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Abstract

Speech technologies have advanced rapidly and serve diverse
populations worldwide. However, many languages remain un-
derrepresented due to limited resources. In this paper, we in-
troduce TaigiSpeech, a real-world speech intent dataset in Tai-
wanese Taigi (aka Taiwanese Hokkien / Southern Min), which
is a low-resource and primarily spoken language. The dataset is
collected from older adults, comprising 21 speakers with a total
of 3k utterances. It is designed for practical intent detection sce-
narios, including healthcare and home assistant applications. To
address the scarcity of labeled data, we explore two data mining
strategies with two levels of supervision: keyword match data
mining with LLM pseudo labeling via an intermediate language
and an audio-visual framework that leverages multimodal cues
with minimal textual supervision. This design enables scalable
dataset construction for low-resource and unwritten spoken lan-
guages. TaigiSpeech will be released under the CC BY 4.0 li-
cense to facilitate broad adoption and research on low-resource
and unwritten languages. The project website and the dataset
canbe foundonhttps://kwchang.org/taigispeech.
Index Terms: spoken language understanding, low-resource
language, intent recognition, Taiwanese Hokkien, database

1. Introduction

More than 7,000 languages are spoken worldwide [1]. How-
ever, many of them are not supported by commercial Al ser-
vices. A substantial portion of these languages lack a univer-
sally standardized writing system, leading to inconsistent or-
thographic resources, or are entirely unwritten [2]. As a result,
they remain underrepresented in modern speech and language
technologies. Southern Min (Min-nan), commonly referred to
as Hokkien in Southeast Asia, is one such language. It belongs
to the Min branch of Sinitic languages and is spoken by over
45 million people worldwide [2, 3]. It is used across East and
Southeast Asia, as well as in diaspora communities in the Amer-
icas and beyond [1].

Across regions, Southern Min exhibits substantial varia-
tion in phonology, lexicon, and accent. In Taiwan, it plays
a particularly important sociolinguistic role [4]. While Man-
darin is the dominant language among the general population,
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Table 1: Statistics and intent description of TaigiSpeech dataset.

Category Details

Speakers 21 (Male: 8, Female: 13)

Age Range 54-78 (Mean: 67.9)

Emergency Intents

1. SOS_CALL Calls for emergency help.

2. BREATH_EMERG. Reports breathing difficulty.

3. FALL_HELP Indicates a fall and requests help.

4. PAIN_.GENERAL Reports physical pain or discomfort.
Non-Emergency Intents / Functional Commands
5. CALL_.CONTACT Requests to contact a person.

6. LIGHT_ON Requests to turn on the lights.
7. LIGHT_OFF Requests to turn off the lights.
8. CANCEL Cancels a previously triggered alert.

Total Utterances: 3,079

100% -

Mandarin Taiwanese

80% - 14.5M 2.4M
(66.5%) (64.9%)

60% -

6.9M
40% - (31.7%) 1.0M

(27.0%)

20% -

0% - Residents 6+ Residents 65+
(21.8M) (3.7M)
Figure 1: Primary language use among residents in Taiwan. El-
ders (aged 65+) have 64.9% reporting Taiwanese as their pri-
mary language. Data source: 2020 Population and Housing
Census, DGBAS, Taiwan [5].

Taiwanese Hokkien (often simply referred to as Taiwanese) re-
mains widely spoken, especially among older adults. As shown
in Fig 1, language usage in Taiwan exhibits clear generational
differences. Among residents aged 6 years and above (21.8M),
Mandarin is the dominant primary language (66.5%), while Tai-
wanese is primarily used by 31.7% of the population. However,
this pattern reverses among older adults. For residents aged 65
years and above (3.7M), Taiwanese becomes the dominant pri-
mary language (64.9%), whereas only 27% primarily use Man-
darin [5]. This demographic shift highlights the importance of
supporting Taiwanese in elderly-oriented technologies and spo-
ken language systems, especially in home assistance and emer-
gency/healthcare scenarios.


https://orcid.org/0009-0001-1562-7282
https://orcid.org/0000-0003-2125-5689
https://orcid.org/0000-0002-1052-6204
https://kwchang.org/taigispeech

Table 2: Spoken intent and command corpora across languages and application settings. (# = number of; Spk. = speakers; F = female;

M = male; Utt. = utterances; TTS = text-to-speech synthesized audio).

Corpus Year Intent/ Command # Spk. (Gender) Age  #Utt. Hours Language Smart Home Emergency
CEMO (Corpus 2) [6] 2005 Emergency 410 (256F; 154M) — - 20 French - v
HIS [7] 2010 Emergency 15 (6F; 9M) 24-43 0.67k 0.14  French v -
CARES [8] 2013 Emergency 40 (19M; 21F) 23-91 - 53.3  Canadian English - v
HIS-Distress Call [9] 2013 20 Distress 10 (7M; 3F) ~37.2 450 - French - v
SWEET-HOME [10] 2014 Command+Emergency 71 (Unknown) 19-91 9.2k 33 French v v
ITAAL [11] 2015 Commands+Distress 20 (10F; 10M) - 24k 1.1 Italian v v
Speech Commands [12] 2018 30 keywords 1,881 (Unknown) - 64.7k 18 English - -
FSC [13] 2019 31 intents 97 (49F; 48M) - 30k 19 English v -
VocADom@A4H [14] 2019 7 intents 11 (Unknown) <28 26k 12 French v -
SLURP [15] 2020 46 actions (18 scenes) 177 (Unknown) - T2k 58 English v -
SNIPS (synthesized) [16] 2020 7 intents TTS (Unknown) — 14k - English v -
EMSAssist [17] 2023 46 EMS protocols 6 (1F; 5 M) - 1.7k - English - v
VN-SLU [18] 2024 28 intents 240 (Unknown) - 17k 20 Vietnamese v -
MDSC [19] 2024 10 wake words + others 46 (15F; 31M) 18-48 18.6k 17 Mandarin v -
TaigiSpeech (ours) 2026 8 intents 21 (13F; 8M) 54-78 3,079 6.1 Taiwanese Hokkien v v

With rapid population ageing, an increasing proportion of
older adults live alone [20, 21, 22]. In such circumstances, im-
mediate access to physical devices, such as phones, may not
always be feasible, particularly during sudden medical events
[23, 24]. Smart home services and voice-enabled systems,
therefore, play a critical role in enabling timely access to med-
ical assistance and community support [25]. For instance,
falls are among the most serious health risks faced by older
adults [26, 27], with consequences that are especially severe
for those living alone. A critical outcome is the so-called long
lie [28], a prolonged period of immobility after a fall when an
individual cannot summon help, which is associated with se-
rious medical complications and increased mortality. Beyond
falls, other emergency conditions, such as breathing distress or
acute pain, as well as daily functional needs, e.g., controlling
lighting or household devices, likewise require reliable hands-
free communication/systems [29, 30]. These real-world sce-
narios underscore the need for robust spoken intent recognition
systems to create a safer and more supportive living environ-
ment for elderly individuals [31, 32, 33, 34].

However, existing intent recognition datasets predomi-
nantly focus on high-resource languages [35] such as En-
glish [13], Mandarin [36], and French [14], leaving low-
resource languages like Taiwanese Hokkien largely unexplored.
Moreover, due to limited linguistic resources, reliable automatic
speech recognition (ASR) systems are often unavailable. The
lack of domain-specific datasets further constrains the develop-
ment of practical spoken language understanding (SLU) sys-
tems for elderly Taiwanese speakers. To address this gap, we
introduce a real-world spoken intent dataset collected from el-
derly Taiwanese speakers. We recruit participants to record nat-
ural speech across diverse healthcare and home-assistant sce-
narios. The dataset comprises 8 intent categories, including 4
emergency and 4 non-emergency functional intents, forming
a pivot Taiwanese Hokkien dataset for healthcare and home-
assistant spoken intent recognition.

Furthermore, to address the scarcity of labeled training
data, we explore two practical strategies to mine potential intent
segments from in-the-wild video sources: (1) Keyword Match
Mining, which leverages subtitles in a high-resource pivot lan-
guage (Mandarin), and (2) Audio-Visual Mining, which utilizes
multimodal representations to discover relevant segments with-
out textual supervision. Together, these approaches provide
scalable ways to collect training data and support the develop-

ment of elderly-oriented intent recognition systems.

To assess the effectiveness of the constructed dataset, we
evaluate several baseline models, including lightweight neural
networks and self-supervised learning (SSL) speech models for
spoken intent recognition. Experimental results show a substan-
tial performance degradation when models trained on mined in-
the-wild data are evaluated on real-world elderly recordings,
indicating a significant domain mismatch. This finding high-
lights the challenges of real-world deployment and underscores
the necessity of TaigiSpeech as a realistic benchmark for low-
resource SLU. Our contributions are summarized as follows:

» TaigiSpeech Dataset. We introduce TaigiSpeech, a real-
world spoken intent dataset collected from elderly Taiwanese
Hokkien speakers in healthcare and home-assistant scenar-
ios. The dataset comprises 8 intent categories (4 emergency
and 4 functional intents), covering 21 speakers and over
3,000 utterances. It addresses a critical gap in low-resource
spoken language understanding for elderly-oriented applica-
tions. The dataset will be publicly released under a CC BY
4.0 license to facilitate future research.

* Exploration of Data Mining Strategies. We investigate
practical strategies for mining training data from in-the-wild
sources, utilizing both cross-lingual keyword matching and
audio-visual cues to address the lack of labeled data in low-
resource languages.

* Realistic Benchmark and Empirical Insights. Through ex-
tensive experiments with lightweight and SSL speech mod-
els, we observe a substantial performance degradation when
models trained on mined in-the-wild data are evaluated on
real-world elderly recordings, indicating a significant domain
mismatch. This finding highlights the challenges of real-
world deployment and underscores the necessity of realistic
evaluation benchmarks for low-resource spoken intent recog-
nition.

2. Related Works
2.1. Spoken Language Understanding

Spoken language understanding (SLU) aims to extract semantic
meaning from speech signals and serves as a core component
in voice assistants and spoken dialogue systems [43]. A cen-
tral subtask in SLU is intent recognition, which identifies the
user’s underlying intention from spoken utterances and triggers



Table 3: Overview of Taiwanese Hokkien speech corpora across recording conditions and speech styles.

Corpus Recording Condition  Speech Style Target Task Hours  Speaker Type
SuiSiann [37] Studio Reading speech TTS 20 1 female

TAT [38] Studio Reading speech ASR 100 92 males, 108 females
TAT-TTS [38] Studio Reading speech TTS 40 2 males, 2 females
CommonVoice [39]*  Crowdsourced Reading speech ASR 23.67 Diverse speakers
ML-SUPERB [40]** TV production Scripted dialogue ASR 1.5 Professional Actors
TG-ASR [41] TV production Scripted dialogue ASR 30 Professional Actors
TaigiSpeech Quiet rooms Scenario-driven Expressive  Intent Recognition 6.1 Elderly speakers

"_E CommonVoice refers to the Mozilla Common Voice 24.0 Taiwanese (Minnan) subset.
" Taiwanese Hokkien subset [42] in Multilingual SUPERB (ML-SUPERB)

downstream functionality, such as information retrieval, content
delivery, and device control.

Early SLU benchmarks such as ATIS [44] established a
narrow-domain benchmark for task-oriented query understand-
ing, while the Speech Commands [12] dataset later provided a
widely adopted benchmark for limited-vocabulary spoken com-
mand recognition in a keyword-spotting style setting. Sub-
sequent datasets moved closer to practical assistant scenar-
ios. Fluent Speech Commands (FSC) [13] became a standard
dataset for end-to-end spoken intent recognition in smart-home
settings. SLURP [15] further expanded the scale and seman-
tic diversity of English SLU by covering multi-domain home-
assistant scenarios, while SLUE [45] promoted more systematic
evaluation on natural speech and pretrained speech representa-
tions. In Table 2, we survey representative SLU datasets for
smart home and emergency detection scenarios.

On the modeling side, conventional approaches adopt a cas-
cade pipeline that first performs ASR and then applies text-
based natural language understanding (NLU) [13]. Although
effective in high-resource settings, such pipelines are sensitive
to transcription errors and depend heavily on the availability of
reliable ASR systems. This limitation motivated the develop-
ment of end-to-end SLU methods that predict semantic meaning
and intent directly from speech signals without an intermedi-
ate text representation. More recently, SSL speech models [46]
such as HUBERT [47] and WavLM [48] have provided infor-
mative speech representations for downstream SLU fine-tuning
and can deliver strong performances [49]. Nevertheless, most
existing datasets and methods remain centered on high-resource
languages. Real-world benchmarks for elderly speakers, emer-
gency scenarios, and low-resource unwritten languages remain
scarce, which motivates the proposed TaigiSpeech dataset.

2.2. Command/Smart-home Emergency Scenario Corpora

The deployment of voice assistants in ambient assisted living
(AAL) environments has driven the creation of specialized cor-
pora focusing on distress calls and emergency triage. Unlike
general smart home/command datasets [12] that primarily cap-
ture routine domestic commands (e.g., turning on lights), emer-
gency corpora may capture the unique acoustic characteristics
of high-stress situations.

An early and fundamental effort in this domain is the HIS
(Health Smart Home) corpus [7] and its targeted distress call
subset [9]. Recorded in a fully equipped smart home labora-
tory in France, this dataset captures normal daily interactions
alongside 20 specific distress phrases (e.g., calling for help)
uttered by participants. While highly valuable for evaluating
keyword spotting and emergency detection in noisy, reverber-
ant home environments, the dataset primarily features younger
adults (ages 22-61) and focuses on isolated distress phrases

rather than complex conversational interactions.

Moving beyond isolated keyword spotting toward conversa-
tional triage, the CARES (Canadian Adult Regular and Emer-
gency Speech) corpus [8] was developed specifically to train
automatic speech recognition interfaces for personal emergency
response systems (PERS). It features simulated emergency dia-
logues, isolated phrases, and spontaneous speech from 40 adult
actors. Crucially, the CARES corpus emphasizes the voices
of older adults (ages 23-91), providing essential insights into
how aging and simulated physiological stress (e.g., shortness of
breath, pain) affect speech recognition performance.

Despite these significant contributions, as shown in Table 2,
existing emergency corpora exhibit critical limitations. For ex-
ample, most focus on high-resource languages (French and En-
glish) and few target the elders. To address these limitations,
our proposed TaigiSpeech dataset bridges this gap by combin-
ing smart home automation commands with emergency distress
scenarios, specifically targeting elderly speakers (ages 54-78)
in a low-resource linguistic setting.

2.3. Taiwanese Hokkien Speech Corpus

Hokkien is a major branch of Southern Min (Min-nan) Chinese
originating from Fujian, China, with over 45 million speakers
worldwide, primarily in Southeast Asia (Singapore, Malaysia,
Indonesia, and the Philippines), southern China, and Taiwan.
In Taiwan, writing schemes such as Taiwanese Romanization
(Tai-lo), Peh-oe-ji (POJ), and other orthographic conventions
exist; however, they are not yet universally adopted, making the
collection of large-scale annotated speech corpora challenging.

In recent years, efforts have been made to develop
Taiwanese Hokkien speech corpora through both controlled
recordings and web-crawled resources. Table 3 summarizes
representative datasets in the speech processing domain. As
shown in the table, most existing corpora rely on read speech
(e.g., TAT [38], CommonVoice [39]) or scripted dialogues (e.g.,
ML-SUPERB [40]) designed for TTS or ASR tasks. Some
datasets are sourced from television dramas [42, 41]; however,
they often contain background music and post-production ef-
fects, as they are originally produced for TV broadcasting.

While valuable for general speech recognition, these
datasets lack the natural, scenario-driven expressiveness re-
quired for intent recognition in emergency and assistance con-
texts. TaigiSpeech is the first Taiwanese Hokkien dataset specif-
ically designed for spoken intent recognition in, with a focus on
elderly speakers. Collecting speech from elderly speakers is
particularly valuable, as Taiwanese Hokkien is often the only
fluent language spoken by many older individuals.

It is worth noting that several speech foundation models
have been proposed in recent years. Although not specifically
trained for Taiwanese Hokkien, models such as Whisper [50]



and Qwen3-ASR [51] have demonstrated the ability to recog-
nize Hokkien and other Min-nan varieties to some extent. We
therefore include these models, cascaded with LLM, as baseline
systems in our experiments.

3. TaigiSpeech

In this section, we describe the data collection procedure, partic-
ipant recruitment process, scenario design, and basic statistics
of the TaigiSpeech dataset

3.1. Participant Registration and Recording Interface

FRER:1/849

(Progress 1/ 8 Sentences)

> 0:07/008

WRAERERN  TRRE

(Imagine this is happening to you. What would you say in Taiwanese?)
EREBE
(Slipping and falling in the bathroom)

BEEG (TR
(Reference sentence (Mandarin))
05 | FRET > EARER
(“Oh no! | fell down and can't get up.”)

8 (HrEE)
(Taiwanese Hokkien)
VP BT 1R 1) M

(Click the button below or [press 1] to start recording.)

BULIE
(Record Taiwanese)

LA % <]

(Previous [Press «])

. J

Figure 2: Recording app interface. The English translations
are shown for illustrative purposes in this paper. All recordings
were conducted under the researcher’s supervision to assist el-
derly participants.

We designed and developed a web-based recording applica-
tion (Figure 2) that can be accessed on mobile phones, laptops,
desktops, and tablets, using either built-in or external micro-
phones (shown in Supplementary A.1). The application sup-
ports participant registration, speech recording, playback, and
submission.

Participants first register their personal information, includ-
ing (1) age (2) gender (3) education level (4) native language,
(5) Taiwanese Hokkien fluency, and (6) hometown'. Partici-
pants are allowed to select their preferred session duration (e.g.,
30, 60, or 120 minutes, corresponding to 5, 10, or 20 utter-
ances per intent) to reduce tiredness. The interface enables re-
playing, re-recording, reordering, and undoing recordings via
mouse, touch, or keyboard input. We observed that providing
multiple input options was essential, particularly for elderly par-
ticipants who may be less familiar with certain devices, such as

IGeographic background influences accent variation. Collecting
hometown information helps ensure accent diversity and supports fu-
ture phonetic and sociolinguistic studies.

Table 4: Intent-level statistics of the TaigiSpeech dataset.

Intent Count Duration (s) Std. (s) Total (min)
1. SOS_.CALL 387 7.78 3.28 50.16
2. FALL_HELP 385 7.77 3.73 49.88
3. BREATH_EMERG 385 8.22 3.30 52.71
4. PAIN_.GENERAL 385 7.91 3.73 50.79
5. CALL_CONTACT 385 7.04 5.30 45.16
6. LIGHT_ON 384 5.95 2.81 38.08
7. LIGHT_-OFF 384 5.67 2.35 36.28
8. CANCEL_ALERT 384 6.85 3.17 43.85
Overall 3,079 7.15 3.66 366.91
N = 21 speakers | Mean age =67.9yrs | 13 o' 8

mFemale mMale

N oW A~ O

# Speakers

50—54 55—59 60—64 65—69 70—74 75—-79
Age Group (years)

Figure 3: Age distribution of speakers in the TaigiSpeech cor-
pus. Our study focuses on elderly participants.

---- Mean = 32.7 dB

20 30 40 50
Ambient Noise Level (dB)

Figure 4: The distribution of ambient noise level (dB).

a mouse or touchscreen.

3.2. Scenario Design

TaigiSpeech targets 8 intents, covering both emergency and
non-emergency functional speech commands. The selected in-
tents are based on key priorities in geriatric care and common
home assistance needs for aging in place.

We identified four critical emergency categories based on
eldercare literature and public health statistics: Fall, Pain,
Breathing, and Help. Falls are the leading cause of injury and
accidental death among older adults [26], making their detec-
tion a primary safety requirement. Similarly, symptoms such as
acute chest pain and shortness of breath are frequent indicators
of medical emergencies requiring immediate intervention [52].
The generic Help intent was included to capture diverse distress
situations not covered by specific medical descriptions.

Complementing these are four non-emergency functional
intents: Light on, Light off, Call contact, and Cancel alert.
These were selected to assist with instrumental activities of
daily living, as voice control significantly reduces the physical
strain of environmental management for mobility-impaired in-
dividuals. This balanced design (4 emergency vs. 4 functional)



Table 5: Examples of scenario prompts and corresponding elicited spoken utterances in the TaigiSpeech recording protocol. The
utterances shown here are English translations of the original Taiwanese Hokkien speech.

Intent Scenario Prompt (Imagined Context) Example Spoken Utterance (English Translation)
Emergency Intents

1.SOS_CALL You are at home and notice smoke and flames spreading. “Ahh! Fire! It’s on fire! Help!”

2 .FALL_HELP You slipped in the bathroom and cannot stand up. “Ah! I fell down... I can’t get up. Please help me!”

3.BREATH.EMERG You suddenly feel chest tightness and difficulty breathing. “Ah... my chest feels tight. I can’t breathe well...”

4 .PAIN_GENERAL You suddenly feel severe stomach pain and cannot move. “Ahh... my stomach... it hurts so much. I can’t move...”

Non-emergency Functional Intents

5.CALL_CONTACT You feel unwell and want to call your daughter.
6.LIGHT-ON You wake up at night and need more light to walk safely.
7.LIGHT_OFF You are going to sleep and want to turn off the lights.

8 .CANCEL_ALERT You accidentally triggered an alert and want to cancel it.

“Call my daughter... ask her to come home.”
“Turn on the bedroom light.”

“Turn off the lights.”

“No, no! Cancel it. This was a mistake.”

enables the evaluation of a system’s ability to distinguish criti-
cal distress signals from routine commands, a vital feature for
reliable home assistant systems.

To elicit natural speech, we design imagined scenarios that
allow participants to situate themselves using Google Gemini
Pro 2.5 [53] (details, e.g. prompts, are in Supplementary A.2).
For example, a prompt may describe a situation such as: “Imag-
ine you have fallen down the stairs and cannot get up.” Partic-
ipants are encouraged to respond freely rather than read fixed
scripts to increase linguistic diversity and better reflect real-
world usage. Each intent contains 20 distinct scenarios, result-
ing in 160 prompts (20 x 8) per full recording session. Ex-
amples of the imagined scenario, instruction prompt, and the
participant’s produced utterance are shown in Table 5.

To further enhance realism and immersion, we provide
silent video stimuli generated using Google Veo 3 [54] (de-
tails, e.g. prompts, are in Supplementary A.3). These 10-
second videos are designed to help participants better envision
the scenario if needed. Importantly, participants are explic-
itly instructed that viewing these video clips was optional, and
they are not required to follow the video. It serves only as a
supportive context. Participants were free to respond in their
own words, ensuring that the collected utterances reflect spon-
taneous and natural speech. Consequently, the resulting data in-
cludes not only direct commands but also fragmented sentences,
repetitions, and urgent vocalizations typical of genuine distress.

3.3. Recording

The recording process was conducted in strict accordance with
protocols approved by the Institutional Review Board (IRB).
All recordings were obtained in accordance with ethical guide-
lines to ensure participant privacy and data protection. During
each recording session, at least one trained moderator from the
research team was present to introduce the project, explain the
procedures, and demonstrate how to use the recording interface.

To ensure the quality and consistency of the collected
speech data, the recording interface implemented a pre-
recording signal quality control protocol. Before each recording
commenced, the system initiated a one-second silent period to
measure the Ambient Noise Level. The system repeatedly sam-
pled the average frequency-domain energy, calculating a final
mean value to represent the background noise. This unitless in-
dicator was logged as metadata for each audio file, providing
an objective metric for assessing the recording environment’s
quietness and enabling data filtering for subsequent analysis.

3.4. Statistics

In total, we collected data from 21 elderly speakers, including
13 females and 8 males. Most speakers completed 160 utter-
ances, while a small number of participants did not reach the
full quota. On average, each speaker contributed 146.6 utter-
ances. The average duration per utterance is 7.15 seconds, re-
sulting in a total of approximately 6.3 hours of recorded speech,
comprising 3,079 utterances overall. All audios are recorded in
mono channel with 48k Hz. The per-intent statistics are pro-
vided in Table 4. The age distribution of the participants is
shown in Figure 3 and the noise level distribution is presented
in Figure 4.

4. Data Mining in-the-wild

For many low-resource and unwritten languages, reliable ASR
systems are often unavailable. Also, in most cases, speech
data primarily exist in web-based sources (e.g., online videos),
where recordings are noisy and loosely structured. These con-
straints make large-scale supervised data collection impracti-
cal, motivating the development of scalable data mining meth-
ods. The data mining goal is to automatically discover suitable
speech segments for downstream intent recognition in the target
language (e.g., Taiwanese Hokkien in this paper) from a large
source pool.

Inspired by [55, 56], we adopt the Taiwanese Drama dataset
as a large-scale source pool for mining candidate speech seg-
ments. We select this source because its conversational style
and emotional expressiveness more closely align with target
smart-home and emergency scenarios than other available cor-
pora. Furthermore, the videos are accompanied by Mandarin
subtitles, which provide a practical pivot language and facilitate
the design of our mining pipeline. The dataset contains about
7,000 hours of videos. Specifically, we explore two strategies:
(1) Keyword Match Mining, a stronger supervised approach
that leverages Mandarin subtitles and LLM pseudo-labeling
filtering; and (2) Audio-Visual Mining, a weakly supervised
approach that relies on pre-trained multimodal representations
with weakly textual supervision.

4.1. Keyword Match Data Mining

Inspired by [56], we adopt Mandarin as an intermediate lan-
guage for data mining. Although Taiwanese Hokkien does not
have a widely adopted written form, Mandarin translations are
usually available in the drama subtitles.

As shown on Figure 5 (Left), for each intent ¢ € Z, we
manually construct a set of intent-specific keywords K; =
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Figure 5: Overview of the explored data mining methods. Left: Keyword Match Data Mining. Right: Audio-Visual Data Mining

{k1, k2, ..., km}. The initial set of keywords is constructed by
native speakers proficient in both Taiwanese Hokkien and Man-
darin. It is subsequently expanded to incorporate synonyms,
commonly used verbal expressions, and context-dependent
variations, thereby maximizing lexical coverage. For exam-
ple, for the SOS_CALL intent, representative Mandarin key-
words include “help”, “call the ambulance”, and “I need a
doctor”. We first retrieve subtitle sentences that contain at least
one keyword from /C;. For each retrieved sentence s;, we fur-
ther include its surrounding context (the preceding and follow-
ing five sentences) to form a context window. An LLM is then
employed to perform pseudo-labeling, determining whether the
contextualized segment semantically corresponds to the target
intent ¢. If labeled as positive, the corresponding speech seg-
ment aligned with s, is extracted.

The statistics of the pseudo-labeled dataset are shown in
Table 6. In practice, we use at least 10 keywords per intent for
keyword-based mining. In addition, we incorporate approxi-
mately 100 daily-life keywords (e.g., “good morning”, “go to
bed” in Mandarin) to collect diverse non-intent samples, which
are grouped into the OTHERS category. It is worth noting that
although the drama dataset contains approximately 7,000 hours
of video, the mined data remain sparse for certain intents. This
observation highlights the importance of constructing TaigiS-
peech in order to build a robust intent recognition system for
Taiwanese Hokkien in home healthcare scenarios.

Keyword Match Mining relies on subtitle translations and
the LLM’s capability in the intermediate language. Although
effective, it may not be applicable to unwritten languages with-
out parallel text. To overcome this limitation, we explore an
alternative audio-visual mining strategy that does not require
paired textual data and operates under substantially weaker su-
pervision.

4.2. Audio-Visual Data Mining

While text-aligned corpora are scarce, large amounts of audio-
visual content are readily available from online videos and daily
recordings. Acoustic signals convey paralinguistic information
(e.g., emotion, urgency, prosody) that is not tied to a specific
written form, and visual context provides complementary se-
mantic grounding independent of language. Recent contrastive
multimodal encoders [58] enable cross-modal alignment in a
shared embedding space without requiring explicit transcrip-
tion. We therefore explore an audio-visual mining framework

Table 6: Statistics (number of sentences) of LLM pseudo label-
ing in the Keyword Match Mining method.

Intent Total (#) True (#) False (#)
1.SOS_CALL 4114 2801 1313
2.FALL_HELP 3017 165 2852
3.BREATH_EMERG 614 121 493
4 PAIN.GENERAL 5729 3054 2675
5.CALL_.CONTACT 5228 2203 3025
6.LIGHT_OFF 140 85 55
7.LIGHT_-ON 157 33 124
8.CANCEL_ALERT 946 55 891
OTHERS 7987 7987 0

based on a pretrained cross-modal retrieval model.

Let D = {v;}}_, denote a pool of N unlabeled video clips
collected from available sources. Each clip v; consists of syn-
chronized audio and visual streams, written as v; = (aj, z;),
where a; is the audio signal and x; the visual frames. Let
T = {t;}2X, denote a set of intent descriptions written in
a source language L, typically a high-resource language on
which the multimodal encoder is pretrained. Our goal is to re-
trieve speech segments in a low-resource target language L, that
correspond to each intent ¢;, without requiring paired annota-
tions in L.

4.2.1. Multimodal Retrieval

We adopt a pretrained cross-modal encoder, PE-AV [58], com-
posed of an audio-visual encoder fu(-) and a text encoder
fiext(+), mapping inputs into a shared d-dimensional embedding
space. For each video clip v;, we compute z; = fu,(v;) € R,
and for each intent description ¢;, we compute q; = fiex(t:) €
R?. We then measure the multimodal similarity score using co-
sine similarity.

We then retrieve the top-M clips according to the similar-
ity scores. The retrieved set is treated as pseudo-labeled data
for intent ¢; in the target language L.. This formulation enables
weakly supervised cross-lingual data mining: although intents
are defined in L, the shared embedding space allows retrieval
of aligned speech in L; without transcription or manual label-
ing.

In this work we found that under the audio-visual mining
setting, obtaining fine-grained emergency labels (e.g., distin-
guishing breath-related emergencies from fall events) remains
challenging, possibly due to the cross-lingual setting and weak



Table 7: Accuracy (%) comparison on the Drama and TaigiSpeech datasets (Taigi) under two data mining strategies. C=5: a 5-class setting (4 emergency
intents plus a NON-EMERGENCY category). C=2: binary classification (EMERGENCY vs. NON-EMERGENCY). C=8: the original 8-intent setting in
TaigiSpeech. Taigi-adapt means models trained on the mined data are further fine-tune on the training set of TaigiSpeech. Scratch: Models trained from
scratch without pre-trained on mined data. For the Drama test set, the ground-truth labels are obtained via LLM pseudo-labeling, thus evaluating the

consistency with the LLM-generated labels.

Scenario Keyword Match Mining Audio-Visual Mining Scratch
Model #Params Drama (C=5) Taigi (C=5) Taigi-adapt (C=8) Drama (C=2) Taigi (C=2) Taigi-adapt (C=8) Taigi (C=8)
MatchboxNet-S 69k 60.11+251 45.83 1797 28.02+5.68 71.99+230 51.88+667 27294573 23.65+59
MatchboxNet-M 85k 64.99 1244 48.02+755 33.33 4620 7412123 52714724 2594 156 19.17 £464
MatchboxNet-L 119k 63.86+251 43.44 1554 29.38+6s2 72.70+233 53.75+766 24.79 +568 23.65+547
HuBERT-base 94M 89.60+1.56 67.921703 90.10+385 79.49 1205 54.58 544 86.77+443 84.691521
HuBERT-large 315M 90.59+149 69.48+6. 84.06+479 78.93+205 53.75+797 77.60+s.0s 78.65+573
WavLM-base 94M 87.77+173 71.25x661 88.9614.64 78.50x212 54.79 +s.65 89.06+5.10 88.54 1458
WavLM-base-plus  94M 89.67+1.5 73.23 1604 90.21 412 80.55+202 54.69+s54 87.194453 86.98 1500
WavLM-large 315M 92.36+1.38 70.00+693 83.96+4.95 81.751205 52.50+755 64.38+661 77.08+5.57

Confidence intervals are computed using the bootstrapping method [57].

Table 8: Data statistics under different mining strategies and
Taigi adaptation setting.

Keyword Mining AV Mining

# Target Classes 5 2
Train 11.3k 3.6k
Val 1.4k 400
Test (Drama) 1.4k

Test (Taigi) 960

Taigi-adapt (Independent-speaker Split)

Train 1600 (4 male, 6 female)

Val 119 (1 male, 4 female)

Test 960 (3 male, 3 female)

supervision. We instead aggregate the similarity scores of the
four emergency intents and rank videos based on their summed
scores to retrieve coarse-grained emergency clips. In the pre-
liminary study, we found the pseudo-labels with this setting are
consistent with that of LLM labeling.

5. Experiments
5.1. Experimental Setup

For pseudo-labeling in the Keyword Mining approach, we em-
ploy Gemini-3 to generate intermediate annotations. For audio-
visual data mining, we adopt the PE-AV large [58] to ex-
tract multimodal representations and identify candidate seg-
ments without relying on paired textual supervision. Note that
the PE-AV model is mainly trained on English videos and text
and not trained on the low-resource Taiwanese Hokkien data.
Due to computational constraints, rather than directly utiliz-
ing the full 7,000 hours of the drama dataset, we conduct a
smaller-scale exploration using a dataset derived from keyword-
matched queries to ensure that the video clips contain speech.
This data pool contains unlabeled, mixed emergency and non-
emergency (other) segments, totaling about 28k video clips.
Future work will focus on improving computational efficiency
and conducting more comprehensive large-scale experiments.
We select top 2,000 as emergency data and last 2,000 as non-
emergency data.

For baseline models, we include both lightweight mod-
els (MatchboxNet [59]) and self-supervised learning (SSL)
speech models (HuBERT [47] and WavLM [48] variants), cov-
ering resource-efficient models as well as large-scale pretrained
paradigms. To construct a balanced evaluation benchmark, we

select 6 speakers from TaigiSpeech to form the test set. The set
consists of 3 male and 3 female speakers, with ages distributed
to maintain balance across gender and age groups. Each speaker
contributes 160 utterances, resulting in a total of 960 test sam-
ples.

Models are first trained on data mined using the two pro-
posed strategies: Keyword Match Mining and Audio-Visual
Mining. In the Keyword Match Mining setting, we focus on a
5-class classification task (four emergency intents plus a NON-
EMERGENCY category). In the Audio-Visual Mining setting,
we consider a binary classification task (Emergency vs. Non-
Emergency). Models trained on the mined data are evaluated
on the drama dataset (denoted as Drama 2) and the real-world
recording dataset TaigiSpeech (denoted as Taigi). Note that in
all scenarios, only the training data differ; the testing data re-
main the same, and the evaluation protocol depends on the class
we focus on.

To simulate a realistic low-resource domain-adaptation sce-
nario and examine domain-mismatch effects, we further fine-
tune the models pretrained in the previous stage using TaigiS-
peech data of 10 speakers (totaling 1,600 utterances). The
adapted models are then evaluated on the Taigi test set. This
setting is denoted as Taigi-adapt. The data splits used in the
experiments can be found in Table 8.

6. Preliminary Results

The main results are presented in Table 7. We summarize the
key observations in the following sections.

6.1. Domain mismatch

A clear performance discrepancy is observed between evalua-
tions on the drama dataset and on the real-world TaigiSpeech
recordings. This trend consistently appears in both settings:
Drama (C=5) — Taigi (C=5) under the Keyword Match Min-
ing scenario, and Drama (C=2) — Taigi (C=2) under the
Audio-Visual Mining scenario. In both cases, model perfor-
mance drops substantially when transferred to the TaigiSpeech
test set. For example, under Keyword Match Mining, the top-
performing WavLM-large model drops from 92.36% on Drama
to 70.00% on TaigiSpeech, while HuBERT-base degrades from
89.60% to 67.92%.

We further observe that current audio-visual mining ap-
proaches struggle to achieve non-trivial performance under di-

2Pseudo labels obtained from Gemini-3 are treated as ground truth
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Figure 6: Confusion matrix of SSL speech models under the
Taigi-adapt setting in the Keyword Match Mining scenario.

rect domain transfer (Taigi (C=2)), yielding near-random bi-
nary classification accuracies across all models. Interestingly,
we observed that although the retrieved samples exhibit high
consistency with the LLM pseudo labels in the keyword min-
ing stage, and can achieve approximately 70-80% accuracy in
drama dataset, this capability does not translate into Taigi.

We hypothesize that under the simplified two-class setting,
the model may fail to learn robust semantic meaning, instead
relying on superficial patterns that do not generalize across do-
mains. Combined with the substantial domain mismatch be-
tween drama speech and elderly Taigi recordings, this leads
to near-random performance. Future work may involve fine-
tuning the multimodal encoder, exploring alternative training
objectives, and evaluating the approach under different class
configurations and larger-scale datasets to better understand and
improve its generalization ability.

However, under the Taigi-adapt setting, where a small
amount of in-domain labeled data is available, performance
can be substantially recovered. For instance, HuBERT-base
and WavLM-base-plus achieve 90.10% and 90.21% accuracy,
respectively, under the 8-class Taigi-adapt setting with Key-
word Match Mining. Overall, models pre-trained with Key-
word Match Mining demonstrate stronger adaptation and per-
form better in Taigi-adapt compared to Audio-Visual Mining.

Although large-scale unlabeled corpora from drama sources
can be effectively leveraged for data mining and pre-training,
the significant degradation of real-world elderly recordings re-
veals the limitation of relying solely on in-the-wild mined data.
This finding underscores the importance of TaigiSpeech as a re-
alistic benchmark for evaluating and advancing practical spoken
intent recognition systems in Taiwanese Hokkien.

6.2. Model Efficiency

A substantial performance gap is observed when comparing
lightweight models (e.g., MatchboxNet) with SSL pre-trained
models. This gap highlights a critical deployment challenge in
smart home and healthcare scenarios, where edge devices often

Table 9: Comparison between Cascade ASR+LLM and End-to-
End Speech Classification Systems on Taiwanese.

Model # Params Accuracy (%)

Cascade System (ASR + Qwen3-8B)

Whisper base 74M + 8B 15.00
Whisper small 244M + 8B 15.83
Whisper medium 769M + 8B 42.92
Whisper large-v3 1.55B + 8B 34.38
Qwen3-ASR 0.6B 0.6B + 8B 63.65
Qwen3-ASR 1.7B 1.7B + 8B 74.48

End-to-End Speech Classification

HuBERT Base 94M 90.10
WavLM Base 94M 88.96
WavLM Base plus 94M 90.21

face strict computational constraints and privacy considerations.
In such settings, large-scale models may not be deployable lo-
cally, and transmitting sensitive speech data to cloud servers is
often undesirable or infeasible.

These findings reveal a practical trade-off between model
capacity and deployability. Future work will therefore focus
on developing more computationally efficient yet competitive
architectures, improved training strategies, and more effective
data mining approaches to better balance performance and real-
world usability.

6.3. Intent Classification Confusion Matrix

Figure 6 presents the confusion matrices of four SSL-based
models after continual fine-tuning. Among the four emer-
gency intents, we observe cross-class confusion, as these intents
might share similar acoustic characteristics and overlapping vo-
cabulary in spoken Taiwanese. Among the functional intents,
LIGHT_ON and LIGHT_OFF are the most commonly confused
pair, as their spoken commands differ by only a single word.
Since the test set is balanced with 160 samples per class, accu-
racy and macro F1 are closely aligned across all models.

6.4. Foundation ASR+LLM cascaded methods

Recent studies have shown that large-scale foundation ASR
models trained on extensive web data can transcribe or translate
Southern Min (Taiwanese Hokkien) to a certain extent. Repre-
sentative examples include Whisper [50] and Qwen3-ASR [51].
We therefore evaluate a cascaded approach for intent recogni-
tion based on these foundation models. Specifically, we first use
the ASR model to transcribe TaigiSpeech recordings into text,
and then employ a LLM, Qwen3 8B [60], to infer the corre-
sponding intent label from the transcription.

Experimental results indicate that this cascaded ASR+LLM
approach achieves reasonable performance. However, it still re-
quires substantially larger model parameters and computational
resources, and its performance remains inferior to end-to-end
speech classification models such as HuBERT and WavLM.
Note that we do not fine-tune the foundation ASR models and
the LLM, which remains our future work.

7. Conclusion and Future Work

In this work, we introduce TaigiSpeech, a Taiwanese Hokkien
spoken intent dataset designed for elderly users in home-
assistant and healthcare scenarios. The dataset com-
prises 8 intent categories, including four emergency intents



(SOS_CALL, BREATH_EMERGENCY, FALL_HELP, and
PAIN_GENERAL) and four non-emergency functional intents
(CALL_CONTACT, LIGHT_ON, LIGHT_OFF, and CAN-
CEL_ALERT). It contains recordings from 21 elderly speak-
ers, totaling more than 3,000 utterances. The dataset will be
publicly released under the CC BY 4.0 license. In addition,
we explore two data mining strategies to collect training data
for baseline models. Experimental results reveal a clear per-
formance gap, indicating a severe domain mismatch between
mined in-the-wild data and real-world elderly speech. T his
finding underscores the necessity of TaigiSpeech as a realis-
tic benchmark for building practical Taiwanese Hokkien home-
assistant systems.

In future work, we plan to investigate more efficient and ro-
bust data mining strategies and to explore lightweight yet effec-
tive speech classification models suitable for real-world deploy-
ment. We have been expanding the dataset to include a broader
range of speakers, extending beyond elderly participants in Tai-
wan to include Hokkien (Min-Nan) speakers worldwide. We
hope this work will contribute to the development of inclusive
spoken language technologies for low-resource languages.
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A. Supplementary Materials
A.1. Recording Environment

The recording environment is illustrated by two photographs:
one showing the microphone and the other depicting the record-
ing process. At least one researcher was on-site to monitor and
control recording quality during every recording session.

(b) Recording process.

Figure 7: Illustration of the recording environment.

A.2. Text Prompt Generation

We used the prompt from Google Gemini Pro 2.5 to generate
the initial batch of instructions and scenarios. Subsequently,
three researchers selected and refined the final 160 sentences.
The content prompt used for this task is detailed below:

Task: Generate a JSON object including 20 entries per
intent for a Taiwanese spoken language understanding
scenario, including intent, description, imagined sce-
nario, and spoken content. Your task is to create a
realistic, scenario-based spoken language request from
the perspective of someone in need, focusing on emer-
gency or assistance situations. Note that situations are

in-house for smart-home design. Use the provided cat-
egories and examples to guide your imagination of the
situation and the corresponding vocal expression.
Select Intent includes:

. SOS_CALL (k0

. FALL_HELP (BkfH]/REAR)

. BREATHING.CHEST_EMERG ("% FgFs)

. PAIN_GENERAL (— /)

. CALL_CONTACT (] &##)

. LIGHT_ON (F#&)

. LIGHT-OFF (B1%%)

. CANCEL_ALERT (fRFRE )

Steps:

[o N e N I R

1. Select Intent: Choose the intent that best matches
the emergency or need scenario from the provided list
(e.g., SOS_.CALL, FALL_HELP).

2. Describe the Situation: Write a clear and concise
description of the situation causing the need for as-
sistance.

3. Imagine the Scenario: Utilize the categories of emo-
tions and physical states to elaborate on the imagined
emotional or physical scenario.

4. Simulate Spoken Content: Imagine what the per-
son might urgently say aloud to express their need
for help accurately and realistically.

5. Assemble JSON Output: Combine all information
into the specified JSON format.

Output Format & Examples:

Output the information as a JSON
object with the following fields,

20 entries per intent (160 in total):
— intent: The selected intent
indicating the type of situation.

— description: A brief description
of the situation.

— imagined.scenario: A narrative of
the scenario including emotional or
physical states.

- spoken_content: A realistic
utterance that one might say in
this scenario.

Example:
{
"index": "0001",
"intent": "SOS_CALL",
"description": "The house is on
fire (BFRKT)",
"imagined_scenario": "Facing an
immediate life threat, such as
being at a fire scene, extreme

panic/terrified (M W& 32 BI By 4 @ &
B B BREERM /SRR ",

"spoken_content": "Help! Come
save me! Help! (KA Pk ! EH AT

CERY
}

A.3. Scenario Video Generation

We utilized Google Veo 3 to generate scenario videos to help
subjects imagine and be reminded of the specific contexts. Be-
low are the prompts used for generating some of these videos,
detailed with side-by-side English and Chinese translations for
clarity:



Table 10: Scenario Video Generation Prompts (Part 1/3).

Intent & Component

English Prompt

Chinese Translation (- SCHl:E)

1. SOS_CALL (k%0

Video Description
(8 seconds)

Visual Style

Audio

An elderly Taiwanese man living alone in social housing
in Taiwan sits on the living room sofa. Suddenly, his face
turns pale, he clutches his chest tightly, and curls up his
body. He opens his mouth to gasp rapidly, his eyes full of
extreme panic. He struggles to reach out, trying to grab
the phone on the table, but lacks strength throughout his
body. Finally, his hand drops weakly, and he looks des-
perately towards the door.

Realistic, with a strong sense of tension and urgency. The
camera can shake slightly to simulate the viewer’s nervous
heartbeat, with cold color tones.

The background only has a faint television sound, quickly
covered by rapid, heavy heartbeats and high-frequency
tense string music. The sound fluctuates, creating a suffo-
cating sense of life hanging by a thread.

—{LAE B AL & (LB AR T AR TR R D
Lo mRMREEH - FEEMEIO - SRS
AR o {5 G SR i S, - IR RN T R R
Piok - FLEME T > REEEL EOFHK - B
%ﬁﬁﬁ o BRARHESIMIE T T o MM R T O

FH WA R R R B S0 R - BB AT LU EE
B EEBEEN RO - EFmEL -

HHEAGMSEERE - AR IR - TTER
OBERIE R BIRR A - BERIRA S - B
B —ARE R -

2. FALL_HELP (18] / #8A75K)

Video Description
(8 seconds)

Visual Style

Audio

An elderly Taiwanese person living alone in social hous-
ing in Taiwan, wearing loungewear, tries to sit down but
accidentally slips from the chair and falls heavily onto the
floor. She shows a pained expression, struggles to prop
herself up with both hands, and tries twice to stand up.
However, her legs are visibly weak due to lack of exer-
cise, and she eventually sits paralyzed and helpless on the
spot, her eyes full of frustration and a longing for help.

Realistic, warm home color tones. The focus is on captur-
ing the elder’s strenuous but failed attempts to stand, and
the subtle facial expression changes from pain to helpless-
ness.

Initially, quiet environmental sounds, accompanied by a
heavy thud and the sound of clothing friction upon falling.
After that, there is only the elder’s heavy breathing from
exertion and faint Taiwanese/Chinese moaning, with no
background music, highlighting her isolated and helpless
predicament.

—AEERELEEEFERFRNBRELGER
Fo BB - ANDIER T LT T A AR
b o ablig b5 R IR o L S T
BT R B AR A o (E R IRk = 58 8) B B
71 > A UGS M B M A 7E 5 o IR T T 1Rk
SLRENIEE -

HE - BREOFEEH - EREHERE YR
KEHINZITEN AR - LU b 48 o v 8 % S B RO 4 L
FIEEL -

BT LFRIES  ERREIR B IIENR
FEMARY BRI o 2 12 FUA RE RNZ 7T 3% A0
PO AN & 18 SOy - RE TR T
PSP MR A R BT -

3. BREATHING_CHEST_EMERG ("% /i f)

Video Description
(8 seconds)

Visual Style

Audio

A close-up shot of the face and upper body of an elderly
Taiwanese woman living alone in social housing in Tai-
wan. She sits quietly, then suddenly furrows her brows
and presses her palm firmly against her chest. Her shoul-
ders heave violently, her mouth opens wide, and she gasps
for air laboriously like a fish out of water. Her face flushes
red from hypoxia, and her eyes are filled with pain and
panic.

Realistic, with a sense of oppression. Uses a shallow
depth of field lens to blur the background, focusing en-
tirely on the protagonist’s pained expression and rapid
movements.

Absolutely no background music. Only amplified, sharp,
and labored gasps, along with hissing sounds from the
throat, creating an extremely uncomfortable suffocating
sensation that directly impacts the viewer’s hearing.

I BE B 5 — (L7 & 1 R B A R R
5 o iR ALE - IR - FEMN
RAEM I B - dbE R BB ZGE R - B EERAGAR K -
15 W B 7K B0 F — B B ) M R o I b TR R ST R
AL » R R AR

HHE - BAEERE - ERERREE EYRH
> A RS R AR SRR B SRS
fEL -

TEVRAERER o JAEBUN ~ RBmE N8
iy JEL BB ~ WERWRE PH] B WO AR B+ i M AR L RSB Y
ZER ERERBRREE




Table 11: Scenario Video Generation Prompts (Part 2/3).

Intent & Component

English Prompt

Chinese Translation (- SCEl:E)

4. PAIN_.GENERAL (—/%%%)

Video Description
(8 seconds)

Visual Style

Audio

An elderly Taiwanese man living alone in social housing
in Taiwan is sitting in the living room watching television.
He suddenly stops his actions, closes his eyes tightly, and
presses one hand forcefully against his temple. His facial
muscles are tense, showing that he is enduring a severe
headache. He slowly puts down his book, supports his
forehead with his other hand as well, and leans slightly
forward.

Realistic, everyday life. Soft lighting, capturing the tense
facial details of the protagonist caused by pain through a
close-up shot.

The background consists of quiet room environmental
sounds (e.g., a ticking clock). When the protagonist
feels pain, a very faint but piercing high-frequency tin-
nitus sound effect is added to simulate the feeling of a
headache, which then slowly fades.

— (ARG F TR RS EREREEE
B - MRRETEE > BEAEIR - —SFHM
HERE H O AREE X o A RRER LA B4 - BB
EERZBZIBIROET - RN TE > 5—
ST Ik (ERE - SERETIE -

B ETEL o LB - BRRRREAREA
R 0 B AR R AR B -

HEELZBNEWRREST (NREFEE) - &
F R PRI o 0N — BEAE B A RUE R H R S
IEAL > BUEFURIRRERE - RIR1BI8IHES -

5. CALL_CONTACT (1T &EE)

Video Description
(8 seconds)

Visual Style

Audio

An elderly Taiwanese woman living alone in social hous-
ing in Taiwan, wearing reading glasses, smiles as she flips
through an old photo album. She stops at a family portrait,
gently stroking the child’s face in the photo with her fin-
ger, her eyes filled with longing. Then, she looks up, turns
her gaze to the smart speaker in the room, moves her lips
slightly, and wears an expectant expression on her face.

Warm, bright, and soft, with warm yellow color tones.
Shot with soft lighting to create a warm, nostalgic family
atmosphere.

Gentle, soothing piano or guitar background music. Ac-
companied by the paper friction sound of flipping through
the photo album.

— (GBS ET RGBTSR
LR — AR B - WEE —REXERA
b TR S RS B T T RO BRE 0 IR
FEMAE A o 3 - MUAERER - % B OCE B
BEEE > WEMD - R EWENIRRIRE -

%~ s M - BRmERE - AFothE - &8
R - RERREAE -

B~ FRVEFEE R F % o HEEE BRI
MRIARREE SR -

6. LIGHT_ON (B /%)

Video Description
(8 seconds)

Visual Style

Audio

In the evening, the lighting in the room is dim. An elderly
Taiwanese person living alone in social housing in Taiwan
squints, leans forward, and struggles immensely to read
the small print on a pillbox. He tries several times but still
cannot see clearly; he shakes his head in frustration, then
looks up at the location of the ceiling light and mouths
words as if preparing to speak.

Realistic, starting from dim natural light; the visual grain-
iness can be slightly heavier to emphasize the lack of light.

Only very quiet environmental sounds. There can be the
slight friction sound of the plastic pillbox, focusing on
creating a quiet atmosphere of inconvenience caused by
dimness.

R > BREIACR SR - —HEREHLEEENE
R RAEREIREG - EATHE - EF 2R
o LR/ o R T AUWCRENEE - NS E
THEE - RIRIGEHE KRR DR AE - M
— AR O A -

FE  RERER E SRR A - T AL AT AR
BB DURFDLIRA R -

AAIEE ZEIIRET o AT LUA B8 4 B R B £l R
R R — [ S T A SRR AT




Table 12: Scenario Video Generation Prompts (Part 3/3).

Intent & Component

English Prompt

Chinese Translation (-7 3CElzE)

7. LIGHT_OFF (Bi/&)

Video Description
(8 seconds)

Visual Style

Audio

At night, an elderly Taiwanese person living alone in so-
cial housing in Taiwan is already lying comfortably in
bed, covered with a blanket. He lets out a big yawn, rubs
his eyes, and then, with tired eyes, looks up at the ceil-
ing light that is still on, showing obvious sleepiness in his
eyes.

Realistic and tranquil. The room has warm lighting, fo-
cusing on capturing the protagonist’s natural, sleepy ac-
tions like yawning and rubbing eyes.

Only faint environmental sounds or distant sounds of in-
sects chirping. The sounds of yawning and blanket fric-
tion can be heard clearly, creating a quiet pre-sleep atmo-
sphere.

HE > —UAEGELEESHAERRERECDK
EPEHINAE R b o FETARPE o MBIT T EICRAIIE
Ko BT HIRE » REHFEEEHEIR » HEFEXIL
W EABIRTEE R » BRI A BRI o

HE -~ E=EF o FHEAEREEE - SRS
TR ~ BRIRIE S5 SR R A0 B AR B 1 -

FEMSESHIRES » BOx R EAM BN o o] LUK
T 5 1 Wy B R AR W R R A B O AR Y
HIUE] -

8. CANCEL_ALERT (SRR 24)

Video Description
(8 seconds)

Visual Style

Audio

In the kitchen, the fire detector on the wall is flashing red
and emitting a continuous “beep-beep” alarm sound. An
elderly Taiwanese woman living alone in social housing in
Taiwan calmly takes a towel and fans the detector, wear-
ing a slightly helpless “not again” smile. She casually
stands on her tiptoes, presses the button on the detector,
and the alarm stops immediately.

Realistic, everyday life. The focus is on the protagonist’s
calm, accustomed reaction, which sharply contrasts with
the piercing alarm sound and flashing red light.

The first half features loud, piercing, and repetitive elec-
tronic alarm sound effects. At the exact moment the but-
ton is pressed, the alarm stops abruptly, and the world re-
turns to quiet, leaving only the normal operating sound of
the range hood and the sizzling sound of something frying
in the pan.

B - i _ERIEE AR IEPOREE AL - I 3%
Ay TR ERE o —UERELEE
TG EHEMER T EE —REM > BEH
i E o PR AR R TOORT J RERKE - i
@fﬁii&%@%ﬂ%’% » HZ N TR AT - B A
AL -

B~ IR o EEEREASE ~ H UBFRR
& - B Hp B B AN PR AV ALOLTE U S L o

AR  MH - SHNETFERTN - £
L T BRE » BB R L - i IRIE R
ﬁf;éﬂ?i‘ﬁi?Hﬂ@iﬂ%ﬁ‘]ﬁﬁﬁ%%%ﬂﬁ%@ﬁ@%ﬁ%
T -
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