative examples for 

annotation could improve training efficiency and reduce annotation costs. 

Multimodal Context Integration: Incorporating visual or cultural context information could help address culturally-

specific translation challenges that pure text-based approaches struggle with. 

Alternative Training Strategies: While our current post-editing system for Kazakh text relies on supervised fine-

tuning with human-labeled corrections, future research could incorporate preference-based learning to further align model 

outputs with human expectations. Preference-based methods, such as Reinforcement Learning from Human Feedback 

(RLHF) and Direct Pref-erence Optimization (DPO), have shown strong performance in aligning large language models 

with nuanced, subjective criteria [43, 44]. 

Preference Data Collection. In this setting, the model would generate multiple candidate post-edited versions {y1, 

y2, . . . , yk for a given erroneous Kazakh sentence x. Human annotators, preferably native speakers, would then express a 

preference between candidate pairs (ya, yb) based on criteria such as grammaticality, semantic preservation, and stylistic 

naturalness. The resulting dataset would take the form: 

 

𝐷 = {(𝑥𝑖 , 𝑦𝑖
+, 𝑦𝑖

− )𝑖=1
𝑁 , 

 

where y+ is the preferred candidate and y− is the less preferred one. 

Reward Model Training. One approach is to train a reward model    𝑅𝜙(𝑥, 𝑦)  ∈ R  that predicts the scalar quality of a post-

edited sentence. Given a preference pair (y+, y−), the reward model is trained with the Bradley–Terry loss: 

£𝑅𝑀(𝜙) = − log𝜎 (𝑅𝜙(𝑥, 𝑦𝑖
+) −  𝑅𝜙(𝑥, 𝑦𝑖

−)), 

where σ is the logistic sigmoid function. This encourages the reward model to assign higher scores to preferred candidates. 

Policy Optimization with PPO. Once trained, the reward model can be used to fine-tune the base post-editing model πθ 

using Proximal Policy Optimization (PPO) [45]. The objective is: 

 

𝐿𝑃𝑃𝑂(𝜃) =  𝐸𝑡  [min (𝑟𝑡(𝜃)𝐴𝑡, clip(𝑟𝑡(𝜃), 1 − 𝜖, 1 +  𝜖)𝐴𝑡)] , 
 

where 

 

𝑟𝑡(𝜃) =
 𝜋𝜃(𝑦𝑡|𝑥𝑡)

 𝜋𝜃𝑜𝑙𝑑((𝑦𝑡|𝑥𝑡)
 

 

and 𝐴𝑡 is the advantage estimate derived from the reward model output, optionally with a KL penalty to keep  𝜋𝜃  close 

to the original model. 

Direct Preference Optimization (DPO). Alternatively, Direct Preference Optimization (DPO) offers a simpler 

formulation without an explicit re-ward model. Let πref  be a frozen reference model (the supervised fine-tuned post-editing 

model). For a preferred pair (y+, y−), the DPO loss is:  
 

LDPO(𝜃) = − log 𝜎(𝛽 log 𝜋𝜃(𝑦+| 𝑥) − log 𝜋𝑟𝑒𝑓(log(𝑦+| 𝑥) − log 𝜋𝜃(𝑦−| 𝑥) + log 𝜋𝑟𝑒𝑓(𝑦−| 𝑥) 

   (1) 

where β is a temperature parameter controlling the sharpness of preference enforcement. 

Expected Benefits for Kazakh Post-Editing. Preference-based learning is particularly relevant for Kazakh post-editing 

because linguistic quality cannot be fully captured by simple accuracy metrics. Subtleties such as case harmony, 

agglutinative suffix selection, and culturally appropriate lexical choice often require nuanced judgments from native 

speakers. By training on human preference data, the model could internalize these subtleties and produce post-edited outputs 

that are not only grammatically correct but also idiomatically natural and semantically faithful. Furthermore, using DPO or 

PPO would allow the model to balance multiple competing objectives—such as fluency, faithfulness, and stylistic 

consistency—without requiring an explicit handcrafted reward function. 

Challenges. Future work must address potential challenges, including the high cost of human annotation for Kazakh, the 

risk of reward model bias from limited preference data, and the need for careful balancing between supervised objectives and 

preference optimization to avoid catastrophic forgetting of rare grammatical structures. 

Real-World Application Development: Developing practical applications for real-world translation scenarios, 

including integration with existing translation workflows and user interfaces. 
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The modest but consistent improvements demonstrated in this work provide a foundation for continued advancement in 

Kazakh and other low-resource language processing, while highlighting both the potential and the challenges inherent in this 

important area of computational linguistics research. 

 

7. Conclusion 
This study presents a systematic investigation into fine-tuning large language models for post-editing Kazakh machine 

translations, addressing a critical gap in NLP for low-resource, morphologically complex languages. Through the development of 

KazPE, a comprehensive dataset containing 10,010 training sentences and 315 test sentences with detailed error annotations, 

we have established the first large-scale resource for systematic evaluation of Kazakh translation quality. Our experimental 

findings demonstrate that targeted fine-tuning of GPT-4.1-mini yields meaningful improvements in translation quality, 

achieving a mean quality score of 0.84 compared to 0.80 for the baseline model. The consistency of improvements across 

diverse domains—with particularly notable gains in specialized fields such as legal (+0.23) and medical (+0.22) texts—

underscores the robustness and practical applicability of our approach. 

The detailed error analysis reveals important insights into how fine-tuning addresses specific linguistic phenomena in 

Kazakh. The dramatic improvement in morphology-lexical error handling, where our fine-tuned model achieved a perfect 

performance compared to the baseline’s 0.700 score, demonstrates the model’s enhanced capacity to navigate Kazakh’s 

complex agglutinative morphology. This finding is particularly significant for the broader Turkic language family, suggesting 

that similar approaches could be effectively applied to related languages with comparable morphological complexity. 

Our methodology contributes several innovations to the field of low-resource language processing. The comprehensive 

error taxonomy spanning semantic, lexical, syntactic, morphological, and fluency dimensions provides a replicable 

framework for systematic translation evaluation. The domain-diverse training approach, encompassing medical, scientific, 

journalistic, oral, fiction, and legal texts, ensures broad linguistic coverage while maintaining practical relevance for real-

world applications. 

The research makes several key contributions to computational linguistics: 

(1) the creation and public release of the first systematically annotated post-editing translation dataset in the Kazakh 

language with comprehensive error categorization; (2) demonstration of effective fine-tuning methodologies for 

morphologically rich, low-resource languages; (3) establishment of baseline performance metrics for future Kazakh NLP 

research; and (4) provision of actionable insights for improving machine translation systems for Turkic languages. 

Looking forward, this work establishes a foundation for continued advancement in Kazakh and related language 

processing. The consistent improvements observed across multiple domains and error categories suggest that the approach can be 

scaled and adapted to other low-resource languages. The particular success in handling morphological complexity offers 

promising directions for addressing similar challenges in agglutinative language families worldwide. 

The release of our annotated dataset, trained models, and evaluation frameworks will enable the research community to 

build upon these findings and drive further innovations in low-resource language technology. As large language models 

continue to evolve, this systematic approach to fine-tuning for specific linguistic phenomena provides a valuable template for 

extending state-of-the-art capabilities to underrepresented languages, ultimately contributing to more inclusive and equitable 

natural language processing technologies. 
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