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 Speech recognition remains a challenging task, especially for low-resource 

languages such as Kazakh. This study explores effectiveness of fine-tuning 

OpenAI’s Whisper model on Kazakh speech data for improving speech 

recognition accuracy. The Kazakh speech corpus (KSC) is used as a 

benchmark dataset and to conduct experiments to evaluate how the adapted 

Whisper framework measures up against current leading speech recognition 

models, including deep neural network (DNN)-hidden Markov model 

(HMM), end-to-end long short-term memory (E2E-LSTM), and end-to-end 

transformer (E2E-transformer). Research outcomes indicate that the Whisper 

model outperforms all baselines after fine-tuning, showing a result with a 

word error rate (WER) of 12.5%, a character error rate (CER) of 3.15%, a 

character-level F1-score (chrF) of 93.72, and a bilingual evaluation 

understudy (BLEU) score of 76.05. These findings suggest that the Whisper 

model that is fine-tuned on Kazakh audio data can be a promising approach 

for improving Kazakh speech recognition accuracy. This work advances the 

development of speech recognition for the Kazakh language by 

demonstrating the effectiveness of transfer learning in low-resource 

languages. Subsequent research must prioritize collecting larger and more 

diverse speech data for Kazakh, including noisy and accented speech, to 

further improve speech recognition accuracy. 
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1. INTRODUCTION  

Speech recognition plays a key role in modern communication, allowing people to interact with 

devices using natural speech. Machines use acoustic processing and modeling algorithms to recognize human 

speech, creating a link between people and devices [1]. Despite the fact that there is much research done and 

many automatic speech recognition (ASR) systems are well developed for major languages, there is a lack of 

study of low-resource languages such as Kazakh, spoken by over 18 million people. The reasons for this 

situation are the lack of annotated datasets and the agglutinative nature of the Kazakh language [2]. Kazakh 

ASR improvement plays a big role in preserving the language, increasing its accessibility, and supporting 

cultural exchange. 

During the past decades, the science of speech recognition has advanced remarkably. Initial ASR 

systems were able to recognize phonemes and acoustic patterns, but could process only small vocabularies. 

https://creativecommons.org/licenses/by-sa/4.0/
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One of the examples of an early system was a system for recognizing spoken digits on the telephone line [3]. 

In time, new approaches that relied on probability models and large corpora were introduced and improved 

the performance of the systems [4]–[6]. For instance, an experiment that compared pitch-shifting,  

time-stretching and volume control augmentations revealed a marked reduction in word error rate (WER) for 

the convolutional neural network (CNN) recognizer when used in conjunction with hidden Markov model 

(HMM), support vector machine (SVM), and CNN models [7].  

The development of deep neural networks (DNNs) has enormously accelerated the research in ASR. 

DNNs are much better than older generations of Gaussian mixture model (GMM)-HMM models due to their 

ability to extract highly abstract and useful features from speech data [8]–[10]. Neural network models that 

are noise-resistant include CNNs [11]–[13] and long short-term memory (LSTM) networks [14], [15].  

ASR systems have become increasingly simpler and achieved unprecedented levels of performance through 

end-to-end encoder-decoder models with attention [16]. Other unsupervised approaches such as generative 

adversarial network (GAN)-based learning and contrastive predictive coding (CPC) have further enhanced 

efficiency and noise tolerance [17]. 

Nevertheless, low-resource languages like Kazakh face numerous challenges due to a lack of data, 

complex word structures, different accents, and very few language resources [18]. Recently, there was an 

increase in the number of papers dedicated to Kazakh ASR. Researchers explored different approaches, 

including HMM-based approaches, hybrid models, as well as deep learning models such as transformers and 

CTC-based approaches [19]. WERs for continuous speech recognition systems are 30% [20], while character 

error rate (CER) for transformer models were only 3.7% on clean data [2]. Crowdsourced datasets have 

increased training resources [21], and the Kazakh text-to-speech (TTS) corpus now supports both ASR and 

speech synthesis tasks [22].  

The fine-tuning of the OpenAI Whisper model [23] has recently emerged as a promising direction 

for low-resource domain-specific ASR. Studies have shown improved performance when Whisper is  

fine-tuned in targeted lexical domains [24], Korean speech [25], Javanese [26], and atypical Italian  

speech [27]. These results show strong generalization and adaptability in languages and speaking conditions. 

This research is motivated by the need for accurate speech recognition technology for the Kazakh language, 

which has demonstrated a positive impact on language preservation and revitalization. Accurate speech 

recognition can help to create voice-controlled devices and software in Kazakh, which can be implemented in 

education, government, and business. Based on a review of the literature, this study is the first to apply the 

Whisper model to Kazakh speech recognition. The introduced approach uses recent progress in DNN-based 

speech recognition and adapts it for the Kazakh language. These results are expected to improve Kazakh 

ASR and stimulate further research in this area. 

The article proceeds as follows. Section 2 outlines the Kazakh speech corpus (KSC), data  

pre-processing procedures, the Whisper model, and fine-tuning procedure. Section 3 gives experimental 

results. Section 4 concludes this study. 

 

 

2. METHOD 

The details of training a speech recognition model using the Whisper architecture and fine-tuning it 

using a KSC are described in this section. In particular, this section introduces a Kazakh language large-scale 

speech corpus and its possible applications. Then, the training approach via web-scale supervised pre-training 

for the Whisper model is discussed, including the data preprocessing steps, automated filtering methods for 

improving the transcript quality, and the model architecture. Finally, this study describe the fine-tuning of the 

Whisper model using the KSC and performance evaluation metrics for evaluating the accuracy of the model. 

Namely, the WER and CER. 

 

2.1.  Kazakh speech corpus 

The open-source KSC is used as a comprehensive, publicly accessible large-scale dataset in  

Kazakh [21]. It includes roughly 332 hours of verified audio, which are split into 153,000 distinct phrases. To 

guarantee high quality, the corpus was compiled using crowdsourcing techniques and carefully checked by 

native Kazakh speakers. To ensure data integrity, the dataset was built through crowdsourcing and underwent 

rigorous validation by native Kazakh speakers. This resource was specifically developed to advance 

automated speech and language technologies for Kazakh, which is a Turkic language characterized by 

agglutination and vowel harmony. The foundational texts for the audio prompts were aggregated from a 

diverse array of materials, ranging from legislation and e-books to digital platforms like blogs, news outlets, 

and Wikipedia. A special text extraction tool was created for each website to extract text data from it.  

The text data collected was used to generate speech prompts, which were recorded by participants using a 

web interface. 
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2.2.  Whisper model and fine-tuning 

Developed by OpenAI, Whisper is a robust ASR model trained on a massive 680,000-hour 

collection of annotated audios. Within this dataset, 117,000 hours are dedicated to multilingual recordings 

over 96 languages, including Kazakh, with some annotations translated into English. Whisper model, after 

pre-training, shows strong performance in many languages, achieving a WER of 3% on the test-clean subset 

of the LibriSpeech ASR benchmark. Structurally, Whisper relies on a transformer-based encoder-decoder 

framework. The encoder translates log-mel spectrograms into vector sequences through several transformer 

layers. After that, the decoder functions as a language model, predicting subsequent tokens from these 

vectors to generate the final transcription (as depicted in Figure 1). Whisper model was fine-tuned and  

pre-trained on a specific Kazakh dataset in order to maximize transcription accuracy for the Kazakh 

language. Fine-tuning allowed us to adapt the model to handle the linguistic nuances of Kazakh better, 

further improving its transcription quality. 
 
 

 
 

Figure 1. Whisper architecture 
 
 

2.3.  Dataset and data splitting 

The KSC introduced by Khassanov et al. [21] was used for both model fine-tuning and evaluation. 

To maintain experimental integrity and allow direct baseline comparisons, this study strictly adhered to the 

corpus's original data separation strategy. The dataset was split with absolute speaker exclusivity for train, 

validation, and test sets, with no individual participant’s voice overlapped across splits. The training set 

includes around 318 hours of audio sourced from anonymous individuals. Validation and test sets contain 

approximately 7.1 hours of audio recorded from identifiable participants balanced by gender, age group, and 

region. The test set was used exclusively for final evaluation, consistent with the experimental protocol 

reported in the KSC baseline study. 
 

2.4.  Preprocessing pipeline 

Fine-tuning was carried out using a preprocessing pipeline consistent with the Whisper architecture 

and closely following the attached fine-tuning code template. Initially, all voice recordings were loaded and 

resampled to 16 kHz, which is the sampling rate expected by Whisper. Audio signals were converted to 

single-channel (mono) format where necessary. No explicit silence trimming or manual segmentation was 

applied beyond what is implicitly handled during corpus preparation, as KSC utterances are already  

pre-segmented and quality-checked. 

In the next step, acoustic features were extracted using the Whisper feature extractor. Original audio 

signals were transformed into log-mel spectrograms by applying the exact configuration utilized during the 

model's initial pretraining. These log-mels form the encoder input and ensure consistency of architecture 

during pretraining and fine-tuning. 
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Subsequently, transcription texts were tokenized using the Whisper tokenizer. Ground truth 

transcriptions were tokenized into subword token ID sequences according to the multilingual vocabulary 

used by Whisper and supporting native Kazakh characters. No other text normalization, transliteration, or 

language-specific preprocessing was done besides that included in the Whisper tokenizer’s logic. Mini-batch 

training was made possible by using a data collator to dynamically pad both the input spectrograms and 

output tokens in each mini-batch. The padding was only done at the mini-batch level, with attention masks 

appropriately used to ignore any contribution of the padding elements to the loss function. Table 1 provides 

the basic parameters for fine-tuning the Whisper used in the current study: model variant, dataset,  

speaker-disjoint data split and key preprocessing and evaluation settings. Table 1 gives an overview of the 

parameters described more thoroughly in subsections 2.2 to 2.5 and highlights the aspects most relevant for 

reproducibility and fair comparison with the KSC baseline results. 

 

 

Table 1. Essential Whisper fine-tuning setup on KSC 
Aspect Specification 

Model Whisper-small (pre-trained) 
Dataset KSC 

Data split Speaker-disjoint (train/validation/test) 

Training data/validation data/test data 318 h/7.1 h/7.1 h 
Sampling rate 16 kHz 

Audio format Mono 
Padding strategy Dynamic padding via data collator 

Maximum audio length Whisper default (long utterances truncated) 

Loss function Cross-entropy loss 
Optimization Supervised fine-tuning 

Input features Log-mel spectrograms 

Tokenizer Whisper multilingual tokenizer 

 

 

2.5.  Fine-tuning procedure 

Supervised learning of the pre-trained Whisper-small model was carried out on the KSC training 

dataset. The model parameters were updated through minimizing the cross-entropy loss between the ground 

truth transcription and the predicted token sequences. The hyperparameters such as learning rate, batch size, 

and number of epochs were chosen based on the configuration specified in the fine-tuning script and tuned 

with respect to performance on the KSC validation dataset. The fine-tuned model was evaluated only on the 

KSC test set after training convergence, following the speaker-independent evaluation protocol as in the 

original KSC baseline experiments. This followed the speaker-independent testing protocol used for the 

baseline experiments with the KSC system. Thus, performance comparison between Whisper and ASR 

models previously trained on the KSC dataset is valid from a methodological viewpoint. Overall, this 

approach to preprocessing and fine-tuning allowed Whisper to adjust its acoustic and linguistic representation 

to the phonetic structure, morphology, and orthographic peculiarities of the Kazakh language. 

 

2.6.  Performance evaluation metrics: character error rate and word error rate 

In this study, four evaluation metrics are used in order to compare different speech recognition 

models’ performance: CER, WER, character-level F1-score (chrF), and bilingual evaluation understudy 

(BLEU). CER shows the percentage of incorrectly recognized transcript characters. It is calculated using (1). 

 

𝐶𝐸𝑅 =
𝑆+𝐷+𝐼

𝑁
  (1) 

 

Where 𝑆 stands for the number of characters that are recognized incorrectly (substitutions), 𝐷 stands for 

number of missing characters (deletions), 𝐼 stands for the number of extra characters (insertions), and 𝑁 is 

total number of characters in the text. WER is the percentage of incorrectly recognized words in the context. 

It is calculated using (2). 

 

𝑊𝐸𝑅 =
𝑆 + 𝐷 + 𝐼

𝑁
 (2) 

 

Where 𝑆 represents substituted or misrecognized words, 𝐷 denotes omitted words, 𝐼 stand for falsely added 

words, and 𝑁 indicates the overall word count of the ground-truth text. To evaluate the alignment of 

character-level n-grams between the generated output and the true transcript, we utilize the chrF. This metric 

calculates the harmonic mean of recall (𝑅) and precision (𝑃) at the character level defined by (3). 
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𝑐ℎ𝑟𝐹 =
(1+𝛽2) ⋅𝑃⋅𝑅

𝛽2⋅𝑃+𝑅
 (3) 

 

Here, 𝑃 denotes the fraction of generated character n-grams matching the ground truth, while 𝑅 specifies the 

fraction of reference n-grams successfully captured by the output. The parameter 𝛽 acts as a balancing weight 

assigned a value of 2 for these experiments to place greater importance on recall. The BLEU score itself is 

computed by combining a brevity penalty (BP) with the weighted geometric mean of n-gram precisions,  

as in (4).  

 

𝐵𝐿𝐸𝑈 = 𝐵𝑃 ⋅𝑒𝑥𝑝 (∑ 𝜔𝑛 𝑙𝑜𝑔 𝑝𝑛
𝑁
𝑛=1 ), (4) 

 

Where 𝐵𝑃 is a BP applied when the hypothesis is shorter than the reference, 𝑁 is the maximum 𝑛-gram 

order, 𝜔𝑛 is the weight of each 𝑛-gram and 𝑝𝑛 is the precision of 𝑛-grams. 

Both CER and WER provide a quantitative measure of recognition errors. Meanwhile, chrF and 

BLEU capture overlap-based similarity between predicted and reference transcripts. Lower CER and WER 

values indicate higher transcription accuracy, whereas higher chrF and BLEU scores indicate better 

correspondence with the reference. 

 

 

3. RESULTS AND DISCUSSION  

Table 2 demonstrates the comparative analysis of the performance of different models on the KSC 

dataset designed for speech recognition. The considered models are the traditional DNN-HMM model, two 

end-to-end models (E2E-LSTM and E2E-transformer), the original Whisper-small model, and the proposed 

fine-tuned Whisper-small model. The metrics are CER, WER, chrF, and BLEU. It is evident from the 

obtained results that the Whisper-small model remarkably outperforms all other models by metrics of 

evaluation: CER of 3.15, a WER of 12.5, a chrF of 93.72, and a BLEU score of 76.05. This demonstrates that 

the fine-tuned model is substantially more accurate in recognizing Kazakh speech compared to both 

traditional and end-to-end models. 

 

 

Table 2. Comparison of model performance (%) 
Reference Model CER WER chrF BLEU 

[23] DNN-HMM 4.6 13.7 - - 

[23] E2E-LSTM 8.7 28.8 - - 
[23] E2E-transformer 4.9 18.8 - - 

[25] Original whisper small 73.34 118.57 29.36 1.30 

This work Fine-tuned whisper (small) 3.15 12.5 93.72 76.05 

 

 

The DNN-HMM model showed the results with 4.6 of CER and 13.7 of WER, while the  

E2E-LSTM model was shown to have the CER of 8.7 and WER of 28.8. In contrast, the original  

Whisper-small model performed poorly on this dataset, with a CER of 73.34, a WER of 118.57, a chrF of 

29.36, and a BLEU score of 1.30. These results indicate that, although end-to-end models are promising, they 

still require further adaptation to accurately recognize Kazakh speech, whereas the Whisper model shows 

state-of-the-art performance after being fine-tuned. To further understand where Whisper adapts during  

fine-tuning, this study investigated the parameter changes in the encoder layers. For each layer 𝑗, the relative 

L2 change was computed as (5). 

 

𝛥𝑗 =
 ‖𝜃𝑗

(𝑓𝑡)−𝜃𝑗
(0)‖2

‖𝜃𝑗
(0)‖2 

 (5) 

 

Where 𝜃𝑗
(0)

 and 𝜃𝑗
(𝑓𝑡)

 denote the pre-trained and fine-tuned parameters of layer 𝑗, respectively.  

Figure 2 shows the resulting layer-wise adaptation map. The most substantial parameter updates 

occur in mid-level encoder layers (layers 3–7, 𝛥𝑗 = 0.034 − 0.036), while early and late layers exhibit 

smaller changes (e.g., layer 0: 0.0255; layer 11: 0.0166). This pattern suggests that fine-tuning primarily 

refines intermediate acoustic–phonetic representations, while preserving low-level spectral processing and 

higher-level linguistic abstraction learned during large-scale multilingual pre-training. 

The results of this research have proven that fine-tuning OpenAI’s Whisper-small model on the 

KSC improves the accuracy of Kazakh speech recognition remarkably, by achieving state-of-the-art 

performance across CER, WER, chrF, and BLEU. These results have shown the perspectives of applying this 
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model for practical purposes within voice-operated systems in different fields, namely, education, 

government, and business spheres. Moreover, the layer-wise adaptation analysis suggests that fine-tuning 

primarily refines intermediate acoustic–phonetic representations while preserving lower-level spectral and 

higher-level linguistic knowledge acquired during large-scale multilingual pre-training. Future research 

should investigate the deployment of the fine-tuned Whisper model in real-world scenarios and explore 

strategies to further enhance the performance of speech recognition systems for low-resource languages such 

as Kazakh. 
 

 

 
 

Figure 2. Layer-wise relative L2 parameter change after fine-tuning, with mid-level layers showing the 

strongest adaptation 
 

 

4. CONCLUSION 

The current study has demonstrated the possibility of fine-tuning the Whisper model developed by 

OpenAI for Kazakh speech recognition and creating a new state-of-the-art benchmark for the language. 

Tested against the baseline models (DNN-HMM, E2E-LSTM, and E2E-transformer) based on the KSC, the 

Whisper model showed the best results with CER of 3.15%, WER of 12.5%, chrF of 93.72, and BLEU score 

of 76.05 after being fine-tuned. The obtained results have proved the efficiency of transfer learning as an 

approach that allows improving the performance of ASR systems for low-resource languages such as 

Kazakh. Using the transfer learning approach to adapt a pre-trained model is an effective way to improve 

speech recognition in low-resource languages like Kazakh. This study has also provided a benchmark for 

future research in the field of Kazakh ASR. Future research should be aimed at collecting a larger and more 

varied corpus, including noisy, spontaneous, and accented speech, and using metrics like chrF and BLEU to 

evaluate the models. 
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