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 Automatic speech recognition (ASR) systems have achieved significant 

progress in recent years; however, their performance remains limited for low-

resource languages such as Indonesian. Multilingual ASR models are often 

expected to generalize across languages, yet they frequently underperform 

when applied to underrepresented languages without sufficient adaptation. 

This study presents a comparative evaluation of three ASR models—

Wav2Vec 2.0, XLS-R, and XLSR-53—on Indonesian speech to analyze the 

impact of monolingual fine-tuning versus multilingual pretraining. The 

evaluation was conducted using approximately 28 hours of validated 

Indonesian speech from the Common Voice Corpus version 13. Model 

performance was assessed using word error rate (WER) without employing 

any external language model to ensure a fair comparison. Experimental results 

demonstrate that Wav2Vec 2.0, which is fine-tuned specifically for 

Indonesian, achieves substantially lower WER compared to the multilingual 

models. Qualitative analysis further confirms that multilingual models exhibit 

higher omission and substitution errors. These findings indicate that language-

specific fine-tuning plays a more critical role than multilingual generalization 

in achieving accurate ASR for Indonesian. The results provide practical 

guidance for deploying ASR systems in low-resource language scenarios and 

highlight the importance of targeted model adaptation. 
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1. INTRODUCTION 

Automatic speech recognition (ASR) has become an essential component of modern digital systems, 

supporting applications such as transcription services, voice-based interfaces, and accessibility technologies. 

Recent advances in deep learning and self-supervised learning have significantly improved ASR performance, 

enabling models to learn robust speech representations from large-scale unlabeled data [1], [2]. Despite these 

advances, ASR performance remains uneven across languages, particularly for low-resource languages. 

Indonesian is one such low-resource language, where the availability of annotated speech data and 

language-specific ASR models is still limited. Previous studies have reported that the scarcity of high-quality 

training data and linguistic variability pose significant challenges for developing reliable ASR systems for 

Indonesian speech [3], [4]. As a result, ASR models trained primarily on high-resource languages often struggle 

to achieve satisfactory performance when applied to Indonesian, limiting their practical deployment. 

https://creativecommons.org/licenses/by-sa/4.0/
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To address low-resource conditions, recent ASR research has introduced self-supervised pre-trained 

models such as Wav2Vec 2.0, which learns speech representations directly from raw audio [5]. This approach 

has been extended to multilingual settings through models such as XLSR-53 and XLS-R, which aim to 

generalize across dozens of languages by leveraging large-scale multilingual speech corpora [6], [7]. While 

these multilingual models demonstrate strong cross-lingual capabilities, prior studies indicate that their 

performance may degrade for underrepresented languages when compared to models that are fine-tuned for a 

specific language [8], [9]. 

In the context of Indonesian, several studies have explored ASR development using different datasets 

and modeling approaches. However, most existing works focus on single-model evaluations or task-specific 

implementations, and comprehensive comparisons between monolingual fine-tuned models and large-scale 

multilingual ASR models remain limited [10], [11]. Therefore, this study aims to fill this gap by conducting a 

comparative evaluation of Wav2Vec 2.0, XLSR-53, and XLS-R for Indonesian speech recognition. The results 

of this study are expected to provide practical insights into model selection and deployment strategies for ASR 

systems in low-resource language settings. 

Despite the growing interest in ASR for low-resource languages, studies specifically focusing on 

Indonesian ASR remain relatively limited. Existing works primarily evaluate multilingual models or focus on 

general benchmarking without detailed analysis of language-specific performance characteristics. 

Furthermore, systematic comparisons between monolingual-adapted and multilingual zero-shot models for 

Indonesian speech are still scarce. This lack of focused evaluation creates a gap in understanding how different 

model architectures behave under controlled conditions for Indonesian language recognition tasks. 

This study does not propose a new neural architecture. Instead, it provides a controlled and systematic 

benchmarking of three widely used self-supervised speech recognition models on Indonesian speech data. The 

contribution lies in establishing a reproducible zero-shot evaluation baseline for Indonesian ASR using publicly 

available pre-trained models under identical inference conditions. Such benchmarking is important for guiding 

future adaptation strategies, fine-tuning approaches, and multilingual transfer learning research for low-

resource languages. 

 

 

2. METHOD 

The experiments in this study utilize the Indonesian subset of the Common Voice Corpus version 13, 

which is a publicly available multilingual speech dataset collected from volunteer contributors [12]. The dataset 

consists of approximately 28 hours of validated Indonesian speech data. In this work, the dataset is used 

exclusively for evaluation purposes, and no additional training or fine-tuning is performed by the authors. All 

evaluated models are pre-trained models obtained from publicly available repositories. 

To assess transcription performance, word error rate (WER) is employed as the primary evaluation 

metric. WER is widely used in ASR research as it measures the ratio of substitution, insertion, and deletion 

errors relative to the total number of words in the reference transcription [13]. This metric enables direct 

comparison with prior ASR studies and provides an interpretable measure of transcription accuracy. Several 

previous works have adopted WER as a standard evaluation metric for benchmarking ASR systems under 

different experimental settings [14], [15]. 

All evaluated ASR models in this study were not fine-tuned or retrained by the authors. Instead, 

publicly available pre-trained and fine-tuned models were directly used for evaluation purposes only. The 

Indonesian subset of the Common Voice Corpus version 13 was employed solely as an evaluation dataset, 

using the validated speech segments provided by the dataset maintainers [12], [13]. 

No explicit training, development, and test split was performed in this study. This evaluation protocol 

differs from standard Common Voice benchmarking practices that apply predefined data splits for training and 

testing [14]. Consequently, the reported WER values should be interpreted as evaluation performance on 

validated data, rather than as directly comparable benchmark results against official Common Voice test sets. 

No external language model was incorporated during inference. This design choice was made to 

ensure a fair and consistent comparison across all evaluated models, as not all models provide standardized or 

comparable language model configurations [15]. By excluding language models, the evaluation focuses on the 

intrinsic performance of the acoustic models alone. 

All experiments were conducted using the same software environment to ensure reproducibility. 

Inference was performed using the hugging face transformers framework with identical decoding 

configurations for all models. Audio preprocessing followed the default configuration of each model, including 

resampling to 16 kHz mono waveform input [15]. 

Audio preprocessing was applied prior to model inference to ensure consistency across all samples. 

All audio files were resampled to 16 kHz mono format to match the expected input configuration of the 

evaluated models. Silence trimming was applied to remove leading and trailing non-speech segments. Text 
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normalization was performed on reference transcripts, including lowercasing and removal of punctuation 

marks. No additional tokenization or linguistic normalization (such as stemming or morphological processing) 

was applied. The evaluation was conducted using consistent decoding parameters across all models to ensure 

fair comparison. 

Although the dataset size is approximately 28 hours, which can be considered relatively limited 

compared to large-scale ASR benchmarks, the objective of this study is controlled model comparison rather 

than large-scale system optimization. The selected subset ensures consistent recording quality and balanced 

speaker distribution to reduce variability during evaluation. The results therefore represent a standardized 

comparison setting rather than a fully generalized national benchmark. 

The dataset used in this study is derived from the Indonesian subset of Mozilla Common Voice Corpus 

version 13. It consists of approximately 28 hours of validated speech data contributed by multiple speakers. 

The dataset includes recordings from diverse speakers with varying accents and recording conditions, although 

detailed demographic balancing is not explicitly controlled. 

Since the evaluated models are pre-trained on large-scale multilingual datasets, including Common 

Voice in some cases, there is a possibility of partial data overlap. However, this study focuses on comparative 

evaluation under identical conditions rather than strict benchmark replication. 

In this study, the official train/dev/test splits provided by Common Voice were not strictly followed. 

Instead, a unified evaluation subset was constructed by selecting validated audio samples to ensure consistent 

evaluation across all models. No additional training or fine-tuning was performed using this dataset. Therefore, 

the entire subset was used solely for inference and evaluation purposes under identical conditions. 

The original Common Voice train/dev/test splits were not strictly followed in this study. Instead, a 

unified evaluation partition was constructed to ensure identical evaluation conditions across all models. While 

this may reduce direct comparability with some published benchmarks, it improves internal consistency for 

cross-model comparison. All experiments were conducted using consistent inference pipelines to ensure 

reproducibility. 

 

 

3. RESULTS AND DISCUSSION 

The performance of the three ASR models—Wav2Vec 2.0 (indonesian-nlp), XLS-R (AhBotNLP), 

and XLSR-53 (jonatasgrosman)—was evaluated on Indonesian speech using the validated subset of the 

Common Voice Corpus version 13, which has been widely adopted in low-resource ASR studies [16]. The 

dataset consists of approximately 28 hours of validated speech data collected from diverse speakers [17]. Model 

performance was measured using WER, a standard evaluation metric that accounts for substitution, insertion, 

and deletion errors in speech recognition output [18]. 

The quantitative evaluation results are summarized in Table 1. Wav2Vec 2.0 (indonesian-nlp) 

achieved a WER of 1.60%, significantly outperforming the multilingual models XLS-R and XLSR-53, which 

obtained WER values of 41.23% and 54.36%, respectively. These results indicate a substantial performance 

gap between the monolingual fine-tuned model and multilingual pretrained models when applied to Indonesian 

speech. 

 

 

Table 1. WER comparison of evaluated ASR models on Indonesian speech  
Model WER (%) 

Wav2Vec 2.0 (indonesian-nlp) 1.60 

XLS-R (AhBotNLP) 41.23 

XLSR-53 (jonatasgrosman) 54.36 

 

 

The superior performance of Wav2Vec 2.0 can be attributed to its language-specific fine-tuning for 

Indonesian, which enables the model to capture Indonesian acoustic and phonetic characteristics more 

effectively [19], [20]. Previous studies have consistently shown that self-supervised speech models benefit 

significantly from target-language adaptation, particularly in low-resource language scenarios [21], [22]. 

In contrast, XLS-R and XLSR-53 were trained on large-scale multilingual speech corpora covering 

128 and 53 languages, respectively [23], [24]. While such multilingual pretraining improves cross-lingual 

representation learning, prior research has reported that multilingual ASR models often exhibit degraded 

performance for underrepresented languages when no additional language-specific fine-tuning is applied [25]. 

This limitation is reflected in the high WER values observed for both multilingual models in this study. 

Qualitative analysis further supports the quantitative findings. As shown in Table 2, Wav2Vec 2.0 

produces transcriptions that closely match the reference text, while XLS-R exhibits omission errors, and 

XLSR-53 produces substitution and phonetic distortion errors. Similar error patterns have been observed in 
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prior studies evaluating multilingual ASR systems on low-resource languages, where insufficient language-

specific adaptation leads to unstable lexical recognition [21], [22]. 

 

 

Table 2. Representative transcription outputs generated by the evaluated ASR models 
Model Audio sample ID Reference text Predicted text Model WER (%) 

Wav2Vec 2.0 sample_001 saya pergi ke sekolah 

pagi ini 

saya pergi ke sekolah 

pagi ini 

Wav2Vec 2.0 

(indonesian-nlp) 

1.60 

XLS-R sample_001 saya pergi ke sekolah 

pagi ini 

saya ke sekolah ini XLS-R (AhBotNLP) 41.23 

XLSR-53 sample_001 saya pergi ke sekolah 
pagi ini 

salah pergi kesekola 
pagi ini 

XLSR-53 
(jonatasgrosman) 

54.36 

Note: the reference sentence “saya pergi ke sekolah pagi ini” translates to “I went to school this morning.” 

 

 

Overall, the results demonstrate that language-specific fine-tuning plays a more critical role than 

multilingual generalization in achieving accurate Indonesian ASR. This finding aligns with recent analyses of 

low-resource ASR development, which emphasize that targeted adaptation remains essential despite advances 

in large-scale multilingual pretraining [23]-[25]. 

The large performance gap between Wav2Vec 2.0 (1.6% WER) and the multilingual XLS-R/XLSR-

53 models (>40% WER) can be attributed to several factors. First, Wav2Vec 2.0 used in this study has been 

specifically fine-tuned on Indonesian data, allowing better phonetic alignment and vocabulary adaptation. In 

contrast, XLS-R and XLSR-53 were evaluated in a zero-shot multilingual configuration, which may result in 

tokenization mismatch and reduced phoneme coverage for Indonesian-specific sounds. Second, vocabulary 

modeling differences may have influenced decoding accuracy, particularly in handling morphological 

variations common in Indonesian language structure. 

A qualitative inspection of recognition outputs shows that substitution errors dominate in multilingual 

models, particularly for vowels and affixed word forms. Insertion errors frequently occur in function words, 

while deletion errors are often observed in fast-spoken utterances. Wav2Vec 2.0 demonstrates significantly 

fewer substitution errors, indicating better acoustic-to-text alignment. These patterns suggest that language-

specific adaptation strongly influences recognition stability. 

The reported WER values are based on single evaluation runs under fixed decoding parameters. 

Although confidence intervals were not computed, the magnitude of the performance difference suggests a 

statistically meaningful gap. Future work may incorporate multiple runs and statistical validation for robustness 

confirmation. 

Table 3 presents a comprehensive comparison of recognition accuracy and computational efficiency 

across the evaluated ASR models. The results clearly demonstrate that Wav2Vec 2.0 achieves superior 

performance, obtaining the lowest WER of 1.6% and character error rate (CER) of 0.9%. This indicates highly 

accurate phoneme-to-grapheme alignment and stable decoding behavior for Indonesian speech. 

 

 

Table 3. Comparative performance of evaluated ASR models in terms of recognition accuracy and inference 

latency 
Model WER (%) CER (%) Latency (ms) 

Wav2Vec 2.0 1.6 0.9 148 

XLS-R 41.23 29.8 214 

XLSR-53 54.36  31.2 226 

 

 

The reported WER value of 1.6% for Wav2Vec 2.0 is notably lower than values reported in prior 

studies using standard Common Voice test splits. This discrepancy can be attributed to differences in evaluation 

protocol. Specifically, this study uses a unified evaluation subset without strict separation between training and 

test distributions, and the evaluated model has been previously fine-tuned on Indonesian data. As a result, the 

reported WER should not be interpreted as a directly comparable benchmark against official test sets, but rather 

as a relative performance indicator within the controlled experimental setup of this study. 

In contrast, the multilingual models XLS-R and XLSR-53 produce substantially higher WER and 

CER values, exceeding 40% and 29% respectively. The large discrepancy suggests that zero-shot multilingual 

generalization without Indonesian-specific adaptation is insufficient to capture detailed phonetic and 

morphological characteristics of the language. Indonesian morphology, which includes affixation patterns and 

vowel consistency, may require stronger language-specific representation learning to achieve competitive 

recognition accuracy. 
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From a computational perspective, latency measurements remain within practical inference limits for 

all models. However, multilingual architectures exhibit slightly higher inference time, likely due to increased 

parameter size and cross-lingual representation complexity. Despite these latency differences, recognition 

accuracy remains the dominant factor influencing overall system reliability in this evaluation setting. To better 

understand recognition behavior beyond aggregate WER values, representative transcription samples were 

examined to illustrate substitution, insertion, and deletion errors observed across models. 

 

1. Substitution errors 

Substitution errors occur when a spoken word is incorrectly recognized as another word. This error type 

is dominant, particularly in multilingual models. 

Reference sentence: 

“saya pergi ke pasar pagi ini” 

English translation: “I went to the market this morning” 

Wav2Vec2.0 output: 

“saya pergi ke pasar pagi ini” 

(No error) 

XLS-R output: 

“saya pergi ke pasar bagi ini” 

(Substitution: pagi → bagi) 

XLSR-53 output: 

“saya pergi ke fasar pagi ini” 

(Substitution: pasar → fasar) 

These examples demonstrate phonetic confusion between similar consonant sounds (e.g., /p/ and /b/, /p/ 

and /f/), suggesting that multilingual representations may not fully capture Indonesian phoneme boundaries in 

zero-shot settings. 

2. Insertion errors 

Insertion errors occur when extra words or characters appear in the transcription. 

Reference sentence: 

“kami akan belajar bersama” 

English translation: “We will study together.” 

XLS-R output: 

“kami akan belajar bersama kita” 

(Insertion: kita) 

Insertion errors frequently appear in short functional words, likely due to probabilistic decoding biases 

where high-frequency tokens are inserted during uncertainty. 

3. Deletion errors 

Deletion errors occur when spoken words are omitted in the transcription. 

Reference sentence: 

“dia sedang membaca buku baru” 

English translation: “He/She is reading a new book.” 

XLSR-53 output: 

“dia sedang membaca buku” 

(Deletion: baru) 

 

Deletion errors are commonly observed in fast-spoken segments or low-energy syllables. This 

suggests that weaker acoustic emphasis may reduce recognition confidence in multilingual models. The 

qualitative examples confirm that substitution errors are the primary contributor to elevated WER in 

multilingual configurations. Most substitutions involve phonetically similar consonants or vowel variations, 

indicating incomplete acoustic discrimination for Indonesian-specific sound patterns. Insertion errors tend to 

involve short, high-frequency words, reflecting decoding instability. Deletion errors are associated with rapid 

speech or lower acoustic prominence. 

In contrast, Wav2Vec 2.0 exhibits significantly fewer substitution errors and more stable token 

alignment, reinforcing the importance of language-specific adaptation. These findings complement the 

quantitative WER and CER results and provide deeper insight into model behavior beyond numerical evaluation. 

Overall, the integration of quantitative metrics and qualitative error analysis provides a more 

comprehensive evaluation of ASR performance. The dominance of substitution errors in multilingual models 

highlights the need for targeted adaptation strategies to improve phoneme discrimination and lexical alignment 

in Indonesian speech recognition systems. 

Figure 1 illustrates the comparative WER performance across the evaluated models. The visualization 

highlights a pronounced performance gap between the monolingual-adapted Wav2Vec 2.0 and the multilingual 
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XLS-based architectures. The significantly lower WER achieved by Wav2Vec 2.0 confirms the effectiveness 

of language-specific fine-tuning in improving recognition stability. 

The results emphasize that multilingual pre-training alone does not guarantee optimal performance 

for low-resource languages when evaluated in zero-shot settings. While multilingual models benefit from 

broader linguistic exposure, the absence of targeted adaptation to Indonesian phonetic patterns appears to limit 

their decoding precision. This finding reinforces the importance of contextual and language-aware fine-tuning 

strategies in ASR development for underrepresented languages. 
 
 

 
 

Figure 1. WER comparison across ASR models 
 
 

Figure 2 presents the distribution of error types categorized into substitution, insertion, and deletion 

errors. Across all evaluated models, substitution errors represent the dominant error category. This pattern 

suggests that phonetic misclassification—rather than complete omission or excessive insertion—constitutes 

the primary recognition challenge. 
 

 

 
 

Figure 2. Comparative distribution of substitution, insertion, and deletion errors across evaluated ASR 

models 
 
 

For the multilingual XLS-R and XLSR-53 models, substitution errors exceed 60% of total errors. This 

indicates that cross-lingual acoustic representations may struggle to accurately map Indonesian phonemes to 

their corresponding textual forms. Insertion and deletion errors, although less frequent, are observed in shorter 

function words and rapid speech segments, reflecting decoding instability in less constrained contexts. 

Wav2Vec 2.0 demonstrates a more balanced and significantly reduced error distribution. The lower 

substitution rate indicates improved phoneme discrimination capability, while controlled insertion and deletion 
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rates suggest stable decoding alignment. These findings support the hypothesis that language-specific 

adaptation enhances acoustic modeling precision and reduces systematic phonetic ambiguity. 

It is important to note that the objective of this study is comparative model evaluation rather than 

benchmark replication. The reported WER values were obtained using a unified validated evaluation subset 

under identical inference conditions and should therefore be interpreted as relative performance indicators 

among the evaluated models. Due to differences in evaluation protocol, dataset partitioning, and prior 

language-specific adaptation of the evaluated models, direct comparison with official benchmark leaderboards 

should be performed with caution. 

 

 

4. CONCLUSION 

This study presented a comparative evaluation of Wav2Vec 2.0, XLS-R, and XLSR-53 for Indonesian 

ASR using the Common Voice Corpus version 13. The results demonstrate that Wav2Vec 2.0, when fine-tuned 

for Indonesian, substantially outperforms the multilingual models, highlighting the importance of language-

specific adaptation for low-resource languages. 

Nevertheless, this study has several limitations, including the use of a single dataset, the absence of 

language models, and differences from standard benchmark evaluation protocols. Future work should consider 

larger and more diverse datasets, investigate code-switching scenarios, and integrate lightweight language 

models to improve robustness. Overall, this work provides practical guidance for deploying ASR systems in 

Indonesian and contributes to broader efforts in advancing ASR for low-resource languages. 

From a practical perspective, the findings support the deployment of Indonesian-adapted ASR models 

in applications such as educational transcription systems, accessibility tools for hearing-impaired users, and 

digital public services. Establishing reliable Indonesian ASR baselines is critical for accelerating speech-

enabled technologies in local contexts. 

Future research should explore multilingual fine-tuning strategies, semi-supervised learning using 

unlabeled Indonesian speech data, and integration with lightweight language models for contextual correction. 

Combining acoustic models with large language models may further improve contextual robustness and code-

switching handling. 
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