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ABSTRACT — The creation of large-scale, diverse speech datasets, crucial for state-of-the-art Automatic Speech Recognition
(ASR), remains a significant bottleneck. This paper introduces a novel, orchestrated multi-pipeline framework designed to
fully automate this process, from YouTube content discovery to the generation of phonetically aligned data suitable for ASR
training. Our integrated system seamlessly combines key components: a configurable data crawler equipped with robust proxy
and cookie management for efficient content acquisition; a neural processing pipeline incorporating Voice Activity Detection
(VAD), ASR, speaker diarization, and automated quality assessment; and a specialized pronunciation alignment system
leveraging the Montreal Forced Aligner (MFA) to produce precise word-level timing annotations. Implemented as
containerized services managed by an Apache Airflow orchestration framework, the system achieves remarkable efficiency
and scalability. Demonstrating its capabilities, the framework processed over 1000 hours of initial Vietnamese YouTube audio,
yielding 813 hours of high-quality, aligned data with an end-to-end processing throughput exceeding 4.x times real-time and
achieving 98% automation across the workflow. This represents a significant reduction in manual effort compared to
traditional methods, enabling systematic quality control through integrated filtering mechanisms. The architecture’s inherent
modularity and scalability make it readily adaptable to various languages and extendable beyond ASR to other audio-based
machine learning applications.

Keywords — Speech automated workflows, Pronunciation alignment, Speech automated annotation, Standardizing data, Data
collection

I. INTRODUCTION

Modern Automatic Speech Recognition (ASR) systems require large and diverse datasets for training. The demand
for large-scale, diverse speech datasets continues to grow, driving the development of automated collection and
processing frameworks, with recent efforts culminating in datasets exceeding 100,000 hours for tasks like speech
generation.

While public datasets exist, they often lack domain-specific content, language diversity, or sufficient volume for
building robust models. YouTube represents an enormous repository of spoken content across languages, topics,
and acoustic conditions, making it an invaluable source for speech data.

However, harnessing this content poses significant technical challenges, including efficiently searching and
downloading relevant content, extracting clean audio segments, producing accurate transcriptions and labels, and
creating precise word-level alignments.

Previous approaches to YouTube data collection for ASR have typically involved manual or semi-automated
processes that are time-consuming, inconsistent, and difficult to scale [2], [3]. Furthermore, the quality of
collected data often varies significantly, requiring extensive post-processing or manual verification. The lack of
standardized pipelines for this task has hindered reproducibility and systematic improvements in dataset
creation methodology.

In this paper, we present an end-to-end system that automates the entire workflow from YouTube content
discovery to the production of labeled and phonetically aligned speech data suitable for ASR model training. Our
pipeline consists of three major components:

e YouTube Data Crawler: An automated pipeline for searching and downloading content from YouTube
using

o flexible filtering criteria.

e Audio Labeling Pipeline: A modular workflow that processes the collected audio through VAD, ASR,
align-

e ment, speaker diarization, and quality scoring.

e Pronunciation Alignment Pipeline: A specialized pipeline that performs forced alignment between
audio

and text transcripts at the word level using the Montreal Forced Aligner (MFA). All components are implemented
as containerized services orchestrated by Apache Airflow, allowing for parallel processing, robust error handling,
and easy deployment across computing environments. Our approach prioritizes automation, scalability, and data
quality, addressing key challenges in speech dataset creation.
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The main contributions of this paper are:

A fully automated, configurable pipeline for collecting domain-specific speech data from YouTube
A modular audio processing pipeline that generates aligned transcriptions and speaker labels

A pronunciation alignment pipeline that creates precise word-level timing information

An architecture that enables systematic quality filtering of speech segments

A containerized implementation that ensures reproducibility and scalability

The remainder of this paper is organized as follows: Section II reviews related work in the fields of web data
crawling, audio labeling, and forced alignment. Section III details the system architecture of all three components.
Section IV describes the implementation details and key algorithms. Section V discusses experimental results and
performance metrics. Section VI concludes with limitations and future work.

II. RELATED WORK

A. WEB DATA CRAWLING FOR ASR

Creating large-scale speech datasets is crucial for deep learning ASR, leveraging web data’s value. Recent efforts
like GigaSpeech 2 [4] demonstrate automated pipelines for crawling and refining unlabeled YouTube audio for
low resource ASR, reducing manual verification. Prior works collected YouTube data using custom scripts for low-
resource languages [2] or specific domains like egocentric interactions [3], potentially lacking our work’s
comprehensive orchestration. Community-driven efforts like Common Voice [5], while valuable, require
significant coordination and differ in scale from automated crawling. Specifically for Vietnamese speaker
recognition, Vietnam-Celeb [6] utilized YouTube/TikTok with visual-aided processing for speaker label accuracy,
contrasting with our focus on an orchestrated, audio-based pipeline for generating aligned ASR data.

B. AUDIO PROCESSING AND LABELING
Automated audio labeling is key; Park et al. [7] showed pretrained ASR models effective for pseudo-labeling. While

VAD is a critical preprocessing step, advancements address complex tasks like overlapping speech segmentation,
exemplified by Bredin and Laurent’s [8] end-to-end model using the pyannote.audio toolkit. Our work integrates
such components within its pipeline.

C. FORCED ALIGNMENT AND PRONUNCIATION MODELING

Forced alignment maps text to audio segments. Montreal Forced Aligner (MFA) [9] is a prominent HMM-based
tool using Kaldi. More recently, deep learning approaches like CTC-segmentation [10] have shown improved
performance.

For phonologically complex languages like Vietnamese, accurate G2P is crucial, demonstrated by its role in
systems like the TTS solution by Do et al. [11]. Our work implements an automated Vietnamese forced alignment
pipeline.

D. WORKFLOW ORCHESTRATION FOR ML PIPELINES

Frameworks like Apache Airflow [12] (DAG-based), Luigi[13], and Kubeflow [14] (Kubernetes-native)
orchestrate ML workflows. Our work uniquely combines crawling, comprehensive audio processing, and
pronunciation alignment within a unified orchestration framework enabling repeatability, scalability, and quality
control.

III. SYSTEM ARCHITECTURE

Our system consists of three main components: the YouTube Data Crawler, the Audio Labeling Pipeline, and the
Pronunciation Alignment Pipeline. All are designed with modularity, scalability, and automation as primary
considerations, using Apache Airflow for workflow orchestration and Docker for containerization.

A. YOUTUBE DATA CRAWLER
The crawler component is responsible for searching YouTube, collecting metadata, and downloading relevant
audio content. [t features a modular architecture with several key components, as illustrated in Figure 1.
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Figure 1. Architecture of the YouTube Data Crawler pipeline (Component A).

1. CRAWLER COMPONENT
The core crawler module searches YouTube based on various criteria specified by the user, such as keywords,
channel IDs, playlist IDs, or specific video IDs.

Additional parameters allow filtering by language, region, and content category. The crawler uses asynchronous
processing with Python’s asyncio to efficiently handle network requests.

Crucially, it incorporates modules for managing YouTube Cookies and Proxies to handle potential access
restrictions and enhance crawling robustness.

Additional parameters allow filtering by language, region, and content category. The crawler uses asynchronous
processing with Python’s asyncio to efficiently handle network requests. Crucially, it incorporates modules for
managing YouTube Cookies and Proxies to handle potential access restrictions and enhance crawling robustness.

2. AUDIO DOWNLOADER

This component extracts audio streams from the videos identified by the crawler. It uses the yt-dlp library, which
provides robust handling of YouTube’s changing interface and format options. The downloader supports parallel
processing through a configurable number of jobs.

3. POST-PROCESSOR

The post-processor handles audio format normalization, converting downloaded audio to a standardized format
(24kHz, mono, 16-bit PCM). This standardization ensures compatibility with downstream processing tools and
models in the labeling pipeline.

4. STORAGE COMPONENTS
The crawler utilizes two primary storage mechanisms:

e PostgreSQL Database: Stores structured metadata about channels, videos, and subtitles.
e  MinIO Object Storage: Houses the actual audio files and potentially subtitle/transcript files.

5. WORKFLOW ORCHESTRATION

Apache Airflow manages the execution sequence of the crawling pipeline. A typical workflow involves executing
the crawler to gather video metadata while utilizing cookie and proxy management, uploading this metadata to
PostgreSQL, downloading the audio corresponding to identified videos, performing post-processing on the audio
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files, and finally uploading the processed files to MinlO storage. This workflow can be triggered manually or
scheduled for periodic execution, enabling continuous data collection.

The workflow can be triggered manually or scheduled to run periodically, allowing for continuous data collection
over time.

B. AUDIO LABELING PIPELINE
The labeling pipeline processes the collected audio to produce structured data suitable for training ASR models.
Its architecture is illustrated in Figure 2.

1. FILE RETRIEVAL
This component identifies and retrieves audio files from MinlO storage based on configurable criteria such as
bucket, prefix, and file extension. It produces a list of files to be processed by subsequent components.

2. VOICE ACTIVITY DETECTION (VAD)

The VAD module identifies segments of audio containing speech, filtering out silence, music, and noise. It utilizes
deep learning models, likely based on pyannote.audio, and outputs timestamp information for speech segments.
Model inference is accelerated using NVIDIA Triton Inference Server, allowing for GPU-based processing.

3. AUTOMATIC SPEECH RECOGNITION (ASR)

This component transcribes the speech content in the audio files. It interfaces with a pre-trained ASR model
served via NVIDIA Triton, supporting various model types as indicated by the "generic” parameter in the
configuration. The output is raw text transcription.

4. ALIGNMENT

The alignment module combines the outputs from VAD and ASR to produce time-aligned transcripts, typically in
formats like SRT or JSON. This alignment enables precise mapping between text and audio timestamps, which is
essential for training and evaluating ASR models.
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Figure 2. Architecture of the Audio Labeling pipeline (Component B).
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5. SPEAKER DIARIZATION
This component identifies speaker turns within the audio, answering "who spoke when.” It likely uses neural
diarization approaches based on pyannote.audio or similar frameworks, with model inference potentially
accelerated through Triton.

6. SEGMENT SCORING

The scoring module evaluates various quality metrics for the speech segments, potentially including signal-to-
noise ratio, Mean Opinion Score estimates (via distillmos), and other acoustic quality measures. These scores
enable filtering of low-quality segments that might degrade ASR model training.

7. MINIO UPLOAD
This final component collects all generated artifacts—VAD results, ASR transcripts, alignments,

diarization outputs, and quality scores—and uploads them to a structured location in MinlIO storage. The
organization preserves the relationship between these artifacts and the source audio file.

8. WORKFLOW ORCHESTRATION

Apache Airflow orchestrates the labeling pipeline, with the Celery Executor enabling distributed task processing
across multiple workers. This approach allows for parallel processing of audio files, significantly improving
throughput for large datasets.

C. PRONUNCIATION ALIGNMENT PIPELINE
The pronunciation alignment pipeline builds upon the outputs of the previous components to create precise word

level alignments between audio and text. Its architecture is illustrated in Figure 3. Architecture of the
Pronunciation Alignment Pipeline using Montreal Forced Aligner (Component C).

1. PRONUNCIATION DICTIONARY INITIALIZATION
This component loads and prepares the Vietnamese pronunciation dictionary that maps words to their phonetic
representations. The dictionary serves as a foundation for both G2P model training and acoustic model training.
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Figure 3. Architecture of the Pronunciation Alignment Pipeline using Montreal Forced Aligner (Component C).
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2. GRAPHEME-TO-PHONEME (G2P) MODEL TRAINING
The G2P model component creates a statistical model that can predict pronunciations for words not found in the
dictionary. This is crucial for handling out-of-vocabulary (OOV) words encountered in YouTube transcripts.

3. BASE ACOUSTIC MODEL TRAINING

This component trains the initial acoustic model using a curated dataset (set1) with known high-quality audio
and transcripts. The acoustic model maps audio features to phonetic units and serves as the foundation for the
alignment process.

4. YOUTUBE DATA PREPARATION

This module retrieves the audio files and transcripts from MinlO storage and prepares them in a format suitable
for the Montreal Forced Aligner. It creates a specific directory structure and generates transcript (.1ab) files from
the JSON data.

5. OUT-OF-VOCABULARY (0O0OV) WORD PROCESSING
This component identifies words in the YouTube transcripts that are not present in the pronunciation dictionary.
It then uses the G2P model to generate pronunciations for these words and adds them to an expanded dictionary.

6. FORCED ALIGNMENT

The core alignment component uses the acoustic model and expanded dictionary to precisely align each word in
the transcript with its corresponding segment in the audio file. The output is in TextGrid format, containing
detailed timing information for each word.

7. RESULT CONVERSION
This final component converts the TextGrid files to a more readable text format that includes timing information
alongside the transcribed words. These files are then stored for downstream applications.

8. WORKFLOW ORCHESTRATION

Apache Airflow orchestrates the entire alignment process, managing dependencies between tasks and ensuring
efficient resource utilization. The workflow is designed to handle errors gracefully and continue processing when
possible.

IV. IMPLEMENTATION

A. YOUTUBE DATA CRAWLER IMPLEMENTATION
1. SEARCH AND METADATA COLLECTION
The crawler implementation leverages multiple Python libraries for YouTube

interaction:
e  Youtube-python for searching videos based on keywords
o yt-dlp for extracting video metadata and downloading content

It also integrates libraries for managing cookies (e.g., loading from browsers or files) and rotating proxies to
ensure continuous access.

The crawling process utilizes asynchronous implementation, which improves throughput by allowing multiple
concurrent API requests. The crawler collects comprehensive metadata including video/channel info, duration,
and subtitle availability. This information is stored in JSON files and uploaded to a PostgreSQL database.

2. DATABASE SCHEMA: THE POSTGRESQL DATABASE SCHEMA INCLUDES TABLES FOR CHANNELS,
VIDEOS (LINKED TO CHANNELS),
and subtitles. This relational structure enables efficient querying and filtering.

3. AUDIO PROCESSING

For audio download, yt-dlp was configured with parallel processing support. Post-processing employed
ffmpeg/sox tools to standardize audio formats (to 24kHz, mono, 16-bit PCM), ensuring compatibility and reducing
storage requirements before upload to MinlO.

4. AIRFLOW DAG IMPLEMENTATION
The crawler workflow is implemented as an Airflow Directed Acyclic Graph (DAG) with tasks corresponding to
the components described above:

metadata_crawling >> transcript_crawling

>> database_upload >> audio_download
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>> audio_processing >> minio_upload

The DAG can be configured through Airflow variables, allowing flexible adaptation to different collection
requirements without code modification.

B. AUDIO LABELING PIPELINE IMPLEMENTATION
1. MODEL INTEGRATION
VAD, ASR, and Diarization models (configurable type, likely based on pyannote.audio) were

integrated by serving them via NVIDIA Triton. Communication utilized the tritonclient[grpc] library for efficient,
GPU accelerated inference.

2. PARALLEL PROCESSING
Implements file-level parallelism (Airflow Celery Executor distributing tasks) and GPU batch processing within
components (VAD, ASR, Diarization) for efficiency on large datasets.

3. QUALITY SCORING
Evaluates segment quality using metrics such as Signal-to-Noise Ratio (SNR), Mean Opinion

Score (MOS) estimates (e.g., via ‘distillmos‘), Short-Time Objective Intelligibility (STOI), and Perceptual
Evaluation of Speech Quality (PESQ) for downstream filtering of low quality segments.

4. AIRFLOW DAG IMPLEMENTATION

The labeling workflow quentially: data preparation, Voice Activity Detection (VAD), Automatic Speech
Recognition (ASR), Speaker Diarization, text alignment, quality scoring, and final MinlO upload of all generated
results.

C. PRONUNCIATION ALIGNMENT PIPELINE IMPLEMENTATION

1. MONTREAL FORCED ALIGNER INTEGRATION

The Montreal Forced Aligner (MFA) was integrated using a dedicated Docker environment, with Miniconda
managing specific dependencies (e.g., Python version). Bash scripts handled environment switching, and specific
directory structures were employed to organize MFA corpora according to its requirements.

2. PRONUNCIATION DICTIONARY AND G2P MODEL

A text file served as the Vietnamese pronunciation dictionary, mapping words to phonemes. Grapheme-to-
Phoneme (G2P) model training utilized MFA'’s built-in tools based on this dictionary to predict pronunciations for
OO0V words found in YouTube transcripts.

3. ACOUSTIC MODEL TRAINING
Base acoustic model training was performed using standard MFA procedures on a curated dataset, leveraging
MFA's options for parallel processing and data cleaning steps.

4. OOV WORD PROCESSING

Out-of-Vocabulary (O0V) word processing involved identifying words in the input transcripts absent from the
pronunciation dictionary, predicting pronunciations using the trained G2P model, and incorporating these into
an expanded dictionary used for alignment.

5. FORCED ALIGNMENT
Forced alignment was executed using MFA’s parallel alignment functions (‘mfa align‘), leveraging the trained
acoustic model and the expanded dictionary to generate TextGrid outputs containing precise word timings.

6. AIRFLOW DAG IMPLEMENTATION

The pronunciation alignment sequence was defined in an Airflow DAG with the following primary task order:
Grapheme-to-Phoneme (G2P) model training, corpus validation, base acoustic model training, preparation of
YouTube data, processing of Out-ofVocabulary (O0V) words, and finally, the forced alignment process itself.

V. EVALUATION AND RESULTS

A. YOUTUBE DATA CRAWLER PERFORMANCE

1. CRAWLING EFFICIENCY

We evaluated the crawler’s efficiency across different search types and parameters. Table 1 presents the average
processing times and success rates. The asynchronous implementation significantly improved throughput
compared to synchronous approaches, with up to 8x speedup for keyword searches that require multiple API
requests.
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2. DATA VOLUME AND QUALITY
Using the crawler, we collected datasets across multiple languages and content categories. Table 2 summarizes
the volume and characteristics of the collected data.

The crawler successfully retrieved diverse content with varying characteristics, demonstrating its flexibility.
Subtitle availability varied significantly across content categories, high lighting the importance of the subsequent
labeling pipeline for generating consistent annotations.

Table 1. Youtube Data Crawler Performance Metrics

Search Type Avg. Processing Time | Success Metadata Completeness (%)
(s/video) Rate (%)

Keyword (Top 100) 2.3 94.2 98.1

Channel ID 1.8 97.6 95.4

Playlist ID 1.5 98.9 97.7

Video ID 1.2 99.5 100

Table 2. Dataset Collections Statistics

Content Category Number of Videos Hours of Audio Subtitle Availability (%)
Conversation of channels | 67,261 16,502 100
Audiobooks 5,503 8,061 100
Conversation of playlist 1,745 1,078 100

B. AUDIO LABELING PIPELINE PERFORMANCE

1. PROCESSING THROUGHPUT

We evaluated the labeling pipeline’s throughput under different worker configurations. With 8 GPU-equipped
workers, the system processed approximately 4 hours of audio per hour of wall clock time, representing a 4x real-
time factor. This performance enables rapid processing of large datasets within reasonable timeframes.

The ASR component represents the most computationally intensive step, utilizing the highest proportion of GPU
resources. However, its parallel implementation ensures that it does not become a significant bottleneck in the
overall pipeline.

The quality metrics indicate that the pipeline produces labels of sufficient quality for many ASR training
applications, particularly when combined with the quality scoring component to filter out lower-quality segments.

Airflow DAG Implementation: The labeling workflow was implemented as an Airflow DAG with tasks structured
sequentially: data preparation, Voice Activity Detection (VAD), Automatic Speech Recognition (ASR), Speaker
Diarization, text alignment, quality scoring, and final MinIO upload of all generated results.

C. PRONUNCIATION ALIGNMENT PIPELINE IMPLEMENTATION

1. MONTREAL FORCED ALIGNER INTEGRATION

The Montreal Forced Aligner (MFA) was integrated using a dedicated Docker environment, with Miniconda
managing specific dependencies (e.g., Python version). Bash scripts handled environment switching, and specific
directory structures were employed to organize MFA corpora according to its requirements.

2. PRONUNCIATION DICTIONARY AND G2P MODEL

A text file served as the Vietnamese pronunciation dictionary, mapping words to phonemes. Grapheme-to-
Phoneme (G2P) model training utilized MFA'’s built-in tools based on this dictionary to predict pronunciations for
00V words found in YouTube transcripts.

3. ACOUSTIC MODEL TRAINING
Base acoustic model training was performed using standard MFA procedures on a curated dataset, leveraging
MFA’s options for parallel processing and data cleaning steps.
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4. OO0V WORD PROCESSING

Out-of-Vocabulary (O0V) word processing involved identifying words in the input transcripts absent from the
pronunciation dictionary, predicting pronunciations using the trained G2P model, and incorporating these into
an expanded dictionary used for alignment.

5. FORCED ALIGNMENT
Forced alignment was executed using MFA’s parallel alignment functions (‘mfa align), leveraging the trained
acoustic model and the expanded dictionary to generate TextGrid outputs containing precise word timings.

6. AIRFLOW DAG IMPLEMENTATION

The pronunciation alignment sequence was defined in an Airflow DAG with the following primary task order:
Grapheme-to-Phoneme (G2P) model training, corpus validation, base acoustic model training, preparation of
YouTube data, processing of Out-of Vocabulary (O0V) words, and finally, the forced alignment process itself.

D. PRONUNCIATION ALIGNMENT PIPELINE PERFORMANCE

Processing Throughput: We evaluated the pronunciation alignment pipeline’s throughput on a representative
subset of Vietnamese YouTube data. Acoustic model training is the most time-consuming component but reusable
for multiple alignment tasks. The overall end-to-end alignment throughput was approx. 2x real-time. (Table 3
shows estimated times for 100h).

E. END-TO-END SYSTEM PERFORMANCE
Evaluation demonstrates that our automated system significantly reduces dataset creation time, achieving 98%
automation across the entire workflow, from data collection through processing and pronunciation alignment.

Table 3. Estimated Pronunciation Alignment Component Processing

Times For 100 Hours Of Audio

Component Est. Processing Time | Throughput (hours audio/hour)
(hours)

G2PBaseModelTraining 0.1 N/A 0.1 N/A

AcousticBaseModelTraining 9.4 3.2 | 9.4 3.2

00VWordProcessing 11.6 N/A 11.6 N/A

ForcedAlignment 14.3 7.0 14.3 7.0

TotalPipeline(E2E) 50.0 2.0

Table 4 summarizes the end-to-endprocessing statistics for apipeline run initiated with 1000 hours of successfully
crawled YouTube audio data.

Table 4. End-to-end Processing Statistics (Starting With 1000 Hours Crawled Data)

Stage Input  Data | Output Data Volume | Processing Automation Level
Volume Time(hrs) (%)

YT Data Crawling N/A 1,000 hrs 32 95

Audio Labeling 1,000 hrs 920 hrs 63 100

Pronunciation Align 920 hrs 813 hrs 80 100

Total Pipeline N/A 813 hrs 175 98

The high level of automation across all components demonstrates the system’s efficiency in creating large-scale
speech datasets with minimal human intervention.
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VI. CONCLUSION AND FUTURE WORK

Conclusion Addressing the critical need for large-scale, diverse datasets for data-hungry Automatic Speech
Recognition (ASR) systems, this paper presented a comprehensively automated and orchestrated framework for
acquiring and processing speech data from web sources like YouTube. The system demonstrated its capability to
handle significant data volumes, yielding high-quality, phonetically aligned speech data suitable for ASR training
through efficient processing and a high degree of automation across the entire workflow, significantly minimizing
manual effort. Integrating essential components for automated annotation — including voice activity detection,

ASR transcription, and speaker diarization — along with a robust pipeline for precise word-level pronunciation
alignments, the framework is built for modularity and scalability. Its adaptable architecture inherently supports
potential multilingual applications. By drastically reducing manual intervention and enforcing data
standardization, this work provides a powerful, automated tool for efficiently constructing the extensive, diverse
datasets essential for advancing state-of-the-art ASR and other speech-related machine learning tasks.

Discussion on Current Limitations Despite its strong automation and scalability, the system still faces several
challenges that warrant attention. Language adaptation remains a critical factor affecting G2P performance,
especially for low-resource or tonal languages where phonetic variation is high. Alignment errors from the
Montreal Forced Aligner can propagate through the pipeline, occasionally impacting downstream transcription
quality and speaker segmentation accuracy. Moreover, while the current orchestration framework efficiently
manages large datasets, handling noisy or code-switched content continues to be a limitation. Recognizing these
aspects helps balance the system'’s promising results with a realistic view of areas needing refinement.

FutureWork Despite its effectiveness, the system relies on platform APIs requiring maintenance and its out put
quality depends on the underlying pre-trained models. Scalability for datasets significantly exceeding 10,000
hours and handling highly overlapped speech remain challenges. The pronunciation alighment component also
faces resource constraints and requires language-specific adaptation. Future directions include integrating active
learning for targeted quality improvement, expanding to other video platforms, enhancing filtering techniques,
developing domain adaptation methods, and creating a user-friendly interface. We also aim to extend the
pronunciation alignment pipeline to more languages, explore end-to-end neural alignment, develop external APIs,
improve alignment throughput via distributed processing, and release an open-source version of the framework
to benefit the research community.
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FRAMEWORK PIEU PHOI XU LY VA CAN CHINH DU LIEU
GIONG NOI TU PONG
Do Thi Thuy Trang

TOM TAT — Viéc tao ra cac bd dit lieu giong néi quy mo 16n va da dang — yéu t6 then chét cho cac hé thong Nhan Dang Giong
N6i Tw dong (ASR) tién tién — van 12 mot ntt that dang ké. Bai bao nay gi¢i thiéu mot khudn khé da ludng méi, dugc thiét ké
c6 hé théng nham tw déng héa hoan toan quy trinh ndy, tir viéc khdm pha noi dung trén YouTube dén viéc tao ra dit liéu dwoc
cdn chinh 4m vi pht hgp cho hudn luyén ASR.

Hé thong tich hop cla ching toi két hop lién mach cac thanh phan chinh: mét trinh thu thap dir liéu cé thé két hgp nhuin
nhuyén véi kha ning quan ly proxy va cookie manh mé dé thu thap ndi dung hiéu qua; mét ludng xi Iy dwa trén mang no-ron
bao gobm Phat hién Hoat Dong Giong ndi (VAD), ASR, phan tich 4m thanh va danh gia chit lwgng tw dong; cing véi mot hé
thdng cin chinh phat &m chuyén biét st dung Montreal Forced Aligner (MFA) dé tao ra cac chu thich thoi gian chinh xac dén
cip do tir.

Pugec trién khai dwéi dang cac dich vu dong goi va dwgc diéu phdi boi framework Apache Airflow, hé thdng dat dwoc hiéu qua
va kha ning md réng an twong. Khi thir nghiém, khudn khé da xtr Iy hon 1000 gi Am thanh tiéng Viét tir YouTube, tao ra 813
gior dir liéu chit lwong cao dd dwoc cin chinh, véi téc do x 1y toan bd quy trinh nhanh hon thoi gian thwe hon 4.x [n va dat
murc tw dong hda 98% trong toan bd workflow.

Diéu nay gitp giam dang ké céng strc thu cong so v&i cac phwong phap truyén théng, dong thoi cho phép kiém soat chat lwong
mdt cach cé hé théng thong qua cac co ché loc tich hop. Kién tric c¢é tinh mé-dun va kha ning mé rong cao, gitp dé dang thich
rng v&i nhiéu ngdn ngit khac nhau va mé rong sang cac tng dung hoc may dwa trén 4m thanh ngoai ASR.

Tiwr khéa — Speech automated workflows, Pronunciation alignment, Speech automated annotation, Standardizing data, Data
collection
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