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The object of this study is a transformer-based ASR archi-
tecture trained using an Indonesian speech dataset consist-
ing of audio recordings and corresponding transcripts. This
study examines the development of an Automatic Speech
Recognition (ASR) system for Indonesian, which is still clas-
sified as a low-resource language, particularly in terms of
dataset availability and model performance. The problem
addpressed in this study is the limited performance of the stan-
dard transformer model in accurately recognizing Indonesian
speech. To overcome this limitation, an encoder modifica-
tion integrating convolutional and vision transformer (ViT)
blocks was proposed and compared with the baseline model.
The data were preprocessed through 16 kHz mono audio con-
version, silence segmentation, pre-emphasis filtering, log-Mel
spectrogram extraction, normalization, and subword toke-
nization using SentencePiece with byte pair encoding (BPE).
The dataset was divided into training, validation, and test-
ing sets with a ratio of 80:10:10, comprising 63,952, 7,994,
and 7,994 samples, respectively. Model generalization was
improved using the SpecAugment data augmentation tech-
nique. The experimental results show that the standard model
achieves a word error rate (WER) of 0.162 and a character
error rate (CER) of 0.121, while the modified model reduces
the WER to 0.158 and the CER to 0.118. The significance of this
finding lies in the improved feature representation produced
by the modified encoder, where the convolutional block cap-
tures local acoustic patterns and the ViT block enhances glob-
al context modeling on the spectrogram. This complementary
mechanism explains the reduction in errors at the word level,
which is crucial for a reliable speech-to-text system. Therefore,
the proposed model can be applied to real-time two-way com-
munication in service robot applications

Keywords: ASR, modified transformer, SentencePiece,

Indonesian dataset, deep learning
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1. Introduction

Automatic speech recognition (ASR) is an important
area of artificial intelligence that aims to transcribe speech
signals into text. ASR faces significant challenges because
speech signals are highly complex and can vary depending
on the speaker, accent, noise, and intonation [1]. The end-to-
end sequence-to-sequence approach, particularly the vanilla
transformer architecture, is gaining popularity because it uses
a self-attention mechanism to capture long-term dependencies
in sequential data. This replaces older systems that required
separate components such as acoustic models and language
models. [2] shows that fine-tuned transformer models, such
as bidirectional encoder representations from transform-
ers (BERT), provide superior performance in text normaliza-
tion tasks for voice applications and reduce errors compared
to earlier recurrent neural network (RNN) approaches. Fur-
thermore, [3] the development of efficient transformer vari-
ants such as Longformer enables direct processing of speech
spectrograms without convolutional downsampling, improv-
ing efficiency and accuracy in speech-to-text translation. In
the context of two-stage speech recognition systems, [4] the
transformer-based deliberation rescoring method replaces
traditional long short-term memory (LSTM) rescoring models
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with more efficient transformer-based models capable of pro-
cessing tokens in parallel. This approach integrates context
from audio encoder features and first-stage decoding hypothe-
ses and trains the model using a combination of cross-entropy
and minimum word error rate (MWER) losses, resulting in up
to an 18% reduction in word error rate (WER) and improved
computational efficiency. To address the modality gap be-
tween speech and text representations in speech translation,
[5] proposes a new pre-training technique that integrates con-
nectionist temporal classification (CTC) and optimal transport
(OT) with Wasserstein distance. This approach jointly trains
two encoders with OT- and CTC-based losses, producing more
aligned cross-modal representations and significantly im-
proving speech translation performance without the need for
external data. Collectively, these advancements highlight the
potential of vanilla Transformers and their efficient variants
as strong foundations for developing more accurate ASR and
speech translation systems capable of handling the complexity
of speech signals.

Recent studies over the past five years also demonstrate
significant progress in the application of transformer models to
Indonesian language processing, from text analysis to speech
recognition. The IndoBERT model, a BERT variant specifically
developed for Indonesian, has improved the accuracy of senti-
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ment analysis and emotion classification in social media data,
demonstrating the transformer’s ability to capture local lin-
guistic nuances [6]. In machine translation, transformer-based
models have also shown strong performance in translating
Indonesian to Sundanese, with relatively lightweight config-
urations using encoder-decoder depths of 2, 4, 6, and 8 layers,
demonstrating the feasibility of high-quality translation in
low-resource scenarios [7, 8]. Furthermore, transformer mod-
els outperform Bidirectional LSTM approaches in Indonesian
text topic segmentation, achieving accuracy above 98% by
leveraging multi-head attention and positional embeddings
to effectively capture inter-sentence relationships [9]. In ASR,
a transformer-based system (Kaituoxu SpeechTransformer)
outperformed the RNN-based Mozma DeepSpeech model,
achieving a lower WER of 22.00% compared to 23.10% [10].
Additionally, the performance of Transformers in Indonesian
ASR tasks is comparable to English datasets, using private
Indonesian speech data that exhibit nearly similar results to
public English datasets, with WER and CER values of 27.34
and 7.96 for Indonesian and 25.28 and 6.02 for English, respec-
tively [11]. These results highlight the strong potential of trans-
former models for Indonesian speech recognition applications.
The development of a modified basic transformer model is
needed to improve the accuracy of speech-to-text recognition
in Indonesian in order to overcome the challenges of Indone-
sian as a language with limited resources and diverse dialect
variations. The implementation of this modification can also
improve the performance of two-way communication systems
in service robots, accelerate the automatic translation process,
and support the development of Al-based applications that are
more adaptive and responsive to the needs of local users.

2. Literature review and problem statement

Studies related to the transformer method show that this
model plays an important role in various natural language
processing applications, especially for languages with limited
resources such as Indonesian. Paper [8] shows the results of
research on the impact of the combination of encoder-decoder
layer depth on the transformer model and the type of activa-
tion function in the standard transformer feed-forward layer
on model performance, in the task of translating Indonesian
into Sundanese. However, statistically, the results obtained
from variations in layer depth and activation function type did
not show significant differences. In paper [9] on Indonesian
language comprehension and text segmentation tasks, the
transformer model achieved high accuracy and outperformed
traditional LSTM-based approaches thanks to its attention
mechanism’s ability to capture the global context of sentences.
However, the Indonesian language dataset used was derived
from a collection of texts taken from scientific articles and
news, not voice data. Paper [12] explored the influence of the
ReLU activation function on the transformer model, which
was superior to other activation functions, on the perfor-
mance of Indonesian to Sundanese translation. However,
the dataset used in the development of this translation model
was limited to text data only. Paper [13] also successfully ap-
plied a transformer-based architecture in Javanese language
understanding through pre-training using the Wikipedia
corpus and embedding transfer from English, achieving per-
formance equivalent to multilingual models. However, this
pre-trained model is limited to documents from the Javanese
Wikipedia corpus. Paper [14] discusses the development of

Indonesian text-to-text transfer transformer (idT5) to improve
model efficiency, namely a reduced and customized mul-
tilingual transformer model T5(mT5) for Indonesian, and
successfully reduced the model size by up to 58% for selected
vocabularies. This paper shows comparable performance to
the original mT5 on NLP tasks such as sentiment analysis,
question generation, and question answering with faster in-
ference. However, these models were only retrained for one
epoch on all tasks, meaning that the reported performance
is not the optimal performance of either model, and the com-
parison may not fully reflect their best potential. This arti-
cle [15] discusses automatic grammar error correction (GEC)
for Indonesian using transformer-based neural models and
develops a large synthetic corpus through a semi-super-
vised method (by introducing controlled errors). The pro-
posed system, IGEC, uses a transformer model (SAN-GEC)
with a copy mechanism and byte pair encoding (BPE). The
results show a significant improvement in the accuracy of
Indonesian grammar error correction (F1 and BLEU scores).
Although the method proposed in this study is capable of gen-
erating various training patterns, it still cannot cover the most
difficult grammatical errors, such as semantic and syntactic
errors. This paper [16] proposes a new approach to image la-
beling in rooms using Indonesian, utilizing the transformer
architecture by modifying the MSCOCO dataset using Indo-
nesian descriptions that are rich in object details (name, color,
position, environment). However, this study has limitations in
the scope of the dataset, which is limited to only ten objects in
a specific room, and the custom dataset created is relatively
small, so it is not large enough to optimally train deep learning
models to generalize well to various scenarios.

Beyond text and language processing, the transform-
er-based method in this paper [17] demonstrates performance
in Indonesian speech recognition by developing a transform-
er-based grapheme-to-phoneme (G2P) model with a com-
bination of CNN as an encoder and Bi-LSTM as a decoder.
This model was trained using a KBBI dataset formatted sim-
ilarly to CMUdict. This approach achieved a low word error
rate (WER) of 6.7% and an accuracy of 93.3% on the KBBI
dataset. However, this study has limitations in the size of the
KBBI dataset used, which is smaller than CMUDict, potential-
ly limiting model generalization and data format dependency.
This paper [18] develops an end-to-end transformer-based
speech recognition model that significantly reduces the word
error rate (WER) compared to conventional DeepSpeech
and Speech-transformer systems. The evaluation shows that
the developed model achieves a word error rate of 14.172%.
However, this study is still limited to the use of Indonesian
language datasets in text form. This article [19] develops a
named entity recognition (NER) model for Indonesian called
TWCAM (transformer-Word2Vec-CNN-Attention). This mod-
el combines Word2Vec and CNN for embedding, transformer
with multi-head attention for context, and CRF for sequence
tagging. The main goal is to improve NER accuracy, especially
on limited datasets and “long-tail” problems, by utilizing bet-
ter word representations and context understanding. However,
this study is limited to the use of relatively small Indonesian
language datasets with high computational complexity. Ad-
ditionally, paper [20] trains a transformer-based model for
Indonesian hoax news classification using pre-trained multi-
lingual transformer models (XLM-R and mBERT) combined
with BERTopic. However, this study is still a pre-training
model that has limitations in terms of relatively small data and
is still in the form of text data.



According to the previous studies described above, studies
on transformer models generally focus on optimizing accura-
cy for various tasks such as text translation [8, 12, 15, 18, 19],
image tagging [16], text segmentation [9], pre-training mod-
els [13, 14], Indonesian speech recognition [17], and separate
language processing [15-20]. However, in these studies,
all research is limited to the simulation stage and does not
consider real-time system integration. In addition, previous
studies used text data rather than voice data because of the
limited availability of Indonesian speech datasets with exten-
sive vocabularies and natural speech variations.

Although the performance of transformer-based models
has been extensively tested on various individual tasks, there
are still challenges in their application to real-time two-way
communication systems for Indonesian-speaking service ro-
bots. Therefore, it is necessary to develop a modified trans-
former architecture and provide an Indonesian speech dataset
that supports real-time two-way interaction in order to bridge
the gap between simulation and real-world implementation.

3. The aim and objectives of the study

This study develops a modified transformer model to
improve speech-to-text accuracy in Indonesian, focusing on
architectural enhancements to the vanilla transformer for
two-way communication in service robots.

To achieve this aim, the following objectives were accom-
plished:

- to optimize a modified
vanilla transformer’s perfor-

4. 2. NSS-ID (Nusantara Speech Sample Indonesian
Dataset)

NSS-ID is a speech corpus comprising recorded audio sam-
ples that capture diverse Indonesian dialects. The data were
collected in a controlled recording environment equipped with
sound-absorbing materials to reduce acoustic noise and ensure
high-quality audio acquisition. The recording process was
conducted using Audacity software version 3.7.4 and a super-
cardioid microphone. All voice data processing was performed
using the Python programming language with Visual Studio
Code version 1.109 and Google Colab. The training process
was carried out on a laptop with the following specifications:
GPU: RTX 4060 (Laptop) with 8 GB VRAM; CPU: Intel i7-
13650HX; RAM: 44 GB DDRS5 (4800 MT/s); SSD NVMe: 2.5 TB;
Environment: Conda running on WSL2 (Ubuntu) and Google
Colab with NVIDIA-SMI 580.82.07 and CUDA version 13.0.
The resulting dataset includes 15 Indonesian dialects collected
from 20 respondents. Each respondent recited 11 types of sen-
tences, resulting in 220 sentences per speaker. Each sentence
was repeated 25 times with variations in intonation, loudness,
and speaking rate. This dataset was specifically designed to
support automatic speech recognition systems intended for re-
al-time two-way communication in service robots. The dataset
is provided in WAV format, with a total size of 16 GB and an
overall audio duration of 120 hours. It includes recordings from
20 unique speakers aged between 20 and 37 years. The dataset
is dominated by male speakers, with 60% of the recordings pro-
duced by men and 40% by women. The word distribution in the
NSS-ID dataset is shown in Fig. 1.

Top 30 most frequent words

mance in addressing limited
resources and diverse Indo-
nesian dialects, enabling a
more accurate automatic
speech recognition system
that supports two-way inter-
action with service robots;

- to systematically eval-
uate the performance of the
modified transformer ar-
chitecture compared to the
original vanilla transformer
architecture in automatic
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4. Materials and methods

4.1. The object and hypothesis of the study

The object of this study is a transformer-based ASR archi-
tecture trained using the NSS-ID (Nusantara Speech Sample
Indonesian Dataset). NSS-ID is an Indonesian audio record-
ing dataset that contains a variety of dialects from several
provinces across the Indonesian archipelago. This study aims
to evaluate the performance of the transformer model and its
modifications using an Indonesian dataset. Therefore, it is
hypothesized that the proposed modifications to the trans-
former architecture may improve ASR accuracy compared to
the original model. The simplifications adopted in this study
involve the use of a multilayer perceptron (MLP), which is
expected to enhance the training efficiency of the modified
transformer.
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Fig. 1. Word distribution in the NSS-ID dataset

Fig. 1 is a bar chart showing the 30 most frequently occur-
ring words in the NSS-ID text collection, with the x-axis (Words)
representing Indonesian words and the y-axis (Frequency) rep-
resenting their number of occurrences. Most of the high-fre-
quency words are dominated by functional Indonesian words,
such as “apakah” with a frequency of approximately 23,000 oc-
currences, followed by “saya” with around 18,000 occurrences,
and then “yang,” “ini,” and “sudah.” These five most frequent
words “apakah,” “saya,” “yang,” “ini,” and “sudah” indicate that
the dataset contains many utterances in the form of questions,
personal statements, and explanatory sentence structures. The
word “apakah” suggests a high proportion of interrogative sen-
tences, while “saya” reflects conversational or dialogue-based
patterns involving personal references. The words “yang” and

s
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‘ini” are functional words commonly used in Indonesian to
connect clauses and refer to specific objects, while “sudah”
frequently appears in contexts indicating completion or con-
firmation of an action. The dominance of these words suggests
that the corpus largely consists of question-answer exchanges
and descriptive conversational interactions. Overall, the distri-
bution displays a long-tail pattern

tent morphological structure. In this study, only 8 types of
sentences as the initial sample dataset were used, namely:
interrogative, imperative, declarative, clarifying, confirming,
scheduling, negative, and rhetorical sentences.

Fig. 3 shows a random sample spectrogram from the
dataset.

Distribution of Word Lengths

in which a small number of words
appear at very high frequencies,
while the majority appear much less
frequently. This reflects the natural
characteristics of Indonesian, where
functional and structural words
dominate everyday language use.
The word-length distribution in
the corpus used in this study is
shown in Fig. 2. In general, the dis-
tribution exhibits a unimodal pat-
tern, with most words falling within
the range of 4 to 7 characters. This
range contains the highest number
of words, with the peak occurring at
approximately 5 characters. Words
longer than 10 characters show a
sharp decline, indicating that very
long words are not commonly used
in this dataset. This distribution
aligns with the natural characteris-
tics of the Indonesian language, in
which most words are of moderate
length and have relatively consis-
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Fig. 3 shows several spectrogram samples labeled 03.wav,
20.wav, 08.wav, and 09.wav, which are used for input in speech
recognition. Spectrograms are used to represent audio signals
in the time-frequency domain so that speech acoustic features
can be extracted and recognized effectively by the ASR model.

4. 3. Modified vanilla transformer

The vanilla transformer is the original architecture in-
troduced by [11] for sequence modeling and transduction
tasks, such as language modeling and machine translation. It
features six identical encoder-decoder layers and an attention
mechanism designed to overcome the limitations of tradition-
al recurrent models and encoder-decoder frameworks [8, 21].
The vanilla transformer model consists of an encoder and a
decoder; using this encoder-decoder structure ensures that
the sequence of speech generated by the decoder follows the
input sequence from the encoder, thereby preserving the
meaning of the utterance in a sentence [11]. Furthermore,
to normalize the statistical distribution of dataset utteranc-
es, normalization layers are used in both the encoder and
decoder so that the training process becomes faster and the
resulting training and validation gradients become smoother.

One of the defining characteristics of this model is the
use of multi-head attention. Multi-head attention enables the
model to capture relationships between words more effective-
ly, allowing transformer predictions to form sentences with
correct semantic meaning. In addition, scaled dot-product
attention one of the core components of the architecture com-
putes “attention” between elements in the input, allowing the
model to focus on relevant parts of the sequence based on
their relationships. This mech-
anism is highly effective for
tasks such as language trans-
lation, text comprehension,
and other sequence-processing
applications. To further im-
prove model performance, the
attention mechanism can be

losses, the performance differences across depths and activa-
tion functions are not statistically significant. Nevertheless,
the vanilla transformer remains the foundational baseline for
subsequent architectural innovations [21]. The architectural
design in this study develops a modified model derived from
the vanilla transformer architecture, as shown in Fig. 4. In
this modification, the encoder and decoder are still used be-
cause they can produce more accurate outputs by leveraging
complex relationships between input elements. The encod-
er optimally captures global relationships among inputs,
while the decoder combines information from the encoder
with previous predictions to generate outputs incrementally.
However, each feed-forward network layer is replaced with a
multi-layer perceptron (MLP), as MLPs offer more flexibility
in layer structure compared to standard feed-forward layers.
The number of layers and their sizes are adjusted according
to system requirements. The use of MLPs in this modified
architecture allows backpropagation to minimize loss more
effectively, potentially yielding more optimal results than
using conventional feed-forward layers.

Modifications to the activation function are also imple-
mented, using SiLU, ReLU, or Leaky ReLU depending on
which yields the best performance. In the input embedding
stage, the embedding layer converts input text into a fixed-di-
mensional vector representation. Positional encoding is then
added to the embedding to provide positional information for
each word in the sequence. In the multi-head attention com-
ponent, the encoder computes self-attention to understand
the relationships between tokens in the input sequence and
to capture diverse relational patterns.

Token Prediction

parallelized, known as multi-
head attention.

The popularity of the va-
nilla transformer has led to
numerous architectural mod-
ifications and variations, in-
cluding X-formers, which have
been widely used in computer
vision, audio processing, and
natural language process-
ing [21]. The development of
other transformer-based mod-
els [22] has expanded into mul-
timodal architectures capable
of handling various modali-
ties simultaneously through
tokenization, embedding, and
flexible attention mechanisms.
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Study [8] has explored the im-
pact of encoder-decoder depth
and activation functions on the
vanilla transformer, showing
that although certain config-
urations (e.g., depth = 6 with
ReLU activation) result in the
lowest training and validation
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Fig. 4. Modified vanilla transformer architecture model



Next, normalization is applied to stabilize training and
accelerate convergence before proceeding to the MLP block.
This encoder layer is repeated N times to enrich the learned
representations. The encoder output is the final representation
of all input tokens, which is then forwarded to the decoder.
In the decoder, this modified architecture still adopts the
whisper transformer decoder, which uses tokens and learned
positional encoding to ensure that the relative positions of
tokens remain detectable.

In this ViT model, a special token called the classification
token (CLS) is used at the beginning of the input for classifi-
cation purposes. After the self-attention process, this CLS to-
ken is extracted to generate class predictions from the image.
Furthermore, modifications to the MLP section are shown
in Fig. 5, b, where the activation function (GeLU) is replaced
and adjusted according to the activation function that yields
the best performance (e.g., ReLU, SiLU, Leaky ReLU).

During the decoder process,

Input Audio Signal
masking is applied to ensure ‘

—_—

Fast Fourier
Transform

Frequency
Samples
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Windowing

that predictions depend only

i

Spectogram

on previous tokens, thereby
maintaining causality. In the
multi-head attention module,

—]

Log ()

Mel-Scal

attention is computed using
the encoder output to un-
derstand the input context.
Afterward, normalization is
performed to maintain train-
ing stability before entering
the MLP block.

Finally, in the output
stage, the probability distri-
bution over the target classes
is computed using the Soft-
max activation function to
determine the next token.
The training process for
this modified architecture
is shown in Fig.5,a. This
training procedure uses the
vision transformer (ViT),
which begins by transform-
ing the audio signal input
using the fast Fourier trans-
form (FFT) to convert each
frame of the signal into the T
frequency domain, produc-
ing a frequency spectrum.
The FFT output is then con-
verted to the Mel scale using
a Mel filter bank, making
the frequency representation
more aligned with human
auditory perception. With
ViT, the spectrogram image
is divided into several small
parts called “patches,” and
each patch is treated as a
token in the transformer
model. Each patch is con-
verted into a vector using an
embedding layer, producing
lower-dimensional representations that can be processed by
the transformer. Every patch is represented as an embedding
similar to tokens in NLP. Positional encoding is added to each
patch embedding (patch + position embedding) so that the
transformer model can recognize the relative position of each
patch within the image.

Afterward, the encoded patches with positional informa-
tion are processed by the transformer encoder, where self-at-
tention is applied to capture cross-patch relationships and
understand how different parts of the image are connected.

Spectogram

Embedding

= i *Extra
learnable

Vision Transformer (VIT)

-

MAJAAJJJAL/
0*

Patch + Po_sition_>

1
u. enElc)ezgcslmg

ﬂ.ﬂ.!—»---é&l-gxé

|
[Transformer Encoder

Transformer Encoder

=Y

Lmear PI‘O]eCtIOIl of Flattened Patches

[Embedd:
%&E

a

X (input

GELU Acnvatlon —>\ReLU Leaky ReLU, du\

|

|
x' (output)

-

Fig. 5. Modified transformer: @ — model training procedure; b — architecture using multi-layer

perceptron (MLP)

5. Results of the modified vanilla transformer

5.1. Optimization of a modified vanilla transform-
er model

Fig. 6 illustrates the initial stage of the audio dataset
preparation. As shown in Fig. 6, a, the process begins with
the compilation of the NSS-ID dataset, which is the primary
audio dataset recorded by the researcher and involves 20
respondents. Once collected, the availability of text tran-



scripts is verified. If transcripts are missing, manual or
semi-automatic transcription is performed to ensure that
each audio file has a corresponding text pair. All audio files
are then standardized to .wav format to meet digital signal
processing requirements. After formatting, the dataset is di-
vided into training, validation, and test sets with an 80:10:10
ratio, corresponding to 63,952; 7,994; and 7,994 samples,
respectively.

The next step is training
the tokenization model using

and character_coverage = 1.0, with predefined special to-
ken indices (pad_id =0, unk_id = 1, bos_id = 2, eos_id = 3).
Training is performed using the SentencePieceTrainer.Train()
function.

The output consists of spm_asr.model, representing the
trained tokenization model, and spm_asr.vocab, containing
the generated vocabulary list. These files are used to tokenize
both input and output text data. The complete SentencePiece
BPE training parameters are presented in Table 1.

SentencePiece with the byte Table 1

pair encoding (BPE) algo- SentencePiece Bpe model training parameters

rithm, as sh(.)wn %n Fig. 6, b. Parameter Value Function

Transcript files _m sV or Determining the type of tokenization algorithm used, namely byte pair

.txt format are first cleaned model_type bpe encoding (BPE)

by removing 1rr.egu1ar char- b si 80 The size of the vocabulary to be generated; can be adjusted according to

acters, Convertlng t.EXt ) to vocab_size (adjustable) the needs of the dataset

lowercase, and ellmlnat}ng Determining the character coverage in the data; 1.0 means that all

unnecessary punctuation | character_coverage 1.0 characters are covered

t’I(‘)h Irtlall{nta}lnt. COHSIS;E;IIICY' pad_id 0 A special ID for padding tokens used when adjusting sequence length
et t'enlza lo.n modet 15 unk_id 1 Special ID for unknown tokens (characters/words not in the vocabulary)

then trained using key pa- bos id 11D for bosin of . .

rameters, including model 0S_il 2 Special ID for begin of sentence tokens (sentence start markers)

type = bpe, vocab_size = 80, eos_id 3 Special ID for end of sentence tokens (sentence end markers)
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fixed length of MAX_LEN
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Fig. 6. The initial stage of the audio dataset preparation: @ — audio dataset preparation process; b — SentencePiece training
process with the BPE (byte pair encoding) model; ¢ — preprocessing of audio datasets (.wav) and transcripts




Fig. 6, c shows the audio dataset preprocessing stage,
which is carried out to ensure the consistency and quality
of the input before it is used for training the speech-to-text
model. The process begins by loading audio files in .wav
format along with their corresponding text transcripts. Next,
the audio sampling rate is checked. If it does not meet the
16 kHz standard, the audio is converted to 16 kHz and mono
for uniformity.

Silence at the beginning and end of the signal is removed
using the librosa.effects.trim function. The next step is
pre-emphasis filtering with a coefficient of 0.97, which aims
to enhance high-frequency components and improve the
signal-to-noise ratio (SNR). To ensure uniform signal length,
padding or trimming is applied so that all audio signals have
a fixed duration for example, 100,000 samples (approximate-
ly 6.25 seconds). The results before and after pre-emphasiz-
ing can be seen in Fig. 7, a.

The main feature used is the Mel-spectrogram, extract-
ed with the parameters n_fft = 512, hop_length = 256, and
n_mels = 80. The resulting spectrogram is then converted
to a logarithmic (dB) scale to better match human auditory
perception. Zero-mean and unit-variance normalization are
subsequently applied to ensure a stable feature distribution
during training. Finally, the spectrogram is transposed
so that the data format becomes (time, features), which
matches the input format required by the transformer

model. An example of the spectrogram used as the input
feature can be seen in Fig. 7, b.

The mel-spectrogram extraction parameters are
presented in Table 2, and the tokenization process us-
ing SentencePiece is shown in Table 3.

Table 2
Mel-Spectrogram extraction parameters
Parameters Value
Sampling rate 16 kHz
n_fft 512
hop_length 256
n_mels 80
Window function Hann
Scale log-Mel (dB)
Normalization Zero-mean, unit-variance

Table 3
Tokenization process with SentencePiece

The next step in Fig. 8, a is tokenizing the text into
subwords using the pre-trained SentencePiece model.

Amplitude

Amplitude

Process Example Description
Original sen- Raw text sentence from the 4096
. hello world .
tence (input) transcript
Norrpahza- hello world Alreadyllp lowercase, wth- L2048
tion out additional punctuation £
Subword [“hello”, “_ | Sentence split into subword g
tokenization world”] units (subwords) 1024
.+ |[“<BOS>", “hel-| BOS at the beginning of the
Adti Eszzlal lo”, “_world”, | sentence, EOS at the end of 512
“<EO0S>"] the sentence
The result of mapping o
Token ID subwords to numeric IDs
(output) (2,121, 543, 3] according to the model
vocabulary

This process begins by loading the tokenization model (.mod-
el) to ensure consistency in mapping words or phrases into
numerical representations. Each sentence in the transcript is
then encoded into a sequence of token IDs that correspond to
the training vocabulary.

To maintain the data structure during the training pro-
cess, special tokens BOS (Begin of Sentence, id = 2) and EOS
(End of Sentence, id = 3) are added at the beginning and end
of each sentence. These special tokens function as sentence
boundary markers, which are essential in transformer-based
sequence-to-sequence models. The final output of this pro-
cess is stored in pickle format to facilitate integration with the
model training stage. The three main outputs generated are:

1) x, a list of audio spectrogram tensors;

2)y, a list of token ID sequences;

3) fnames, a list of audio file names.

The model training process consists of two stages: the en-
coder and the decoder. The first stage, as shown in Fig. 8, b,
begins by loading the dataset in pickle format into memory
and processing it using a data loader with padding on the
Mel-spectrogram so that the time steps are uniform for each
batch. Padding is also applied to the token sequences so that
their lengths meet the model requirements.
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Fig. 7. Sample of speech signal: o — before pre-emphasis; b — after pre-

emphasis with coef = 0.97; ¢ — spectrogram input sample



Text Tokenization (SubWords)

SentencePiece
model —

Encode sentence — ID Encode example:
sequence
“hello world” — [2,

121, 543, 3]

Add special tokens:

e BOS (id=2) at the beginning
e EOS (id=3) at the end

Save pickles:

X — list of spectrogram tensors
y — list of token ID sequences

fnames — list of audio file names

a

Fig. 8. Flowchart: @ — the process of text tokenization using SentencePiece (SubWords); b — training process for the encoder block

Next, masking is created in the form of src_key_pad-
ding_mask to mark PAD positions in the audio data and

tgt_key_padding_mask to mark PAD po-
sitions in the text. This process produces
mini-batch data that is ready to be processed
by the model. In the encoder stage, the audio
data is reduced through ConvSubsampling,
which uses two Conv2D layers with GELU
activation, reducing the time dimension to
one-fourth of its original length (T — T/4).
After that, a linear projection and sinusoidal
positional encoding are applied to provide
temporal sequence information. Positional
encoding is calculated using the follow-
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ing equation: logits: )
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Compute:

Save best model:
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where pos - the token position, i - the
dimension index, and d,,,qq — the model
dimension. The data is then fed into an
encoder stack consisting of several TinyViT
layers, which include multi-head attention
(MHA), a feed-forward network (FFN) with
GELU activation, and residual connection
mechanisms.

At the decoder stage, as shown
in Fig. 9, a, the target data is prepared in the
form of a shifted target (tgt_in) and supple-

e state_dict
* SentencePiec
e model

e Loss
e CER
e WER

Greedy decoding

(or beam search) Save to a txt file for

analysis purposes

Fig. 9. Flowchart of the model modification: a — training process for decoders;
b — the model testing process




The target tokens are embedded into a vector space, after
which positional encoding is added. The data is then passed
into the decoder stack, which consists of masked multi-head
attention, encoder-decoder attention, and a feed-forward
network. The main mechanism used is scaled dot-product
attention, formulated as follows

Attention(Q,K,V):Softmax - |V, 2

where Q, K, and V - the query, key, and value of the linear trans-
formation, respectively, and dj, is the dimension of the key.

The output from the decoder is linearly projected into
the vocabulary space, producing logits with dimensions [B,
Ty, V1- The logit values are then normalized, and the loss
function is calculated using Cross-Entropy Loss while ignor-
ing the PAD token, as formulated in (3)

1o .
L= 2ylog(3), ®

where y; - the target label, y; — the model’s predicted probabil-
ity, and N - the number of tokens considered.

The optimization process is carried out through the
zero-gradient, backpropagation, and optimizer-step stages.
The model with the best performance is saved as a state_dict,
along with the SentencePiece model used. The final stage is
the evaluation process, performed using greedy decoding or
beam search. Model performance is measured using loss,
character error rate (CER), and word error rate (WER), which
respectively describe the prediction error at the character
and word levels. Fig. 9, b shows the model testing conducted
after the training process is completed to obtain the best
model. This best model is reloaded into the system to eval-
uate the test set that has been separated since the beginning
of the dataset formation process. At this stage, the model
generates text transcription predictions from the test data.
The prediction outputs are then analyzed using several key
evaluation metrics, namely loss, CER, and WER. The loss
value indicates the overall error rate of the model, while CER
and WER measure transcription accuracy at the character
and word levels. CER is calculated based on the number of
substitution, insertion, and deletion errors compared to the
reference label, as shown in (4), while WER calculates errors
at the word level using (5):

S+D+1

CER=—, 4
I )
S+D+1
WER=""2*1 ©)
N

where S - the number of substitutions, D — the number of
deletions, I — the number of insertions, and N - the num-
ber of reference words (character for CER and spoken word
for WER). The results of this evaluation are then saved in a
text file (.txt).

5.2. Evaluation of vanilla and modified model
training

The results of training the modified transformer ar-
chitecture and the original vanilla model using the main
dataset (NSS-ID) can be seen in Fig. 10, 11, respectively. The

modified model outperforms the original vanilla transformer
model. Based on these results, the modified model shows
potential for further development.
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Fig. 10, a shows the progression of training loss and
validation loss during the model training process. Overall,
the curves exhibit a stable convergence pattern, indicating
consistent performance improvement as the number of ep-
ochs increases. At the beginning of training (epochs 0-1),
the training loss decreases sharply from an initial value
above 1.0 to around 0.25. This significant decline reflects
rapid parameter adjustments during the early stages of
optimization. In contrast, the validation loss begins at a
relatively low value and decreases more gradually than the
training loss, suggesting that the model is able to generalize
reasonably well on the validation data from the outset. After
the second epoch, both training and validation loss gradu-
ally decrease toward values close to 0.0. Fig. 10, b illustrates
the increase in character-level accuracy for both the train-
ing and validation data of the modified model. Training
accuracy rises sharply from around 0.65 in the early epochs
to above 0.95 within just two epochs, while validation ac-
curacy begins at a high value and quickly reaches a level
close to 0.99.

Fig. 11, a shows the training and validation loss through-
out the vanilla model’s training process. Fig. 11, b presents
the training and validation character-level accuracy curves
for the vanilla model, showing consistent performance im-
provement during training.

The results of the WER and CER comparison between the
vanilla model and the Modified model can be seen in Table 4.

The WER and CER results for both models are shown
in Fig. 12.
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Table 4
WER and CER results of the modified and vanilla transformer
models
Model CER WER
Vanilla 0.121 0.162
Modified 0.118 0.158

In Table 4 dan Fig. 12, the WER value of the modified
vanilla model is 0.158, while the WER value of the vanilla
model is 0.162. Similarly, the CER value of the modified va-
nilla model is 0.118, compared to 0.121 for the vanilla model.
Overall, these results show that the modified vanilla model
achieves better WER and CER values than the vanilla model.

6. Discussion of results: comparison of vanilla and
modified model performance using the NSS-ID dataset

As illustrated in Fig. 6, the initial audio signal undergoes
a preprocessing stage prior to model training. Each speech

signal is filtered using a pre-emphasis technique (Fig. 7) to
enhance high-frequency components. SentencePiece BPE
training is then performed according to the parameters
specified in Table 1. Feature extraction is conducted using
Mel-spectrogram representations based on the configuration
presented in Table 2. The textual data are subsequently to-
kenized using SentencePiece. The encoder block is trained
following the architecture shown in Fig. 8, with hyperpa-
rameters detailed in Table 3. Finally, as depicted in Fig. 9,
the decoder stage is executed using the corresponding target
sequences.

Fig. 10, a shown the consistency between the training
and validation loss indicates that the model not only learns
meaningful patterns from the training data but also main-
tains strong generalization capabilities. The convergence of
both curves toward low values in the final epoch suggests
that the training configuration including hyperparameters,
optimization techniques, and regularization strategies func-
tions effectively in achieving stable and optimal performance,
demonstrating the model’s strong potential for evaluation or
further testing. In Fig. 10, b, the close alignment of the two
curves, with only a very small gap up to the final epoch, in-
dicates that the model learns effectively without overfitting.
This convergence pattern shows that the architecture and
training configuration successfully produce a model with
excellent generalization capability for character-level data.

In the early epochs in Fig. 11, a, the training loss decreas-
es sharply from a value close to 0.9 to around 0.2. Compared
to the modified model, the vanilla model starts with a slightly
lower initial training loss (= 0.9), indicating that ViT begins
the optimization process from a more challenging condi-
tion (> 1.0). After the second epoch, the decline in training
loss slows but remains consistent, reaching a value close
to 0.1 at the end of training. When the two models are com-
pared, both exhibit a similar loss-reduction pattern an initial
sharp decline followed by stable convergence in later epochs.
However, the modified model demonstrates more aggressive
training behavior, evident from its dramatic drop to a very
low loss value within the first two epochs. Meanwhile, the
validation loss in the vanilla model begins at a lower value
and shows a steady decline before converging near 0.05. In
this respect, both models achieve low and stable final val-
ues, but the ViT model maintains a smaller gap between the
training and validation loss, indicating slightly better gener-
alization compared to the vanilla model. Training accuracy
increases in Fig. 11, b sharply in the early epochs, rising from
around 0.65 to above 0.90 by the second epoch, then contin-
ues to increase gradually to around 0.97. Meanwhile, valida-
tion accuracy begins at a higher value approaching 0.98 and
remains stable throughout the training process.

In Fig. 12, the WER and CER of the modified transformer
improve by up to 2% compared to the original vanilla model.
These results indicate that the modified vanilla transformer
is able to recognize entire words more accurately than the
baseline model. The modified architecture incorporates a
multi-layer perceptron (MLP) with greater flexibility in its
layer structure compared to the standard feed-forward layers
in the original transformer, allowing backpropagation to
minimize loss more effectively. In addition, the reduction in
WER achieved by the modified model suggests that the archi-
tectural enhancements more effectively support word-level
comprehension in the ASR process. The convolutional layers
help stabilize local acoustic patterns and emphasize phoneme
boundaries, enabling the model to form clearer representa-



tions of word units. In parallel, the ViT components strength-
en the model’s ability to capture long-range dependencies
across the Mel spectrogram through patch-based global
attention, allowing the system to recognize entire word struc-
tures more consistently, even under variations in speaking
rate or pronunciation. When these enriched features are pro-
cessed by the transformer’s attention mechanisms, the model
gains a stronger contextual understanding of how characters
combine into words, reducing common errors such as substi-
tutions, deletions, and fragmented outputs. As a result, the
modified architecture demonstrates improved lexical accu-
racy and overall robustness compared to the baseline vanilla
transformer.

This study successfully introduced a new transformer
architecture model by modifying the encoder with the inte-
gration of convolutional and vision transformer (ViT) blocks,
then comparing the results with the baseline model, namely
the original transformer. This study also used an Indonesian
language sound dataset as the primary dataset, which was
recorded by the researchers themselves to be trained on
this modified architecture model. This differs from studies
[13, 14], which successfully implemented transformer-based
architecture only through pre-training models. It also differs
from studies [8, 12, 15, 18, 19], which optimized the accuracy
of transformer models for text translation using secondary
datasets in the form of text data.

The advantage of this study is that the dataset used is
voice data recorded by the researchers themselves in a special
room, consisting of 80,000 wav format voice data files. This is
different from study [9], which used a dataset in the form of
news articles, and study [13], which used a Wikipedia corpus
dataset.

This study is limited to the use of the NSS-ID dataset
as the main data source and character-level metric-based
evaluation in a controlled experimental environment. Varia-
tions in dialect, noise conditions, and more complex acoustic
scenarios are not yet fully represented, so the model’s ability
to generalize to real-world conditions still requires further
validation. Furthermore, the evaluation does not yet include
a comprehensive analysis of word error rate (WER), semantic
aspects at the word level, or performance testing in real-time
two-way interaction scenarios that take into account latency
and computational efficiency. Model comparisons are also
still limited to vanilla transformer as a baseline without in-
volving the latest ASR architecture.

The proposed model shows potential for development
in the implementation of real-time two-way interaction sys-
tems, multi-dialect adaptation, multimodal integration, and
optimization for devices with limited resources. In addition,
this architecture opens up opportunities for expansion into
large-scale pre-training approaches and the development
of domain-specific applications in the Indonesian language
ASR ecosystem.

7. Conclusion

1. This study successfully developed an automatic speech
recognition (ASR) system based on the transformer architec-
ture with a modified encoder that incorporates convolutional
and vision transformer (ViT) blocks:

a) the primary Indonesian language dataset was pro-
cessed through audio preprocessing and text tokenization
using SentencePiece with byte pair encoding (BPE), and then

divided into training, validation, and testing sets with a ratio
of 80:10:10. The evaluation results show that the modified
model achieves lower WER and CER values than the original
vanilla model, with a word error rate (WER) of 0.158 and a
character error rate (CER) of 0.118. Meanwhile, the original
vanilla model used as a baseline produces a WER of 0.162 and
a CER of 0.121;

b) These results confirm that the proposed architecture
has strong potential for further development, as its perfor-
mance surpasses that of the original vanilla model based on
the WER and CER comparisons.

2. This study proves that the significantly modified trans-
former architecture outperforms the original vanilla trans-
former model in Indonesian automatic speech recognition tasks
using the NSS-ID dataset. The proposed model shows faster
training convergence, consistent reduction in training loss and
validation loss, and an increase in character-level accuracy that
exceeds 0.95 on the training data and approaches 0.99 on the
validation data with minimal generalization gap. These results
indicate stable optimization dynamics and strong generaliza-
tion capabilities from the early stages of training. The main
characteristics, namely accelerated convergence, learning curve
stability, and high character precision, are significant differ-
entiators compared to the baseline model. These advantages
contribute directly to addressing the challenge of developing a
more adaptive transformer architecture for Indonesian, particu-
larly in reducing the gap between experimental evaluation and
practical implementation. With the support of a representative
Indonesian speech dataset, the proposed model has the potential
to be applied to real-time two-way interaction systems. Overall,
this study not only improves the performance of the transformer
baseline but also provides relevant empirical contributions to
the development of a more reliable and implementable Indone-
sian ASR system.
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