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Speaker diarization (SD), the task of partitioning an audio stream into
speaker-homogenous segments, is fundamental for analyzing multi-
speaker recordings. Its application to “in-the-wild” data, such as content
from the YouTube platform, poses significant challenges, including
overlapped speech, ambient noise, and rapid speaker turns, thereby
constituting an active research area. While numerous SD datasets are
available, they predominantly focus on English and other high-resource
languages. A notable scarcity of publicly accessible datasets exists for
the Indonesian language, as extant corpora are primarily engineered for

Keywords: Automatic Speech Recognition (ASR). To address this resource deficit,
Indonesian this research introduces Maleo-Short, a new Indonesian multi-speaker
In-the-wild Speech dataset derived from YouTube. The dataset comprises 110 short
Speech Dataset conversational clips, with a total duration of 1 hours 32 minutes. A

reliable ground truth was established through a meticulous manual
annotation process using ELAN to generate precise speaker
segmentation and transcription files. To validate its utility and assess its
complexity, the dataset was evaluated using pre-trained baseline
models. The empirical results confirm its status as a challenging
benchmark, with the mosteffective models achieving a Diarization Error
Rate (DER) of 32.64% and a Word Error Rate (WER) of 33.78%. Maleo-
Short is presented as a valuable, publicly accessible resource intended
to catalyze advancements in Indonesian speaker diarization research by
facilitating the development and rigorous evaluation of SD systems on
acoustically complex and realistic conversational data. Maleo-Short is
available at https://doi.org/10.57967/hf/7944.
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1. INTRODUCTION

Speaker diarization (SD) is the task of determining “who spoke when” in multi-speaker
recordings [1]. This technology is crucial for analyzing conversations in various applications, such as
meetings and interviews, as it enables speech segmentation based on speaker identity [2]. SD has
applications in speech recognition, audio retrieval, and meeting assistance systems [1], [3]. These
systems can help overcome challenges in manual note-taking during meetings, such as missed
information due to typing speed limitations [3]. However, applying SD to real-world scenarios,
particularly “in-the-wild” sources like YouTube, presents numerous challenges [4].

Recent research highlights the challenges in speech recognition and speaker diarization,
particularly in complex acoustic environments. These challenges include overlapped speech, which can
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create ambiguity in the audio signal, diverse background noise, acoustic variations, and rapid speaker
turns, which can significantly reduce diarization accuracy [2], [5], [6], [7], [8], [9]- Studies have shown
that speaker overlap and background noise are major causes of diarization errors. Addressing multi-
speaker recordings in realistic conditions remains an active research challenge in the speech processing
community [5].

The availability of datasets is a critical prerequisite for advancing SD research. A number of
benchmark and diarization datasets have been referenced in speaker diarization research, such as [CSI
[10], CHIL [11] and AMI [12], such as meeting speech datasets. The indoor conversation corpus CHiME-
6 [13]. Audio-visual datasets, such as VoxConverse [4], AVA-AVD [8] and MSDWild [14]. Chinese
datasets, with conversation and conference scenarios such as MagicData-RAMC [15], AliMeeting [16]
and AISHELL-4 [17]. However, the majority of available resources are concentrated on the English
domain and a few other high resource languages, there is a conspicuous lack of Indonesian SD datasets,
specifically designed for speaker diarization research.

Most of the existing Indonesian datasets such as TITML-IDN [18], Indonesian Speech
Recognition Corpus (Incar), ASR-IndoCSC, Common Voice Indonesian, LibriVox Indonesia, Nexdata 359-
Hours Indonesian Speech, do contain voice recordings of speakers in Indonesian, but their main focus is
for Automatic Speech Recognition (ASR) model development. The absence of a representative SD dataset
for Indonesian, especially one that captures “in-the-wild” speech variations, is an important gap for this
research. Recent research efforts are focusing on creating new datasets, particularly for low-resource
languages. The SiTa dataset has been created for Sinhala and Tamil [19]. The recent research on dataset
creation for low-resource languages shows the urgency and relevance of developing similar resources
for Indonesian.

This paper seeks to address this critical deficit by introducing Maleo-Short, a new Indonesian
multi-speaker dataset designed explicitly for the task of speaker diarization. YouTube was selected as
the data source for its extensive collection of spontaneous, naturalistic conversational content, which
encapsulates a wide range of acoustic variability. This paper's main contribution is the dataset itself,
which was meticulously constructed, manually annotated, and evaluated with baseline models. Maleo-
Short is intended to function as a public benchmark to stimulate further research and foster the creation
of more robust and accurate SD technologies for the Indonesian language. The dataset is available at
https://huggingface.co/datasets/maleo-ai/maleo-short.

2, METHOD
The process that occurs in this research consists of several stages, including Data Collection,

Data Preparation, Annotation, Baseline Implementation and Evaluation. The flowchart of the stages in
this research can be seen in Figure 1.

Data | Data = Annotation [ Baseline > Evaluation End
Collection Preparation Implementation

Figure 1. Methodology for creating the Maleo-Short dataset, outlining the key stages from Data Collection to Evaluation

2.1. Data Collection

Data was collected from the YouTube platform, with selection criteria to ensure quality and
relevance. The selected videos should feature multi-speaker conversations in the context of predefined
topic categories, the topic categories in this study being podcast, talk show, entertainment, movie &
drama. In addition, the videos should have at least two speakers involved with a minimum duration of
20 seconds, to provide sufficient conversational context. Audio quality was an important consideration;
this research selected videos with acceptable background noise levels, subjectively determined by
human annotators to ensure the primary speakers' speech was clearly intelligible.

To provide a qualitative illustration of the acoustic challenges inherent in the dataset, Figure 2
presents a multi-panel visualization of a representative 19-second segment from the Entertainment
(ENT) category. This visualization serves to ground the subsequent quantitative analysis by showcasing
the “in-the-wild” characteristics that define Maleo-Short. The top panel displays the raw audio
waveform, while the middle panel shows the mel spectrogram, which reveals persistent, low-frequency
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ambient noise across the entire segment, even during non-speech periods. The bottom panel provides
the ground truth annotation, illustrating the complex conversational dynamics present. This timeline
highlights several phenomena known to challenge diarization systems. For instance, a clear speech
overlap occurs between SPEAKER_1 and SPEAKER_2 (approx. 1.9s to 2.5s), and multiple instances of
rapid speaker turns are visible, such as the immediate succession from SPEAKER_3 to SPEAKER_2 at the
11.177s mark. The presence of ambient noise, speaker overlap, and rapid turn-taking exemplifies the
core difficulties that state-of-the-art models face when processing unconstrained, spontaneous speech.

Visualization of Audio Segment (ENT_012.wav)
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Figure 2. Visualization of a representative audio segment from the Maleo-Short dataset. The panels display (1) waveform, (2)

mel spectrogram, and (3) ground truth annotation

In spite of these findings, this study has several limitations that provide a foundation for future
research. The current dataset size of 1 hour and 32 minutes limits its suitability for training complex
deep learning models from scratch. Acknowledging this, our primary direction for future work is a
significant expansion of the corpus. This research is actively working to increase the dataset to a target
of 10 hours, focusing on including more diverse genres and challenging scenarios with a higher degree
of speech overlap. This expansion will enhance its utility as a more comprehensive resource for both
training and robust evaluation.

The creation of the Maleo-Short dataset was guided by established ethical principles for using
publicly available data, aligning with guidelines from research bodies such as the ACM and IEEE, which
emphasize transparency and the mitigation of potential harm. All data comprises videos that were
publicly available on the YouTube platform at the time of collection, and collection methods aimed to
comply with YouTube's Terms of Service.

In line with data privacy principles, such as those found in Indonesia's Personal Data Protection
(PDP) Law, we implemented measures to protect personal data. While voice is considered biometric
data, all speaker labels in the dataset are fully anonymized (e.g.,'SPEAKER_01') and are not linked to any
personally identifiable information. The dataset is intended solely for non-commercial research
purposes to advance speaker diarization technology for the Indonesian language. Across the entire
dataset of 110 clips, there are a total of 351 unique speakers. A detailed recap of the collected datasets
is presented in Table 1.

Table 1. Statistics Of The Maleo-Short Dataset. Entries #Sample Duration And #Speaker Are Presented With Three Values
Representing The Minimum, Average, And Maximum Values

Topic #Sample TOtal(l?l;lI:; tion #Sampl(zsl))uration #Speakers  #Total Speaker
Podcast (POD) 45 41 21/55/73 2/4/5 159
Talkshow (TSH) 20 17 34/52/60 2/3/5 50
Entertainment (ENT) 15 11 34/48/60 2/4/6 53
Movie & Drama (MVD) 30 23 23/46/59 2/3/7 89
Total 110 92 21/50/88 3/2/8 351
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2.2, Data Preparation

Following the collection, each MP4 video file was processed using FFmpeg to extract the audio
stream. The audio was then converted to a standardized format to ensure consistency across the dataset,
a 16 kHz sampling rate, 16-bit depth, single-channel mono WAV file.

2.3. Annotation

Ground truth was generated through a meticulous manual annotation process using ELAN
(EUDICO Linguistic Annotator) [20]. ELAN was chosen for its precision in time-aligned annotations and
its widespread use in linguistic research. This process was fundamental to establishing the dataset's
reliability. For each audio file, two distinct layers of annotation were created:

1. Speaker Segmentation: The precise start and end timestamps of each speaker's utterance were
marked on a dedicated tier. Each segment was assigned an anonymized label (e.g., SPEAKER_1,
SPEAKER_2). To maintain consistency, specific guidelines were followed: non-speech sounds
like laughter and music were not labeled, and short, ambiguous speaker overlaps were
deliberately excluded to ensure the reliability of the ground truth.

2. Transcription: The corresponding orthographic transcription was produced for each annotated
speech segment.

The manual annotation workflow in ELAN is depicted in Figure 3. The final annotations were
exported into two standard formats, Rich Transcription Time Marked (RTTM) for diarization evaluation,
adhering to conventions established in NIST evaluations, and plain text files for ASR evaluation.

% [LAN 69 - POD_30.c0f - 8 X
Eile Edit Tier Type Search View Options Window Help
Segmentation  Controls
® Two keystrokes per annotation (non-adjacent annotations)
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One keystroke per annotation, fixed duration

1000
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Figure 3. The user interface of the ELAN

2.4. Baseline Implementation

To validate the dataset's utility and establish an initial performance benchmark, several pre-
trained models were evaluated off-the-shelf. For Speaker Diarization, the models used were
pyannote.audio-3.1, a toolkit that provides neural building blocks for diarization [21], and DiaPer, an
end-to-end model with a Perceiver-based architecture [22]. For ASR, the models used were Whisper
from OpenAl (medium model), trained via large-scale weak supervision [23], and Wav2Vec, a
framework for self-supervised learning [24].

2.5, Evaluation

The evaluation was conducted by calculating standard metrics for diarization and ASR. For
diarization, the Diarization Error Rate (DER) is used. As shown in equation (1), DER is calculated as the
sum of false alarm (FA), missed speech (MS), and speaker confusion (SC) errors, divided by the total
duration of the reference speech.
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DER = FAtMS+sC )
Total Speech

DER evaluation is performed with a collar parameter of 0.25 seconds.This collar is a period of
time around the speaker change boundary that is ignored during the evaluation to provide tolerance for
slight timing inaccuracies. Studies on “in-the-wild” datasets show varied DERs. Chung et al. [4] reported
a DER of 7.7% on the VoxConverse development set using their audio-visual method, significantly
outperforming audio-only baselines (20.2-23.8% DER).

The complexity of “in-the-wild” data is further illustrated by the MSDWild dataset [14], where
an audio-only baseline yielded a DER of 21.96% on its few-talker validation set, which was reduced to
12.2% with a fused audio-visual approach; these figures rose to 43.15% and 25.86% respectively on the
more challenging many-talker set. The AVA-AVD dataset [8], featuring diverse daily activities and off-
screen speakers, saw an audio-only VBx system achieve 21.37% DER (oracle VAD), while the proposed
AVR-Net reached 20.57% DER under similar ideal conditions, though performance degraded with
predicted upstream modules.

For low-resource languages, the SiTa dataset [19] reported DERs for Sinhala in the range of 6.4-
14.3% for modular systems like End-to-End Segmentation, Powerset Cross-Entropy Diarization, and
DiaPer, with similar performance on the Tamil subset (6.0-11.5% DER). These benchmarks highlight the
progress made but also the remaining challenges in accurately diarizing complex, real-world audio
across different conditions and languages, motivating the need for diverse datasets like the Maleo-Short
corpus presented here.

In addition to DER, transcription quality is evaluated with Word Error Rate (WER). As
formulated in equation (2), WER calculates transcription errors by considering substitutions, deletions,
and word insertions [25].

Substitutions+Deletions+Insertions
WER = 2)

Number of Words Spoken

With this metric, we measure the diarization performance and transcript accuracy of the Maleo
pipeline on the Maleo-Short dataset.

3. RESULT AND DISCUSSION

The empirical evaluation of baseline models on Maleo-Short highlights the inherent complexity
of the dataset.

3.1. Diarization Error Rate (DER)

The evaluation of the diarization models performance, as measured by DER, quantifies the
inherent difficulty of the Maleo-Short dataset. Table 2 summarizes the average performance of the two
models across all samples. The Pyannote model demonstrated superior performance with a DER of
32.64%, compared to the DiaPer model, which recorded a DER of 47.73%. Further analysis of the error
components indicates distinct failure modes for each architecture. The primary source of error for
Pyannote was Speaker Confusion (SC), accounting for 18.18% of the total DER. This suggests that while
its modular approach, particularly its Voice Activity Detection (VAD) component, is effective at
identifying speech segments, the model struggles to generate sufficiently discriminative speaker
embeddings from the limited acoustic evidence present in short clips. This difficulty in creating robust
speaker profiles from brief utterances leads to a higher rate of misattributing speech segments to the
wrong speaker.

Conversely, the predominant failure mode for the DiaPer model was Missed Detection (MS),
which contributed 25.19% to its DER. This indicates that the end-to-end architecture, which jointly
optimizes segmentation and clustering, tends to be more conservative. It often fails to detect speech
segments altogether, particularly those that might be of short duration, have lower energy, or occur in
noisy backgrounds. This suggests a potential trade-off in end-to-end systems, where the integrated
optimization might lead to lower sensitivity in speech detection compared to a specialized VAD module.

Table 2 and Table 3 provide a detailed breakdown of each model's performance across the four
content categories. Table 2 details the Pyannote model's results, showing that while it performs best on
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the more structured Talkshow (TSH) category (17.10% DER), its performance degrades significantly on
the highly dynamic Entertainment (ENT) category (47.69% DER), where Speaker Confusion is the
dominant error. Table 3 presents the results for the DiaPer model, which similarly struggles most with
the ENT category (65.71% DER). However, unlike Pyannote, DiaPer's primary failure mode is Missed
Detection, which is particularly high in the Podcast (POD) category (31.63%). This categorical analysis
highlights that different acoustic environments exacerbate the specific architectural weaknesses of each
model.

Table 2. Performance Metrics Of Speaker Diarization Pyannote Model On The Maleo-Short Dataset. FA: False Alarms; MS: Missed
Detection; SC: Speaker Confusion; DER: Diarization Error Rate

Category MS(%) FA(%) SC(%) DER(%)
Podcast (POD) 7.67 5.83 15.33 28.83
Talkshow (TSH) 3.81 2.85 10.45 17.10
Entertainment (ENT) 7.13 7.93 32.64 47.69
Movie & Drama (MVD) 17.35 3.45 20.38 41.19
Average (%) 9.53 4.93 18.18 32.64

Table 3. Performance Metrics Of Speaker Diarization DiaPer Model On The Maleo-Short Dataset. FA: False Alarms; MS: Missed
Detection; SC: Speaker Confusion; DER: Diarization Error Rate

Category MS(%) FA(%) SC(%) DER(%)
Podcast (POD) 31.63 5.86 11.33 48.83
Talkshow (TSH) 21.24 6.23 7.60 35.06
Entertainment (ENT) 27.37 12.63 25.71 65.71
Movie & Drama (MVD) 17.05 14.62 13.87 45.53
Average (%) 25.19 9.24 13.31 47.73

To further dissect these results, Figure 4 and Figure 5 disaggregate the average error
components for the Pyannote and DiaPer models, respectively. Figure 4 clearly illustrates that Speaker
Confusion (SC) is the principal error source for the Pyannote model in three of the four categories,
peaking dramatically in the Entertainment (ENT) domain. This visual evidence reinforces the hypothesis
that the model's speaker embedding module is not robust enough for the rapid, overlapping dialogue
common in such content.

In contrast, Figure 5 shows a different error profile for the DiaPer model. Missed Detection (MS)
is the most significant or second-most significant error component across all categories. The high MS
rates in the Podcast (POD) and Entertainment (ENT) categories suggest that the model's end-to-end
architecture may be less sensitive to speech segments with lower signal-to-noise ratios or
unconventional turn-taking patterns, which are prevalent in these less-structured conversational
settings.

Average DER Component Analysis for Pyannote Model
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Figure 4. Analysis of average DER error components for Pyannote model by category
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Average DER Component Analysis for DiaPer Model
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Figure 5. Analysis of average DER error components for DiaPer model by category

The high DER scores on Maleo-Short, when benchmarked against other established datasets as
shown in Table 4, validate its status as a challenging testbed. The performance on Maleo-Short shows a
significantly higher error rate compared to more controlled datasets like AMI (headset) or even other
in-the-wild datasets such as MSDWild. This difficulty stems from two core characteristics of the dataset,
its “in-the-wild” nature, which includes background noise and acoustic variability, and the short
duration of the clips. Short segments provide very limited data per speaker, making it difficult for models
to build robust and discriminative speaker embeddings, which in turn leads to higher confusion rates.

Table 4. DER Benchmark Comparison

DER (%)
Dataset Pyannote DiaPer
Maleo-Short 32.64 47.73
AMI (headset) 18.8 32.94
DIHARD III (full) 21.7 24.12
MSDWild 25.3 15.46

3.2. Word Error Rate (WER)

The ASR evaluation further underscores the complexity of the Maleo-Short dataset. As shown
in Table 4, the Whisper model, with a WER of 33.78%, significantly outperformed the Wav2Vec model
(76.79%). This performance gap can be attributed to several key factors.

Whisper's robustness stems from its training on a massive and diverse 680,000-hour dataset
via large-scale weak supervision. This varied, multi-domain training makes it inherently resilient to the
acoustic and linguistic variability found in “in-the-wild” data like Maleo-Short.

In contrast, the Wav2Vec model suffers from a significant domain mismatch. While fine-tuned
for Indonesian, it was likely trained on cleaner, more formal corpora (such as read-speech from Common
Voice) which do not reflect the spontaneous, colloquial nature of the speech in our dataset. This
highlights the limitations of transfer learning in this context; fine-tuning on a clean domain is not
sufficient to overcome the challenges—such as rapid speaker turns, background noise, and informal
language—presented by the target domain. Whisper’s training paradigm, which learns from vast
amounts of noisy, unlabeled data, prepares it for this domain shift from the outset.

Table 5 and Table 6 present the detailed Word Error Rate (WER) metrics for the Whisper and
Wav2Vec models, respectively, broken down by category. Table 5 shows that the Whisper model
achieves its best performance on the Talkshow (TSH) category (21.48% WER), likely due to the clearer
and more structured speech. Its highest error rate occurs in the Podcast (POD) category (42.37% WER),
where a higher number of deletions and substitutions reflects the challenges of transcribing more
natural, unscripted conversation.

Table 6 highlights the severe performance degradation of the Wav2Vec model across all
categories, confirming a significant domain mismatch. The WER is exceptionally high in the
Entertainment (ENT) (87.63%) and Podcast (POD) (79.33%) categories. The error profile is dominated
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by substitution errors, indicating that while the model often detects words, it consistently misidentifies
them due to the acoustic and linguistic disparity between its training data and the "in-the-wild" nature

of Maleo-Short.

Table 5. Performance Metrics Of ASR Whisper Model On The Maleo-Short Dataset. S: Substitutions; D: Deletions; I: Insertions;
WER: Word Error Rate

Category S D I WER(%)
Podcast (POD) 32 40 3 42.37
Talkshow (TSH) 13 16 2 21.48
Entertainment (ENT) 28 20 4 41.06
Movie & Drama (MVD) 14 4 3 25.44
Average 23 22 2 33.78

Table 6. Performance Metrics Of ASR Wav2Vec Model On The Maleo-Short Dataset. S: Substitutions; D: Deletions; I: Insertions;
WER: Word Error Rate

Category S D I WER(%)
Podcast (POD) 71 68 1 79.33
Talkshow (TSH) 55 32 2 66.02
Entertainment (ENT) 65 46 0 87.63
Movie & Drama (MVD) 43 21 1 74.73
Average 59 45 0 76.79
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Figure 6. Analysis of total WER error components for Whisper model by category
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Figure 7. Analysis of total WER error components for Wav2Vec model by categor
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The decomposition of total errors by category for each model, as visualized in Figure 6 and
Figure 7, providing a clearer picture of the error distribution. Figure 6 demonstrates that for the superior
Whisper model, the Podcast (POD) category is the primary source of errors, contributing a total of 1,790
deletions and 1,449 substitutions. This large volume of errors underscores the difficulty of transcribing
the informal language, varied speaking rates, and non-standard syntax common in podcasts.

Figure 7 reinforces this observation for the Wav2Vec model but at a much larger scale. The
Podcast (POD) category again dominates the error count, with substitution errors (3,201) being the most
frequent issue. This visual comparison makes it evident that while both models are most challenged by
the podcast domain, Wav2Vec's failure is more pronounced, particularly in its inability to correctly map
acoustic features to the correct lexical units, resulting in a cascade of substitution errors.

The benchmark comparison in Table 5 further contextualizes these results. The substantial
performance gap between Maleo-Short and cleaner, read-speech datasets like Common Voice or Fleurs
is evident. The high WER on Maleo-Short is a direct consequence not only of spontaneous speech filled
with colloquialisms and disfluencies but also of the short clip duration. For an ASR model, short
segments severely limit the available linguistic context needed to accurately predict words and resolve
ambiguity. Each clip effectively forces the model into a “cold start” without the opportunity to adapt to
a speaker's specific accent or style, thus rigorously testing its zero-shot capabilities.

Table 7. WER Benchmark Comparison

WER (%)
Dataset Whisper Wav2Vec
Maleo-Short 33.78 76.79
Common Voice 11 12.62
Fleurs 10.2 -
Indonesian Common Voice dataset - 14.29

Beyond the acoustic challenges common to “in-the-wild” corpora, such as background noise and
variable recording quality, Maleo-Short presents unique linguistic complexities specific to spontaneous
Indonesian conversation. The most prominent of these is the prevalent phenomenon of code-switching.
The data frequently features speakers switching between Indonesian, English, and sometimes regional
dialects within the same utterance. This behavior, common in Indonesian media like podcasts and talk
shows, poses a severe challenge for ASR systems not explicitly trained to handle such fluid language
mixing.

Furthermore, the dataset is rich in colloquialisms, slang, and discourse particles (e.g., sih, dong,
kok) that are underrepresented in formal text and read-speech corpora used to train most ASR language
models. The high WER scores observed are therefore not only a product of acoustic difficulty but also a
direct consequence of these linguistic phenomena, which test the zero-shot and adaptation capabilities
of state-of-the-art models in a realistic, low-resource language context.

3.3. Qualitative Error Analysis

To move from quantitative metrics to a concrete illustration of the dataset's challenges, we
present a qualitative analysis of a characteristic error case from file ENT_012. Figure 8 displays the full
57-second segment from the Entertainment (ENT) category, which is characterized by rapid speaker
exchanges and significant speech overlap. The figure provides a direct comparison between the
manually annotated Ground Truth and the Model Hypothesis generated by the Pyannote model.

The analysis reveals a classic and severe Speaker Confusion (SC) error. The Ground Truth (Panel
2) clearly shows a complex, overlapping conversation between four distinct speakers (SPEAKER_1,
SPEAKER_2, SPEAKER_3, and SPEAKER 4). In contrast, the Model Hypothesis (Panel 3) fails to
differentiate this complexity. The model only identifies two speakers and incorrectly 'collapses’ the
speech segments from all four speakers into these two erroneous labels.

For example, the utterances from SPEAKER_3 (e.g., at 3.3s, 5.7s) and SPEAKER_4 (e.g., at 29.4s,
37.2s) are consistently mislabeled as SPEAKER_1 or SPEAKER_2. This failure is emblematic of the
primary failure mode for the Pyannote model on our dataset. As established in the quantitative analysis
(Table 2 and Figure 4), Speaker Confusion is the model's largest error component, peaking dramatically
in this specific (ENT) category. This case study visually confirms how the complex, multi-speaker
dynamics in Maleo-Short create a difficult testbed, validating its utility as a challenging benchmark.
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Qualitative Error Analysis (ENT_012.wav)

1. Audio Waveform
1

0

Aplituce

-1
Time

2. Ground Truth Annotation

SPEAKER 1
SPLAKLR 2
SPEAKER 3
SPEAKER_4 . . . — | — B —
Time Is)

3. Model Hypothesis (Pyannote)

SPEAKER_1

SPEAKER_2 - s L, - - - — . —
3 12 18 24 30 6 42 a8 54
Time [s)

Figure 8. Example of a severe Speaker Confusion (SC) error from the Pyannote model on clip ENT_012. The panels compare the
Ground Truth, against the Model Hypothesis (bottom, 2 speakers), highlighting a characteristic failure mode

4. CONCLUSION

This research has successfully constructed, annotated, and validated Maleo-Short, a new 1 hours
32 minutes dataset for Indonesian speaker diarization derived from “in-the-wild” conversational data.
Through a meticulous manual annotation protocol, a reliable ground truth for both speaker
segmentation and transcription has been established. Empirical evaluation using state-of-the-art
baseline models confirms that Maleo-Short constitutes a challenging new benchmark, the high DER and
WER scores reflect the inherent complexities of processing spontaneous, unconstrained Indonesian
speech. The dataset is released publicly to address a critical resource deficit and is intended to foster the
development of more robust speech processing systems for the Indonesian language, contributing to the
broader effort of advancing technology for low-resource languages.

In spite of these findings, the limitations of this study provide a clear foundation for a broader
research agenda. The current dataset's size limits its use for training models from scratch, and
ambiguous overlaps were deliberately excluded. However, Maleo-Short serves as a critical foundation
for future Indonesian speech research beyond its primary use. It enables the benchmarking of speech
enhancement models in realistic noisy environments and provides a rich resource for linguistic analysis
of the code-switching and colloquialisms prevalent in modern Indonesian speech.

Accordingly, future work will expand upon this foundation with a clear roadmap. First, we plan
to develop "Maleo-in-the-Wild," a significantly larger version of the dataset with a target of over 10 hours
of annotated audio. This expanded corpus will include more diverse genres and scenarios with high
degrees of speech overlap, creating a more comprehensive resource for both training and evaluation.
Second, future work will involve creating finer-grained annotations to explicitly mark language
transitions within the dataset. This will support the development of ASR and diarization models
specifically architected to be robust against the linguistic complexities of spontaneous Indonesian
conversations.
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