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Abstract
Vietnamese automatic speech recognition (ASR) for edge devices remains challenging because practical systems 
must simultaneously satisfy recognition accuracy, low latency, low memory overhead, and transcript readability. These 
requirements are particularly demanding for Vietnamese, where tonal and prosodic cues are important for sentence 
structuring, while many lightweight ASR systems still produce raw lowercase text without punctuation. In this work, we 
present an edge-ready Vietnamese ASR system built on VietASR Iteration-3 and fine-tuned on nearly 1,000 hours of 
professionally curated Dolly Vietnamese speech data with punctuation and capitalization annotations. Our work makes three 
main contributions. First, we develop a deployment-oriented fine-tuning pipeline for a compact 68M-parameter VietASR 
model, targeting practical offline inference on resource-constrained devices. Second, we introduce an end-to-end 
structured decoding formulation in which punctuation marks and capitalization indicators are incorporated directly into the 
output vocabulary and predicted jointly with lexical units, eliminating the need for a separate post-processing module. Third, 
we validate the system on both recognition and deployment aspects through evaluation on standard Vietnamese benchmarks 
and on a Qualcomm QCS8550 edge platform. Experimental results show that the fine-tuned model achieves 6.41% WER 
on the VIVOS test set, while also generating well-structured transcripts with strong punctuation performance (micro-F1 of 
0.94). On the target device, the deployed system processes a 30-second utterance with about 380.0 ms encoder latency on 
CPU and 321.0 ms on NPU, while decoder and joiner costs remain negligible. Comparative analysis further indicates more 
stable Vietnamese output and better formatted transcripts than Whisper-large-v3-turbo and the pretrained VietASR baseline. 
These results suggest that compact Vietnamese ASR models can jointly address accuracy, formatting, and deployment 
constraints, making them suitable for real-time, privacy-preserving, on-device speech applications.
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1. Introduction transcriptions are essential for downstream tasks
such as machine translation, meeting summarization,
and spoken document understanding. Nevertheless,
many existing ASR systems produce raw, lowercase
text without punctuation, which limits their practical
usability.

Conventional pipelines address this by cascading
a speech recogniser with a separate NLP module
for punctuation restoration and capitalisation [7–9].
While effective in server-side settings, cascading
designs increase latency, memory footprint, and error
propagation—drawbacks that are particularly costly on
resource-constrained edge hardware. This limitation
motivates the need for ASR models that are not only
accurate but also compact, efficient, and capable of
generating structured text directly.

Large-scale multilingual foundation models, such as
OpenAI’s Whisper [10] and Google’s Universal Speech
Model (USM) [11], have demonstrated strong robustness
across languages. However, significant gaps remain
when applying these models to Vietnamese ASR in
resource-constrained environments:

1) Impracticality for Edge Deployment: Models such
as Whisper Large-v3-turbo contain over 0.8 billion
parameters and typically require GPUs or specialized
accelerators.

Automatic Speech Recognition (ASR) has become 
a cornerstone technology for human–computer 
interaction, enabling applications such as voice 
assistants, automated captioning, and spoken document 
processing [1]. Recent advances in deep learning, 
particularly end-to-end (E2E) architectures based 
on Transformers and Conformers [2, 3] , have 
significantly improved recognition accuracy across 
many languages. However, deploying ASR systems in 
edge and on-device environments remains challenging 
due to strict constraints on latency, memory, and power 
consumption [4].

These challenges are especially pronounced for 
Vietnamese, a tonal and low-resource language in which 
prosodic cues—such as pauses, pitch variations, and 
rhythm—play a crucial role in conveying sentence 
structure and semantic meaning [5]. In addition, 
sentence boundaries are signalled through pause 
duration, pitch resets, and energy contours rather than 
purely syntactic markers—cues [6], making it difficult 
to recover well-structured text from speech alone.

Beyond word-level transcription accuracy, 
real-world Vietnamese ASR applications require rich 
and readable outputs, including proper capitalization, 
punctuation, and sentence segmentation. Such formatted
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2) Instability in Low-Resource Languages: These
models may produce malformed characters,
inconsistent casing, or hallucinated text [12],
especially under constrained inference conditions.

3) Lack of Integrated Text Formatting in Lightweight
Settings: Efficient deployments still rely on
cascading pipelines, increasing system complexity
and latency.

To address efficiency, the VietASR framework [13]
introduced a self-supervised learning pipeline tailored
for Vietnamese, combining HuBERT-style [14]
pretraining on large-scale unlabeled Vietnamese speech
data with an efficient Zipformer architecture. While
VietASR achieves strong performance in terms of
Word Error Rate (WER), it primarily focuses on
acoustic modeling and transcription accuracy, and
does not explicitly address the generation of formatted,
deployment-ready text.

In this work, we extend a publicly available VietASR
pretrained model in a downstream fine-tuning setting,
leveraging publicly available Vietnamese datasets
[nguyen2025dollyaudio] annotated with punctuation
and capitalization. Our goal is to enable the model to
generate structured text directly from speech, eliminating
the need for external NLP post-processing and making it
more suitable for edge deployment.

Designing such a system introduces several technical
challenges:

• Resource Constraints vs. Accuracy: The model
must remain compact (typically under 100M
parameters) to enable real-time CPU inference, while
achieving accuracy competitive with significantly
larger models.

• Acoustic–Prosodic Mapping: Punctuation marks
such as commas and periods are not explicitly
spoken. The model must learn to map acoustic
cues—pause duration, pitch resets, and energy
variations—directly to punctuation tokens without
relying on purely text-based grammar models.

In this paper, we address these challenges by
extending VietASR toward edge-ready structured
transcription. Our main contributions are summarized
as follows:

• We implement a deployment-oriented fine-tuning
strategy for VietASR using nearly 1,000 hours
of punctuated and capitalized Vietnamese speech
data, enabling the model to generate structured text
directly from acoustics.

• An end-to-end approach to prosody-aware
punctuation and capitalization generation without
external NLP post-processing.

• We demonstrate stable, real-time CPU inference
with improved output readability, while maintaining
strong recognition accuracy. Experimental results on
the VIVOS test set show that the model achieves
a Word Error Rate (WER) of 6.41%, validating
its effectiveness for practical, on-device Vietnamese
ASR

2. Related Work

2.1. Self-Supervised Speech Representation Learning

Self-supervised learning (SSL) has become a
cornerstone of modern ASR, enabling models to learn
robust speech representations from large-scale unlabeled
audio. wav2vec 2.0 introduced masked latent prediction
to reduce reliance on labeled data while maintaining
strong downstream performance [15]. HuBERT further
improved training stability by predicting discretized
hidden units obtained via clustering [14]. Despite their
effectiveness, most SSL-based models operate on raw
waveforms and employ large Transformer encoders,
resulting in high computational and memory costs that
hinder real-time and on-device deployment, particularly
for low-resource languages such as Vietnamese. To
address these limitations, VietASR adapts the HuBERT
paradigm for practical Vietnamese ASR by using
log-Mel filterbank (Fbank) features instead of raw
waveforms [13]. In addition, VietASR introduces a
Supervised Codebook strategy, where a lightweight
ASR model trained on limited labeled data generates
pseudo-labels for SSL pretraining. This approach better
aligns learned representations with downstream ASR
objectives and enables efficient training of compact
models suitable for edge deployment [13].

2.2. Efficient and Streaming ASR Architectures

End-to-end architectures such as the
RNN-Transducer (RNN-T) are widely adopted for
streaming ASR due to their low-latency decoding
capabilities [16]. Transformer-based models, including
the Conformer, further improve recognition accuracy
by modeling both global and local temporal
dependencies [2]. However, standard Conformers
process speech at a fixed frame rate, leading to redundant
computation for acoustically stable segments. The
Zipformer architecture [17] mitigates this issue through a
multi-resolution encoder that dynamically downsamples
intermediate representations before upsampling. This
design substantially reduces computational cost
while preserving temporal information. Zipformer
also incorporates BiasNorm and the ScaledAdam
optimizer to improve training stability. Prior work has
shown that Zipformer models with fewer than 100M
parameters, when trained with the VietASR pipeline,
can achieve competitive performance on Vietnamese
ASR benchmarks [13].
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Fig. 1. Overall architecture of the VietASR system. The pipeline consists of four stages: (1) acoustic feature 
extraction using log-Mel filterbanks, (2) speech representation encoding with a Zipformer encoder, (3) RNN-T 
decoding with a stateless predictor, and (4) token generation through a joiner network producing BPE tokens with 
punctuation and capitalization

2.3. Prosody-Aware Punctuation and Capitalization

Punctuation restoration and capitalization are
traditionally treated as downstream NLP tasks applied
to raw ASR outputs [7–9]. While effective in text-based
settings, such approaches rely solely on lexical context
and discard important acoustic and prosodic cues, such
as pause duration, pitch resets, and energy variations,
which naturally signal sentence boundaries in speech.
In this work, we adopt an end-to-end formulation in
which punctuation marks and capitalization indicators
are explicitly included in the ASR output vocabulary
and learned directly during acoustic model fine-tuning.
By training on punctuated and capitalized transcripts,
the model is encouraged to align prosodic patterns
with structural tokens, allowing commas, periods,
and sentence boundaries to be inferred directly from
speech rather than recovered through post-processing.
This integrated design removes the need for cascading
punctuation restoration modules, reducing both
system complexity and inference latency. As a result,
punctuation and capitalization are generated jointly with
lexical content in a single decoding pass, making the
proposed approach particularly suitable for real-time,
on-device ASR deployment.

3. Methodology

3.1. Base Model: VietASR Iteration-3

Our system is built upon [13] Iteration-3,
whose overall architecture is illustrated in Fig. 1.
Which adopts a Zipformer encoder coupled with an
RNN-Transducer (RNN-T) decoder. Acoustic features
are represented using 80-dimensional log-Mel filterbank
(Fbank) features, a widely used and computationally

efficient representation for production ASR systems.
The resulting model contains approximately 68 million
parameters, providing a favorable trade-off between
recognition accuracy and deployment feasibility for
CPU-based, on-device inference.

The Zipformer architecture employs a
multi-resolution, U-Net-like structure that dynamically
downsamples intermediate representations and later
upsamples them to the original temporal resolution.
This design significantly reduces computational cost
while preserving essential temporal information,
making it well-suited for latency-sensitive and
resource-constrained environments [17].

3.2. Tokenization and Output Vocabulary

We employ SentencePiece-based Byte Pair Encoding
(BPE) for subword tokenization. To enable structured
text generation, the output vocabulary is explicitly
extended with tokens representing punctuation marks
(., „ ?, !) and capitalization indicators. Rather than
relying on a separate text normalization or punctuation
restoration module, capitalization is encoded through
dedicated case-aware tokens that are jointly predicted
during decoding.

This unified vocabulary design allows the model
to learn lexical content, punctuation, and capitalization
within a single end-to-end ASR framework. As a
result, text formatting decisions are directly conditioned
on both acoustic and linguistic context, avoiding
error propagation commonly observed in cascading
post-processing pipelines.
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3.3. Fine-Tuning with Punctuated Speech Data

To adapt VietASR Iteration-3 for deployment-ready
transcription, we fine-tune the model on punctuated
and capitalized Vietnamese speech, enabling direct
generation of structured text. Fine-tuning is conducted
on the full model, including the acoustic encoder,
predictor, and joiner modules of the RNN-T architecture.

Fine-tuning is performed on Dolly-Audio, a
large-scale Vietnamese speech corpus consisting of
approximately 1,000 hours of professionally curated
recordings. The dataset includes speech from 152
speakers across multiple Vietnamese regions, covering
a wide range of accents and speaking styles. All audio
is carefully cleaned to remove background noise and
music, and utterances are segmented at sentence-level
boundaries to preserve natural prosody

Transcriptions are richly annotated with punctuation
marks and capitalization, aligned with natural speech
pauses and sentence boundaries. The corpus spans
diverse domains such as news, education, entertainment,
and conversational speech, ensuring linguistic diversity
and robustness. Manual sampling indicates an estimated
near-zero transcription error rate, making the dataset
highly suitable for supervised ASR fine-tuning and
structured text modeling

3.4. RNN-Transducer Fine-Tuning Objective

We adopt the Recurrent Neural Network Transducer
(RNN-T) loss as the optimization objective during
fine-tuning. Given an input acoustic feature sequence

x = (x1,x2, . . . ,xT )

and a target token sequence

y = (y1,y2, . . . ,yU ),

where y includes lexical subword units, punctuation
tokens, and capitalization markers, the RNN-T models
the conditional probability:

P(y | x) = ∑
π∈B−1(y)

P(π | x),

where π denotes an alignment sequence over the
extended vocabulary augmented with a blank symbol,
and B is the standard collapse function that removes
blank tokens.

The training loss is defined as the negative
log-likelihood:

LRNN-T =− logP(y | x).

This formulation allows the model to learn
monotonic alignments between speech frames and
output tokens, which is critical for streaming and
real-time decoding.

3.5. Acoustic-Aware Text Structuring

Unlike conventional ASR pipelines that treat
punctuation restoration as a downstream text-only task,
our approach incorporates punctuation and capitalization
directly into the RNN-T decoding process. By extending
the output vocabulary, punctuation marks (., „ ?, !) and
capitalization tokens are treated as first-class symbols
predicted jointly with lexical units.

During fine-tuning, the model learns to associate
acoustic-prosodic cues—such as pause duration, pitch
resets, and energy contours—with structural tokens.
For example, longer pauses and pitch resets are
frequently aligned with period or comma tokens, while
capitalization markers are learned through contextual
and semantic cues embedded in the acoustic and
linguistic representations.

This joint learning strategy enables the ASR system
to generate readable, well-formatted Vietnamese text
in a single decoding pass, without relying on external
punctuation restoration or text normalization modules.
As a result, the system remains compact, low-latency,
and well-suited for edge and on-device deployment.

4. Experiments

4.1. Implementation Details.

Our implementation is built on the icefall [18] speech
recognition framework, which provides optimized
training and decoding pipelines for RNN-T–based
models. Data preparation and corpus management
are handled using lhotse [19], a unified toolkit for
large-scale speech data preprocessing and manifest
generation. All audio preprocessing steps, including
feature extraction, segmentation, and supervision
alignment, are performed using lhotse abstractions,
enabling scalable and reproducible experimentation
across large speech corpora.

4.2. Training and Evaluation Environment.

Model training and evaluation are conducted using
the icefall framework with lhotse for data preparation
and feature extraction. All experiments are performed on
a single NVIDIA A10 GPU (24GB).

We adopt the ScaledAdam optimizer with a tri-stage
learning rate schedule (warm-up, constant, decay)
for stable convergence. Each training batch contains
approximately 1000 seconds of audio. The predictor uses
a stateless architecture with hidden size 512 and context
size 1, while the joiner also uses a hidden size of 512.

The output vocabulary consists of 2000
SentencePiece BPE units, extended with punctuation
and capitalization tokens. Recognition performance is
evaluated on the VIVOS test set using WER, together
with qualitative assessment of structured output quality.
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Fig. 2. Our smart meeting-room edge device based on 
the Qualcomm QCS8550 Edge AI platform

4.3. Edge Deployment and Latency Evaluation.

To assess practical deployment feasibility, latency 
and on-device inference experiments were conducted on 
our BKMeeting edge AI device built on the Qualcomm 
QCS8550 platform, as shown in Fig. 2. The device 
integrates an octa-core Kryo CPU with one Prime core 
running at up to 3.36 GHz, four Performance cores up 
to 2.8 GHz, and three Efficiency cores up to 2.0 GHz. 
It also supports LPDDR5x memory up to 4200 MHz 
with a maximum capacity of 16 GB. For AI acceleration, 
the platform provides a Qualcomm Hexagon NPU with 
HVX and HMX support, delivering up to 48 TOPS for 
INT8 inference and 12 TOPS for FP16 inference.

Latency was measured on 30-second audio segments 
to reflect realistic application scenarios such as 
voice interaction, dictation, and short meeting-room 
utterances. All latency results were obtained using 
single-stream offline decoding without batching. This 
deployment setup was used specifically to evaluate 
runtime efficiency and edge inference behavior, whereas 
model training and recognition benchmarking were 
carried out on AWS.

5. Results

5.1. Recognition Accuracy

Table 1 presents the Word Error Rate (WER) 
comparison on the VIVOS official test set [20], Common 
Voice Vietnamese test split [21], and the VLSP 2020 
datasets specifically Set 2 [22] test sets.

The proposed VietASR-Finetuned model achieves a 
WER of 6.41% on VIVOS and 12.45% on Common 
Voice. , and 12.73% on VLSP.

Compared with the VietASR-Pretrained baseline, 
which obtains WERs of 6.32%, 11.46%, and 
9.31% on VIVOS, Common Voice, and the 
weighted average, respectively, the fine-tuned model 
maintains competitive recognition accuracy while 
additionally supporting structured outputs with

punctuation and capitalization. Moreover, when
compared with lightweight PhoWhisper variants,
the proposed model achieves substantially better
recognition accuracy. Specifically, PhoWhisper-base
(74M parameters) obtains WERs of 8.46%, 16.19%,
and 43.01%, while PhoWhisper-tiny (39M parameters)
obtains WERs of 10.41%, 19.05%, and 49.85%.
These results show that our model provides a better
accuracy–functionality trade-off for edge-oriented
Vietnamese ASR.

Compared with larger models, VietASR-Finetuned
demonstrates competitive performance despite its
significantly smaller size (68M parameters). While
Whisper-large-v3-turbo exhibits higher WER (8.81%,
13.74%, and 20.41% on VIVOS, Common Voice,
and VLSP, respectively), the proposed model achieves
better accuracy under the same evaluation conditions.
Similarly, although Parakeet-CTC attains lower WER
on VIVOS, it relies on a much larger model (600M
parameters), making it less suitable for edge deployment.
We also compare VietASR-Finetuned with lightweight
PhoWhisper variants. Although PhoWhisper-small
has a larger model size (244M parameters), it
obtains WERs of 6.33%, 11.08%, and 32.96% on
VIVOS, Common Voice, and VLSP, respectively. In
contrast, VietASR-Finetuned achieves better overall
robustness, especially on the VLSP evaluation set,
while using only 68M parameters. This indicates that
the proposed model offers a more favorable trade-off
between recognition accuracy, output quality, and
edge-deployment feasibility.

These results highlight that deployment-oriented
fine-tuning on punctuated and capitalized Vietnamese
speech improves output readability while maintaining
strong recognition performance.

The gains can be attributed to stronger alignment
between acoustic representations and structured
linguistic targets, which provide additional supervision
signals during training.

Overall, the proposed VietASR-Finetuned model
achieves a favorable trade-off between model size,
accuracy, and deployment efficiency, making it well-
suited for real-time Vietnamese ASR on resource-
constrained devices.

5.2. Inference Latency and Throughput

Table 2 reports the mean inference latency, averaged
over 100 runs, together with the output characteristics
of the evaluated ASR systems for a 30-second audio
input. The results show that both VietASR-Pretrained
and VietASR-Finetuned achieve substantially lower
inference latency than Whisper-large-v3-turbo under the
tested deployment settings.

On the QCS8550 platform, the VietASR models
require only 321.0–322.0 ms on the NPU and 380.0
ms on the CPU for the encoder, while the decoder
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Table 1. Comparison of VietASR with open-source ASR models. The average WER is weighted by the word count of
each test set

Model Params (M) WER on Evaluation Datasets (%)

VIVOS Common Voice VLSP 2020 set
2

Whisper-large-v3-turbo [10] 809 8.81 13.74 20.41

Parakeet-CTC [23] 600 5.96 8.58 13.60

PhoWhisper [24]
small 244 6.33 11.08 32.96
base 74 8.46 16.19 43.01
tiny 39 10.41 19.05 49.85

VietASR-Pretrained [13] 68 6.32 11.46 9.31

VietASR-Finetuned 68 6.41 12.45 12.73

and joiner introduce only 0.1–0.2 ms of additional
latency. In contrast, Whisper-large-v3-turbo has a much
heavier decoding process. Although its encoder is
executed only once for a 30-second audio input, its
autoregressive decoder must be repeatedly invoked to
generate the output token sequence. Therefore, the
decoder latency reported in Table 2 represents the cost
of a decoding step rather than the full accumulated
decoding cost. For a typical 30-second utterance with
hundreds of generated tokens, this iterative decoding
overhead becomes substantial. These results indicate
that VietASR avoids the major decoding bottleneck of
Whisper-style models and is considerably more efficient
for edge deployment.

In terms of output quality, Whisper-large-v3-
turbo exhibits unstable transcription behavior in our
deployment setting, including malformed characters and
inconsistent casing. VietASR-Pretrained provides much
faster and more stable inference, but its outputs remain
limited to lowercase text without punctuation. After
fine-tuning, VietASR-Finetuned preserves nearly the
same latency characteristics as the pretrained model
while improving transcription usability, producing
outputs with capitalization, punctuation, and more stable
decoding behavior. This result suggests that the proposed
fine-tuning strategy improves output quality without
introducing a meaningful runtime penalty.

Even when executed entirely on the QCS8550
CPU, VietASR-Finetuned processes a 30-second audio
input with an encoder latency of only 380.0 ms,
corresponding to a real-time factor well below 1. More
importantly, its decoding overhead is almost negligible
because the RNN-T predictor and joiner require only
0.1–0.2 ms. Compared with Whisper-large-v3-turbo and
PhoWhisper, whose autoregressive decoders accumulate
latency over many generated tokens, the proposed model

achieves substantially faster end-to-end inference while
also providing more reliable and structured output
behavior.

5.3. Output Quality and Decoding Stability

Beyond latency and WER, we qualitatively analyze
the readability and stability of generated transcripts.
We observe that Whisper-based models, when executed
under resource constraints, may produce malformed
Vietnamese characters, inconsistent casing, or partially
corrupted outputs.

In contrast, the proposed VietASR system
consistently generates well-formed Vietnamese text
with appropriate capitalization and punctuation.
Sentence boundaries align naturally with acoustic
pauses, resulting in transcriptions that are immediately
usable for downstream applications such as captioning,
summarization, or human-facing interfaces.

This stability is attributed to the end-to-end learning
of structured tokens, which eliminates the need for
external punctuation restoration modules and reduces
error propagation across components.

5.4. Punctuation and Capitalization Evaluation

To further assess the quality of structured text
generation, we evaluate the model’s ability to predict
both punctuation and capitalization under two settings:
(1) end-to-end evaluation, where predictions are
assessed directly on ASR outputs, and (2) conditional
evaluation given correct words, where accuracy is
measured only on correctly recognized tokens.

This dual evaluation protocol allows us to distinguish
between errors caused by speech recognition and those
arising from text structuring.
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Table 2. Inference latency and output characteristics

Model Platform Inference Time Output
Characteristics

Encoder Decoder Joiner

Whisper-large-v3-turbo
CPU 2054.36 ms 43.08 ms – Unstable output;

malformed characters;
inconsistent casing

NPU 799.7 ms 13.1 ms –

Phowhisper-small
CPU 2244.2 ms 292.8 ms – Lowercase only; no

punctuationNPU 313.3 ms 66.0 ms –

Phowhisper-base
CPU 568.4 ms 63.7 ms – Lowercase only; no

punctuationNPU 138.6 ms 10.4 ms –

Phowhisper-tiny
CPU 245.0 ms 23.1 ms – Lowercase only; no

punctuationNPU 68.6 ms 4.9 ms –

Parakeet-CTC
CPU 1404.5 ms 1.1 ms – Unstable output;

malformed characters;
inconsistent casing

NPU 396.0 ms 0.6ms –

VietASR-Pretrained
CPU 380.0 ms 0.2 ms 0.2 ms Lowercase only; no

punctuationNPU 322.0 ms 0.1 ms 0.1 ms

VietASR-Finetuned
CPU 380.0 ms 0.2 ms 0.2 ms Capitalization and

punctuation;
stabilized decoding

NPU 321.0 ms 0.1 ms 0.1 ms

Evaluation Metrics. For punctuation, we report
precision, recall, and F1-score for three major
classes: comma, period, and question mark. For
capitalization, we evaluate four classes: LOWER,
UPPER, TITLE_CASE, and SENTENCE_START. The
evaluation is conducted on a test set containing 66,591
utterances, corresponding to over 1.4 million tokens and
more than 125,000 punctuation instances.

End-to-End Performance. Table 3 presents
punctuation performance measured directly on ASR
outputs. The model achieves a micro-averaged F1-score
of 0.94, indicating strong overall performance in
generating structured text from raw speech.

Table 3. End-to-end punctuation performance

Punctuation Precision Recall F1

Comma 0.91 0.89 0.90
Period 0.98 0.97 0.97
Question 0.84 0.81 0.82

Micro Avg 0.94 0.93 0.94
Macro Avg 0.91 0.89 0.90

Table 4 reports capitalization performance under
the same setting. The model achieves an overall
accuracy of 0.99 and a macro-averaged F1-score of
0.93. Performance is near-perfect for the dominant
LOWER class, while strong results are observed for

SENTENCE_START and TITLE_CASE. The UPPER
class remains relatively more challenging due to its low
frequency.

Table 4. End-to-end capitalization performance

Class Precision Recall F1

LOWER 0.99 1.00 1.00
UPPER 0.88 0.85 0.87
TITLE_CASE 0.93 0.88 0.90
SENTENCE_START 0.96 0.94 0.95

Macro Avg 0.94 0.92 0.93

Performance Given Correct Words. To isolate
structuring performance from ASR errors, we further
evaluate punctuation only on correctly aligned words. As
shown in Table 5, the performance remains consistent,
with a micro F1-score of 0.94.
Table 5. Punctuation performance given correct words

Punctuation Precision Recall F1

Comma 0.91 0.89 0.90
Period 0.98 0.97 0.98
Question 0.84 0.82 0.83

Micro Avg 0.95 0.93 0.94
Macro Avg 0.91 0.89 0.90

For capitalization, Table 6 shows that performance
improves significantly when conditioned on correct
words, reaching near-perfect accuracy and a macro
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F1-score of 0.99. In particular, TITLE_CASE improves
notably, indicating that most capitalization errors
originate from ASR mistakes rather than modeling
limitations.
Table 6. Capitalization performance given correct words

Class Precision Recall F1

LOWER 1.00 1.00 1.00
UPPER 1.00 1.00 1.00
TITLE_CASE 0.98 0.97 0.97
SENTENCE_START 0.99 0.99 0.99

Macro Avg 0.99 0.99 0.99

Analysis. Several important observations can be
drawn:

• Strong sentence boundary modeling: High
performance on periods (F1 ≈ 0.97–0.98) and
SENTENCE_START (F1 = 0.95) indicates that the
model effectively captures sentence boundaries from
acoustic-prosodic cues such as pauses and pitch
resets.

• Robust intra-sentence structuring: Comma
prediction achieves an F1-score of 0.90, suggesting
that the model learns finer-grained prosodic patterns,
although this remains more challenging than
sentence boundary detection.

• Effective proper noun modeling: The
TITLE_CASE results (F1 = 0.90 end-to-end, 0.97
conditional) demonstrate that the model can reliably
recover named entities such as Hà Nội and Việt Nam,
which are essential for Vietnamese text readability.

• Minimal impact from ASR errors: The
similarity between end-to-end and conditional
punctuation results, together with the improvement in
capitalization performance, suggests that punctuation
prediction is robust to recognition errors, while
capitalization is more sensitive to lexical correctness.

Overall, the results demonstrate that the
proposed end-to-end approach can reliably generate
well-structured Vietnamese text, jointly modeling
punctuation and capitalization within a unified
ASR decoding framework without requiring external
post-processing modules.

5.5. Hallucination Analysis of Whisper on Vietnamese
Data

We analyze the hallucination behavior of Whisper-
large-v3-turbo on Vietnamese speech data, where
hallucinations refer to transcriptions that have no
phonetic or semantic correspondence to the input audio,
often occurring under silence or acoustically ambiguous
conditions [12].

Table 7. Frequent hallucinated phrases on VLSP

Prediction Count Rate Description

“hãy subscribe
cho Ghiền Mì Gõ”

1,972 3.5% Most frequent bias

“cảm ơn các
bạn đã theo dõi
và ủng hộ cho
kênh lalaschool
để không bỏ lỡ
những video hấp
dẫn”

145 0.26% YouTube-style
outro

“thank you” 82 0.15% Generic English
phrase

Total 2,199 3.9% –

On the VLSP 2020 dataset, specifically Set 2, which
contains 56,428 utterances, we observe a consistent
hallucination pattern where the model generates a small
set of frequent phrases unrelated to the input. The
most common hallucinated outputs are summarized in
Table 7.

Such behavior aligns with the concept of Bag
of Hallucinations (BoH), where hallucinated outputs
concentrate on a limited set of recurring phrases. In
Vietnamese, these phrases likely originate from online
video content seen during pretraining, similar to English
patterns such as “thanks for watching”.

We further observe that hallucinations are strongly
correlated with challenging acoustic conditions,
including long silence, low-energy segments, and inputs
exceeding the model’s segmentation window. In these
cases, decoding becomes dominated by the language
prior rather than acoustic evidence, producing fluent but
incorrect outputs.

Additionally, hallucinations follow a highly skewed
distribution, where a small number of phrases account
for a large proportion of errors, making them predictable
and potentially detectable.

These findings highlight a key limitation of
large generative ASR models in deployment settings.
Compared to VietASR, which relies on acoustic
grounding and structured token prediction, Whisper is
more susceptible to hallucination due to its reliance on
implicit language modeling. This suggests the need for
mitigation strategies such as BoH filtering, confidence
scoring, or acoustic alignment verification in practical
systems.

6. Conclusion and Future Work

This paper presents an edge-ready Vietnamese ASR
system based on a compact 68M-parameter VietASR
model, fine-tuned for structured text generation.
Through large-scale fine-tuning on nearly 1,000 hours
of punctuated and capitalized Vietnamese speech,
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the proposed system is able to produce readable,
well-formatted transcriptions—including punctuation
and capitalization—directly from speech, without
relying on external post-processing modules.

Experimental results show that the proposed model
achieves 6.41% WER on the VIVOS benchmark,
together with a punctuation micro-F1 of 0.94 and
near-perfect capitalization performance (macro-F1 of
0.99 given correct words). While maintaining a
compact model size suitable for CPU-based execution,
the system achieves real-time inference, processing
a 30-second utterance in 380.0 ms on CPU and
321.0 ms on NPU. Compared to large-scale multilingual
models, the proposed system provides significantly
lower latency and more stable decoding behavior
than Whisper-large-v3-turbo, avoiding issues such as
malformed outputs and hallucinations.

These results confirm that compact ASR models can
jointly achieve strong recognition accuracy, structured
text generation, and real-time performance on edge
devices. By treating punctuation and capitalization
as first-class decoding tokens, the system learns to
align prosodic cues with sentence structure, resulting
in transcriptions that are immediately usable for
downstream tasks such as captioning, summarization,
and human-facing interfaces.

For future work, we plan to extend the system to
streaming ASR with incremental punctuation prediction,
improve robustness across regional accents, and explore
joint modeling of inverse text normalization and named
entity handling within the same framework.
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