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Abstract

The rapid advancement of audio and multi-
modal large language models has unlocked
transformative speech understanding capabil-
ities, yet evaluation frameworks remain pre-
dominantly English-centric, leaving Southeast
Asian (SEA) languages critically underrepre-
sented. We introduce SEA-SPEECHBENCH,
the first large-scale multitask benchmark that
evaluates speech understanding in 11 SEA lan-
guages through more than 97,000 samples and
597 hours of curated audio data. Our bench-
mark comprises 9 diverse tasks across 3 cate-
gories: speech processing (automatic speech
recognition, speech translation, spoken ques-
tion answering), paralinguistic analysis (emo-
tion, gender, age, speaker recognition), and
temporal understanding, a novel dimension fea-
turing timestamped content queries and tem-
poral localization within extended audio se-
quences up to 3 minutes. We implement mul-
tilingual prompting in both native SEA lan-
guages and English to reflect user interactions
with audio-language models. Evaluation of
leading open-source and proprietary systems
reveals marked performance gaps. Across
all models, performance remains underwhelm-
ing on temporal reasoning, emotion recogni-
tion, and speech translation. Prompting in
low-resource languages such as Burmese, Lao,
Tamil, and Khmer lag behind English by over
5%. Our findings expose critical model limi-
tations and underscore the need for inclusive
model development. We will release datasets
and the evaluation framework upon paper publi-
cation to facilitate reproducible benchmarking.

1 Introduction

Recent advancement in audio large language mod-
els (AudioLLMs) has led to transformative applica-
tions in voice assistants, transcription, accessibility
technologies, and multimodal reasoning (Wu et al.,
2024; Gemini Team, 2025; Zhang et al., 2023).
Despite these advances, research in speech under-

standing has been disproportionately concentrated
on high-resource languages, particularly English
and a small number of European or East Asian
languages (Yang et al., 2021; Wang et al., 2021;
Bu et al,, 2017). While recent benchmarking ef-
forts (Sakshi et al., 2024; Wang et al., 2024; Yang
et al., 2024) have made significant strides in evalu-
ating audio-language models across diverse tasks
and modalities, they universally overlook Southeast
Asian (SEA) languages, leaving an entire linguistic
region underexplored despite representing over 650
million speakers worldwide.

Developing comprehensive benchmarks for SEA
languages also presents unique technical chal-
lenges. The region’s speech landscape is charac-
terized by extraordinary linguistic diversity, rich
tonal and phonetic structures, and substantial re-
source disparities across languages: factors that
create evaluation complexities absent from English-
centric benchmarks. Many SEA languages oper-
ate in low-resource contexts with limited anno-
tated data and sparse digital representation, mak-
ing robust evaluation both methodologically chal-
lenging and critically important for equitable tech-
nological development. While recent initiatives,
such as MERaLiON (MERaLiON Team, 2024)
which targets Singapore’s multilingual context,
Typhoon2-Audio (Pipatanakul et al., 2024) which
focuses on Thai, and SealLLMs-Audio (Liu et al.,
2025) which extends capabilities to selected SEA
languages, have begun to build general-purpose
speech-language models for the SEA region, these
efforts remain limited in both scope and linguistic
coverage. Crucially, they lack comprehensive eval-
uation frameworks necessary to systematically as-
sess capabilities across the full spectrum of South-
east Asian speech understanding tasks. Mean-
while, fragmented data collection efforts across
research groups have yielded heterogeneous SEA
datasets (Lovenia and et al., 2024; Pham et al.,
2023; Bustamin et al., 2024; Magic Data Technol-
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Figure 1: Overview of SEA-SPEECHBENCH task suite.The suite covers nine tasks in three categories. B Speech
processing, B Paralinguistic, and B Temporal understanding.

ogy, 2025), but without unified frameworks for task
definitions, prompting, and normalization, stan-
dardized comparison remains difficult.

In this work, we introduce the first ever com-
prehensive benchmark for speech understanding
in Southeast Asian languages, designed to evalu-
ate the capabilities of general-purpose speech-text
LLMs. We focus on the official languages of South-
east Asian countries, as in Table 1, to balance broad
regional coverage and practical relevance.

Table 1: Southeast Asian countries and their official lan-
guage(s). Note: Several countries recognize additional
regional or minority languages at sub-national levels;
this table lists state-level official languages correspond-
ing to the language codes used in our benchmark.

Country | Official language(s) | 1SO 639-1 Code(s)
Singapore English, Malay, Mandarin Chinese, Tamil | en, ms, zh, ta
Malaysia Malay (Bahasa Melayu) ms

Indonesia Indonesian (Bahasa Indonesia) id

Philippines | Filipino / Tagalog, English tl, en

Thailand Thai th

Cambodia | Khmer (Cambodian) km

Lao PDR Lao lo

Myanmar | Burmese (Myanmar) my

Vietnam Vietnamese vi

Our benchmark encompasses 11 SEA languages
with over 597 hours of audio data, curated from
existing sources and synthesized into new tasks
and datasets through systematic processing. The
benchmark spans 9 diverse tasks across 3 broad
categories: speech processing, paralinguistics, and
temporal understanding. We introduce two tempo-
ral understanding tasks that evaluate models’ capac-
ity for temporal reasoning and localization within
audio streams, addressing a previously unexplored
dimension in audio LLM evaluation. These tasks
test models’ ability to navigate time-dependent in-

formation and extract content from specific tempo-
ral locations. The complete task suite is illustrated
in Figure 1. To better reflect authentic usage sce-
narios, we evaluate each task using both English
and native language text prompts.

The main contributions of this paper are
threefold.e present SEA-SPEECHBENCH,
the first ever large-scale multitask benchmark thatk@
systematically evaluates speech processing, paralin-
guistic analysis, and temporal understanding across
Southeast Asian languages. It comprises a total of
99 evaluation sets with more than 97,000 audio
samples. e introduce temporal under-
standing tasks that assess models’ ability to reason
about time-dependent information in extended au- 0
dio sequences. e comprehensively evalu- £
ate both open-source and proprietary models, offer-
ing critical insights into their strengths, limitations,
and areas for further research.

2 SEA-SpeechBench: Task, Dataset and
Evaluation Suite

2.1 Task Suite

SEA-SPEECHBENCH comprises 9 core tasks
across 3 categories: speech processing, paralin-
guistic analysis, and temporal understanding. All
tasks require models to produce textual responses
given an audio input and a text query.

Speech processing covers three fundamental ca-
pabilities: Automatic Speech Recognition (ASR),
Speech Translation (ST) from Southeast Asian lan-
guages to English, and Spoken Question Answer-
ing (SQA) based on SEA speech inputs.

Paralinguistic analysis>examines vocal cues be-




Table 2: Summary of curated datasets for SEA-SPEECHBENCH. For multilingual datasets, each language-specific

sub-dataset is counted separately in #Datasets.

Task ‘ Languages ‘ #Datasets ‘ #Samples ‘ Total L (h) ‘ Min L (s) ‘ Max L (s)
en tl id km lo

ASR | ey I 0 I I 33 26,863 52.88 0.47 30.00

ST Bl ] 1c| N 9 7,189 26.46 3.06 30.00
ms my \vi th

SQA | en[#lid th Wi | 7 | 5462 | 4057 | 2000 | 30.00

ER | [l idthenl@ | 7 | 5356 | 533 | o012 | 2986

GR Bl id [ o I 16 1359 | 2202 0.12 29.90
vi km my

AgeR| [ZAl th en @ NV | 5 | 4608 | 65 | 058 | 2078

Ska\ Zhl th en [@l Vil my \ 8 \ 7,827 \ 19.72 \ 2.10 \ 30.38

TCQ | [2H en th id Wil | 7 | 13145 | 21198 | 2000 | 180.00

TLoc | [2Al en th id Ml | 7 | 13145 | 21198 | 2000 | 180.00

Total | - | 99 | 97094 | 59749 | - | -

yond linguistic content. It includes four tasks: Emo-
tion Recognition (ER), which classifies emotional
states; Gender Recognition (GR), which predicts
gender from voice characteristics; Age Recogni-
tion (AgeR), which categorizes speakers as teens
(10-19), adults (20-59), or seniors (60-100); and
Speaker Recognition (SpkR), which determines
whether two clips belong to the same speaker.

Temporal understanding introduces two novel
tasks designed for extended audio, motivated by
“skip to the content” and “what’s said at this time”
use cases. Timestamped Content Query (TCQ) re-
quires extracting content within a specified interval
[ts, te], testing temporal grounding and localized
retrieval. Temporal Localization (TLoc) asks mod-
els to predict the exact time span § = [f, f.] where
queried information appears, evaluating boundary
detection and alignment. Together, these tasks for-
malize time-referenced retrieval and support fine-
grained navigation across recordings.

The first two categories use short clips (< 30s)
to align with current model input limits. As
real-world audio applications increasingly involve
longer recordings where users require temporal nav-
igation, SEA-SPEECHBENCH introduces the tem-
poral understanding tasks to assess model ability to
perform reasoning and localization over extended
sequences of up to 3 minutes.

2.2 Data Curation

Dataset Statistics: As shown in Table 2, SEA-
SPEECHBENCH is a comprehensive benchmark
comprising of over 97,000 samples across 9 tasks

and 11 Southeast Asian languages.

Traditional speech processing tasks span the
broadest linguistic coverage with standard 30-
second clips, while our novel temporal understand-
ing tasks focus on 5 key languages with extended
recordings up to 180 seconds. Detailed information
for each source dataset is provided in Appendix A.
Language and Task Distribution: Figure 2 re-
veals the linguistic and task composition of our
benchmark. The language distribution (Figure 2a)
demonstrates substantial coverage across South-
east Asian languages, with English (18.9%), Thai
(17.2%) and Chinese (16.8%) representing the
largest segments, followed by Vietnamese (11.0%)
and Indonesian (10.5%). We also include low-
resource languages such as Khmer and Lao to
ensure representation of the region’s full linguis-
tic spectrum. Figure 2b shows balanced coverage
across evaluation task families.

Audio Length Distribution: We cover both short
and long audios to enable more comprehensive
and realistic evaluation. As shown in Figure 2c,
our benchmark encompasses a broad distribution
of utterances spanning 0-30 seconds, with natural
concentration around sentence-length segments for
traditional tasks. For temporal understanding eval-
uation, we systematically curate extended record-
ings through strategic segmentation of long-form
datasets, creating stratified duration bins of 30-60s,
60-120s, and 120-180s, totaling over 10,000 sam-
ples for long audios.

We applied uniform data processing across all
datasets and synthesized additional evaluation sets
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Figure 2: SEA-SPEECHBENCH composition: (a) language distribution by audio hours, (b) task distribution by
sample count, and (c) audio duration distribution. (Upper: short audios (< 30s) with fine-grained histogram. Lower:
long audios (> 30s) aggregated into three duration ranges.)

for tasks lacking suitable existing data. Processing
and synthesis details are provided in Appendix B.

2.3 Metrics

Table 3 presents each task’s output format and pri-
mary evaluation metric. For ASR and TCQ, where
the expected outputs are text transcripts, we em-
ploy script-dependent error rates: Character Error
Rate (CER) for languages without explicit word
boundaries (Chinese (zh), Thai (th), Khmer (km),
Lao (lo), and Burmese (my)), and Word Error Rate
(WER) for the other space-delimited languages.
For ST, we use the BLEU score to measure n-gram
overlap between generated translations and refer-
ence texts. For TLoc, given a actual time span
y = [ts,t.] and a prediction § = [L,,1.], define
the intersection / = [ min({,, t.) — max({s, 755)]Jr
with [z]y = max(z,0). Coverage and purity are
C = teits and P = R and the metric is

F1 = 2% for C + P > 0 (otherwise F1 = 0).

Table 3: Outputs and metrics by task. T Judge-provided
metrics: scores are produced by a LLM serving as an
external judge.

Task ‘ Expected Output ‘ Metric(s)

WER/CER
BLEU
Scaled judge score 5504 t

ASR | Text transcript
ST Text translation
SQA | Short textual answer

AgeR | Age bin € {teens, adults, seniors}
ER Emotion label

GR Gender label € {male, female}
SpkR | Speaker identity match or mismatch

Judge-based classification Acc f

WER/CER
F'1 score

TCQ | Text transcript at given time
TLoc | Time span [ts, t.]

Model-As-Judge: For the other tasks, due to the
b {
s"l\\\\\\\'@'1
L )
Y| !
Mo Min

¢

inherent variability of free-form outputs, we em-
ploy an LLM-based judge for consistent evaluation,
adapted based on the methodology proposed in
(Wang et al., 2024). For SQA, the judge assigns a
0-5 quality score; we report this as a percentage via
a linear scaling ssga = 20 X score, score € Zjg ).
For paralinguistic tasks (ER, GR, AgeR, SpkR), the
judge canonicalizes outputs and renders binary cor-
rectness, reported as accuracy in percent. Detailed
judging prompts are provided in the Appendix F.

2.3.1 Assessment of Model Judge

To assess alignment with human judgment, we con-
duct an expert human evaluation for three model
judges: Gemma3-27B-Instruct (Team, 2025),
Qwen3-Omni-30B-A3B-Instruct (Xu et al., 2025b),
and GPT-4.1 (OpenAl, 2024a), using a uniform
evaluation protocol on a representative subset of
tasks. We analyze judge—human agreement sep-
arately for English prompts and SEA language
prompts. For each task and language, we randomly
selected 100 model responses and collected the
model judge scores and the human evaluator scores
by native-speaker annotators. Alignment is quanti-
fied using Matthews correlation coefficient (MCC)
for binary classification tasks and Spearman rank
correlation (p) for ordinal ratings for SQA. Quanti-
tative results are summarized in Table 4.

For all English prompts and binary classifica-
tion settings, Gemma-3-27B Instruct and GPT-
4.1 both exhibit strong and comparable alignment
with human annotations. However, for SEA lan-
guage prompts with ordinal rating scales, GPT-4.1



Table 4: Consistency between LLM-judged scores and
human evaluator scores for English and SEA prompts.
Alignment is quantified using Matthews correlation co-
efficient (MCC) for binary classification tasks and Spear-
man rank correlation (p) for ordinal ratings.

MCC p MCC p
(Eng) | (Eng) | (SEA) | (SEA)
Qwen3-Omni-30B-A3B-Instruct | 0.81 0.80 0.76 0.37
Gemma-3-27B-Instruct 098 | 0.82 0.97 0.66
GPT-4.1 098 | 0.84 0.97 0.76

achieves substantially higher judge—human corre-
lation than Gemma-3 (p = 0.76 vs. p = 0.66,
averaged across SEA languages). Balancing both
evaluation performance and computational cost, we
therefore adopt a hybrid judging strategy: GPT-4.1
serves as the judge for SQA task, while Gemma-3-
27B-Instruct is deployed in binary judge tasks.

3 Evaluations

3.1 Evaluation Setting

We conduct extensive evaluation across sev-
eral state-of-the-art open-source audio/multimodal
LLMs with multiple size variants ranging from
2B to 10B parameters: MERaLiON-2 (MER-
aLiON Team, 2024), SealLLMs-audio (Liu
et al., 2025), Phi-4-multimodal-instruct (Microsoft,
2025), Qwen2-Audio-Instruct (Chu et al., 2024),
Qwen2.5-Omni (Xu et al., 2025a), Gemma-3n-
it (Gemma Team, 2025), Voxtral (Voxtral Team,
2025), and Kimi-audio (KimiTeam, 2025). All
models are evaluated using their official released
checkpoints with recommended inference configu-
rations to ensure fair comparison. To establish com-
prehensive performance baselines, we also evalu-
ate two leading commercial models: Gemini 2.0
Flash (Gemini Team, 2025) and GPT-40 (OpenAl,
2024b). For GPT-40, we employ the specialized
Whisper-based transcription API for ASR tasks and
the general audio understanding model for all other
tasks, ensuring optimal performance.

3.2 Results and Insights
3.2.1 ASR Capability

We report the ASR performance of each model
across different languages under English prompts
in Table 7. Gemini 2.0 Flash has the best ASR per-
formance overall, and MERaLiON-2 has the best
performance amongst open-source models. We
note that state-of-the-art performance on Tamil and
Burmese is particularly low at more than 0.25 CER.

3.2.2 Speech Processing and Paralinguistics

Tables 5 and 6 present the results of additional
speech processing and paralinguistic tasks. Results
are reported under both English and SEA prompts.
We observe performance deficiencies in ST where
none of the open-source models achieved BLEU
scores above 20. For paralinguistics tasks, emo-
tion recognition is especially challenging. Apart
from Kimi-Audio, no model achieved scores above
25. Even the best-performing Kimi-Audio did not
score above 50.

Table 5: Results on speech processing tasks (ST, SQA)
under English and SEA prompt respectively.

Model ‘ Size ‘ ST SQA

| ENG SEA | ENG  SEA
Gemma-3n-it 2B 897 872 | 7335 56.06
Qwen2.5-omni 3B 7.60 6.27 | 7842 73.14
MERaLiON-2 3B 7.56 7.42 | 66.68 60.19
Voxtral 3B 19.98 18.15 | 82.32 79.06
Gemma-3n-it 4B 1098 13.58 | 79.24 78.89
Phi-4 5.6B | 3.04 032 | 64.69 4736
SealLLMs-Audio | 7B | 10.74 10.11 | 76.42 78.38
Qwen2-Audio-it 7B | 454 320 | 6582 57.95
Qwen2.5-omni 7B 7.91 8.06 | 71.60 75.57
Kimi-Audio 7B 3.36 771 | 69.62 63.49
MERaLiON-2 10B | 17.75 19.52 | 82.00 82.05
Gemini 2.5 Flash — 16.86 18.89 | 92.28 86.21
GPT-40 - ‘ 21.24 21.39 ‘ 86.66 82.44

Table 6: Results on paralinguistic tasks (AgeR, ER, GR,
SpkR) under English and SEA prompt respectively.

Model | gige | AgeR | ER | GR | SpkR

| | ENG SEA | ENG SEA | ENG SEA | ENG  SEA
Gemma-3n-it 2B | 6591 3876 | 1221 13.17 | 27.71 14.65 | 42.35 39.32
Qwen2.5-omni 3B | 5050 3447|1345 995 |36.12 20.19 | 28.59 17.79
MERaLiON-2 3B | 6820 46.46 | 23.99 18.73 | 48.59 46.35 | 39.75 33.71
Voxtral 3B [ 7571 5261 | 1062 535 |27.65 9.89 | 42.90 36.09
Gemma-3n-it 4B | 69.68 58.74 | 12.46 13.93 | 5336 27.23 | 39.88 39.72
Phi-4 5.6B | 4345 4198 | 20.87 920 | 4421 32.60 | 23.27 27.48

SealLLMs-Audio | 7B | 63.16 11.64 | 12.34  9.17 | 5497 43.66 | 53.59 34.37
Qwen2-Audio-it | 7B | 20.21 23.13 | 2447 19.36 | 92.25 66.31 | 49.85 36.56

Qwen2.5-omni 7B | 20.15 23.13 | 16.33 1045 | 50.46 34.58 | 14.63 11.44
Kimi-Audio 7B | 4791 4842 | 36.86 42.55 | 90.97 79.23 | 54.16 48.16
MERaLiON-2 10B | 66.24 57.31 | 18.73 20.34 | 59.93 46.28 | 53.25 46.12
Gemini 2.5 Flash | - | 76.00 79.40 | 19.50 16.79 | 92.50 90.06 | 71.13 71.75
GPT-40 76.60 61.20 | 17.00 19.50 | 46.13 31.63 | 10.50 8.38

3.2.3 Temporal Reasoning

In this section, we provide detailed analysis of tem-
poral understanding capabilities, stratifying perfor-
mance across four duration bins: [0,30), [30,60),
[60,120), [120,180) seconds as shown in Table 8a.
Figure 8b presents coverage (C'), purity (P), and F
of TLoc task across audio-duration ranges, using
MERaLiON-2-10B as a case study.

Metrics Analysis. First, we observe systematic
over-coverage in temporal understanding across
models. In TCQ, models frequently produce con-
tent that extends beyond the queried time window.



Table 7: English-prompt ASR results averaged by language. The performance is reported as WER or CER

depending on language. Lower is better.

Model ‘ Size ‘ en tl vi id ta th zh km lo ms my
Gemma-3n-it 2B | 1.32 042 377 0.17 120 3.03 155 392 142 106 2381
Qwen2.5-omni 3B | 0.07 0.60 027 0.15 136 0.12 0.05 297 139 023 201
MERaLiON-2 3B | 007 020 035 0.11 043 0.08 0.11 1.72 086 0.17 1.19
Voxtral 3B | 021 240 093 036 120 057 045 1.72 129 076 5.05
Gemma-3n-it 4B | 0.76 024 271 051 045 032 069 171 015 198 298
SeaLLMs-Audio | 7B | 0.38 1.03 044 028 152 005 034 107 101 0.61 1.20
Phi-4 56B | 009 510 292 276 193 298 0.10 3.11 245 3.15 2.13
Qwen2-Audio-it | 7B | 0.14 1.88 103 074 148 121 021 1.08 1.08 1.02 1.17
Qwen2.5-omni 7B | 0.07 055 025 0.10 1.34 054 0.05 3.08 263 050 549
Kimi-Audio 7B | 025 342 1586 0.58 446 260 0.05 527 452 592 7.99
MERaLiON-2 10B | 0.07 0.18 0.23 0.09 038 0.10 0.09 0.77 039 0.13 0.83
Gemini 2.5 Flash - 0.11 0.13 012 0.03 0.27 0.05 0.18 013 0.16 0.11 0.31
GPT-40 - 0.13 0.14 021 0.05 041 0.06 0.09 030 038 0.17 0.66

Table 8: Temporal understanding performance by duration.

(a) English-prompt TCQ and TLoc results (%) by duration. A dash (-) indicates audio lengths

for which the model is unable to perform inference.

(b) TLoc metrics for
MERaLiON-2-10B.

| | TCQ (WER/CER ) | TLoc (F1 Score 1) o FIOSwrezg’/o) .
Model | Size | 0-30s 30-60s 60-120s 120-180s | 0-30s 30-60s 60-120s 120-180s
SeaLLMs-Audio | 7B | 5.48 - - - 11.57 - - - il
Qwen2-Audio-it | 7B 5.56 - - - 33.30 - - - -
Qwen2.5-omni 3B | 874 9.20 - - 3049  18.21 - - _
Gemma-3n-it 2B | 732 7.49 - - 11.82 827 - - 8
Gemma-3n-it 4B | 6.76 7.38 - - 1325 872 - - 2
Phi-4 5.6B | 20.67  14.90 16.25 - 1297 625 3.64 - _
MERaALiON-2 3B | 477 8.21 11.27 - 18.82  10.28 5.14 - ]
Qwen2.5-omni 7B | 5.49 6.58 9.85 - 3574 19.98 11.32 - g
Kimi-Audio 7B | 1400  19.07 24.04 4278 1449 861 3.70 3.00 ~
Voxtral 3B | 4.74 7.74 12.86 22.13 1785  9.87 3.71 245 &
MERaLiON-2 10B | 5.12 9.48 14.72 17.67 2222 1237 6.40 4.53 ]
Gemini 2.5 Flash | - 241 2.64 9.44 4.09 11.66 770 5.57 5.30 T o o %
GPT-40 - 5.06 6.82 7.38 8.59 2647 17.83 8.53 5.38 Coverage / [JPuity] (%)

In TLoc, as demonstrated in Figure 8b, coverage
consistently exceeds purity across all durations,
which is a pattern we observe in most evaluated
models. This asymmetry indicates weak tempo-
ral boundary localization and alignment, reflecting
a recall-seeking strategy that favors longer spans,
and thus higher coverage, at the cost of precision.
These motivate finer-grained temporal grounding,
boundary-aware training objectives, and decoding
constraints that penalize span over-coverage.

Constraints on Audio Length. As shown in
Table 8a, only a select subset of models sus-
tains inference availability across all duration bins.
Among open models, Voxtral, Kimi-Audio, and
MERaLiON-2-10B demonstrate consistent avail-
ability, while commercial models handle the full
range. Meanwhile, both TCQ and TLoc exhibit
performance degradation with increasing duration:
errors accumulate over longer contexts, manifest-
ing as boundary drift and truncation, exposing cur-
rent architectural limits in context window, frame
compression, and long-range memory.

These findings underscore that temporal ground-
ing represents an unresolved challenge in current
audio-language architectures, with this deficiency
becoming critically pronounced in long-form audio
contexts where existing architectures prove inade-
quate for practical deployment.

3.2.4 Best-Performing Open-Source Models

To highlight model strengths across tasks and lan-
guages, we plot a winner map that marks, for
each task-language pair, the best-performing open-
sourced model in Figure 3. Each cell shows
the top model and color-codes model identity.
MERaLiON-2-10B establishes clear dominance in
speech processing tasks, consistently achieving top
performance across multiple languages including
Indonesian, Vietnamese, and Filipino. Paralinguis-
tic task leadership proves more distributed, with
Kimi-Audio and Qwen2-Audio-Instruct alternately
excelling in different linguistic contexts. Temporal
understanding tasks reveal limited model coverage
and inconsistent performance patterns, suggests
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Figure 3: Winner map for open-sourced models across tasks and languages. Each cell marks the top model for a
task—language pair; legend is ordered by overall win frequency.

that model strengths are specialized rather than
generalizable, with no single model demonstrating
comprehensive temporal reasoning proficiency.
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Figure 4: Cross-linguistic prompt sensitivity measured
by Prompt Advantage Score (PAS).

3.2.5 Effect of Prompt Language

We systematically investigate how prompt lan-
guage choice: English versus native SEA language,
affects model performance across our benchmark.

Figure 4 demonstrates a cross-linguistic hierar-
chy in prompt sensitivity. We define a Prompt
Advantage Score (PAS) to quantify this effect, with
its detailed formulation provided in Appendix C.
Higher PAS values indicate stronger local language
prompt advantage, while negative scores suggest
English prompt superiority for that particular lan-
guage. Indonesian (id) emerges as the sole lan-
guage showing consistent local prompt advantage
(+0.3), while English (en) and Chinese (zh) exhibit
near-neutral behavior (0.0, -0.2). The remaining
SEA languages display increasing English prefer-
ence across two distinct clusters: moderate disad-
vantages for Filipino, Vietnamese, Malay, Thai,
and Myanmar (ranging from -1.7 to -5.3), and se-
vere English advantages for Lao, Tamil, and Khmer
(-8.7 to -20.8). This variation correlates strongly
with orthographic and computational factors that

influence instruction parsing effectiveness:

Script Complexity and Tokenization. Non-Latin
scripts create fundamental computational barriers.
Languages like Thai, Lao, and Khmer lack clear
word boundaries and employ complex grapheme
clusters that disrupt standard tokenization pro-
cesses. Abugida systems such as Myanmar and
Tamil further complicate parsing through character-
level ambiguities. These structural challenges im-
pair instruction processing, while English prompts
leverage well-established tokenization patterns that
avoid such complications.

Training Data Quality and Orthographic Con-
sistency. Corpus quality directly affects local
prompt performance. Indonesian succeeds due to
abundant Latin-script training data with consistent
orthographic standards and imperative construc-
tions, supporting reliable instruction following. In
contrast, lower-resource languages suffer from lim-
ited, inconsistent training corpora marked by ortho-
graphic variations and dialectal diversity, making
local prompts less reliable than standardized En-
glish alternatives.

These results expose a critical deployment gap:
when users issue prompts in Southeast Asian lan-
guages, which is the natural interaction mode for re-
gional populations, performance degrades substan-
tially compared to English-prompted evaluation.
This asymmetry underscores the urgent need for
multilingual instruction-tuning that aligns with au-
thentic user interaction patterns throughout model
development and evaluation.

3.2.6 Refusal Behavior: Causes and
Prevalence

From Table 6, GPT-40 attains only 10.50% accu-
racy on speaker recognition. Inspecting the error
breakdown shows that these “errors” are refusals
rather than wrong predictions. As illustrated in
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Figure 5: Speaker recognition failure examples in GPT-
40 responses.
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Figure 5, GPT-40 refuses to answer 89.5% of the
queries. When the model does answer for 10.5% of
the queries, it is consistently correct (non-refusal
accuracy = 100%). This pattern emerges on our
self-constructed SpkR dataset, which is likely out-
of-distribution for GPT-40, suggesting limited task
generalization. Concurrently, the model may adopt
a conservative, uncertainty-aware strategy rather
than making overconfident predictions. By con-
trast, Qwen2.5-Omni-7B also attains low SpkR per-
formance with frequent refusals, but its accepted
responses contain nontrivial mistakes, pointing to
weaker calibration and label grounding rather than
abstention alone.

4 Related Works

Audio/Multimodal LLMs. Recent language
models have evolved to process spoken audio along-
side text through diverse architectural approaches.
Early work established key paradigms: alignment-
based models (Tang et al., 2024; Zhang et al.,
2023; Wu et al., 2023) connect speech encoders
to LLMs via lightweight adaptors, while unified
decoders (Rubenstein et al., 2023; Nguyen et al.,
2024) share token spaces for joint speech-text mod-
eling. Contemporary systems demonstrate var-
ied innovations: Phi-4 (Microsoft, 2025) employs
mixture-of-LoRAs for multimodality, Qwen2.5-
Omni (Xu et al., 2025a) advances temporal un-
derstanding through time-aligned position encod-
ing, and Voxtral (Voxtral Team, 2025) handles ex-
tended recordings up to 40 minutes without sepa-
rate ASR. Commercial systems like GPT-40 (Ope-
nAl, 2024b) and Gemini (Gemini Team, 2025) pro-
vide end-to-end audio understanding within uni-
fied frameworks. For Southeast Asian languages,
MERaLiON (MERaLiON Team, 2024) targets
Singapore’s multilingual context while Seal.LLMs-
Audio (Liu et al., 2025) extends capabilities to five

major SEA languages. However, these efforts re-
main limited in scope, overlooking lower-resource
languages and lacking comprehensive evaluation
frameworks for the region’s full linguistic diversity.

Audio/Multimodal LLM Benchmarks. Audio-
language evaluation has evolved from basic speech
recognition to comprehensive multimodal assess-
ment. Early efforts like SUPERB (Huang et al.,
2024) aggregated speech tasks universally, and
newer works (Wang et al., 2024; Yang et al., 2024)
emphasize instruction-following across diverse au-
dio types. Advanced benchmarks (Sakshi et al.,
2024; Kumar et al., 2025) introduce complex rea-
soning with extended audio. Specialized eval-
uations target instruction-following (Gao et al.,
2025) and domain-specific tasks (Ma et al., 2025).
However, existing benchmarks remain predom-
inantly English-centric with minimal Southeast
Asian language coverage, creating a significant
evaluation gap for low-resource linguistic contexts.
This bias fundamentally limits understanding of
model performance across the global linguistic
landscape where inclusive deployment is most crit-
ically needed.

5 Conclusion

We present SEA-SPEECHBENCH, the first com-
prehensive benchmark for evaluating speech un-
derstanding across 11 Southeast Asian languages,
comprising 97,000+ samples across 9 tasks in
speech processing, paralinguistics, and tempo-
ral understanding. Our standardized framework
enables reproducible, cross-linguistic compar-
isons through unified normalization and bilingual
prompting.

Evaluation of leading commercial and open-
source systems exposes systematic weaknesses:
performance collapses on long audio (temporal brit-
tleness), English prompts consistently outperform
native languages (linguistic inequity), and tasks
such as temporal reasoning, emotion recognition,
and speech translation remain far below usability
thresholds. These findings underscore persistent
scalability and generalization gaps. By surfacing
these limitations, SEA-SPEECHBENCH seeks to
establishe a rigorous baseline for developing tem-
porally robust, linguistically inclusive, and practi-
cally deployable speech technologies for Southeast
Asia’s diverse communities.



6 Limitations and Risks

Data availability remains a key limitation of this
work. Despite extensive efforts to collect and curate
data from diverse public and community-driven
sources, coverage of certain dialects and task cat-
egories remains limited due to the fundamental
scarcity of high-quality, annotated resources. This
constraint restricts the breadth of dialectal and
task-level evaluation that can be reliably supported.
Future work may explore data-efficient learning
paradigms, weakly supervised or synthetic data
generation, and collaborative data collection initia-
tives to further extend coverage across underrepre-
sented dialects and tasks.

Risk of test set contamination is another limita-
tion. This risk is inherently difficult to control be-
cause most evaluated models are with undisclosed
training data and curation pipelines.
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A Dataset Catalog

Table 9 lists the source datasets used in our SEA-
SpeechBench, along with their tasks, languages,
audio lengths and licensing information.

B Data Processing and Synthesis

We provide additional details on data processing
and the construction of new datasets from source
materials.

B.1 Data Processing

Audio and Prompt Standardization: All audio
was resampled to 16 kHz for consistency and model
compatibility. We provide parallel prompts in na-
tive SEA languages and English to reflect realistic
usage patterns, constructing standardized templates
where needed. Prompt examples are provided in
the Appendix E.

Dataset Sampling: 1. We adopted official test
splits when available or sampled 1,000 instances
while preserving identifiers to prevent contamina-
tion. 2. For our evaluation set, we further sampled
1,000 instances per dataset using class-balanced
sampling for classification tasks, ensuring compu-
tational feasibility while maintaining representa-
tiveness. 3. We checked that uniquely identifying
information such as names were removed when



Table 9: Overview of datasets: Dataset statistics, including language coverage, task types, basic audio properties,
and licensing information. *Including long audios (>30s).

Languages Tasks Total L (hr) Min L (s) Max L (s) License
Commonvoice (Ardila et al., 2020) zh, vi, th, id, ta, en GR, AGE, ASR 22.66 0.58 20.78 MPL 2.0
FLEURS (Conneau et al., 2022) IZ:IZI'H ﬂi]é "t"‘ly’ ™S ASR, ST, GR 57.79 3.06 3000  CC-BY 40
(()I‘{’:'fzk éﬁ}’gi"&"iﬁﬁlﬁgfo'f) ta, my, km GR, ASR 6.33 171 17.15 CC-BY-SA 4.0
Bloom-Speech (Leong et al., 2022) tl, my, en ASR 0.84 0.47 29.46 CCBY-NC 4.0
Thai Elderly Speech (Lovenia and et al., 2024)  th ASR, GR, SpkR 5.66 2.04 27.06 CC-BY-SA 4.0
LOTUS (Chotimongkol et al., 2009) th ASR 1.22 1.84 29.78 CC-BY-NC-SA 4.0
THAI SER (Lovenia and et al., 2024) th SpkR, GR, ER 6.22 0.60 29.86 CC-BY-SA 4.0

TLoc, TCQ, SQA,

SG Streets (Khassanov et al., 2019) en ASR. GR 6.55 0.80 59.97 NA
VietMed (Pham et al., 2023) vi ASR 1.74 2.00 12.00 MIT
VoxVietnam-O (Vu et al., 2025) vi SpkR 243 1.42 29.68 CcC
Bud500 (Pham et al., 2024) vi ASR 0.71 1.01 5.48 Apache-2.0
Vietnam-Celeb (Pham et al., 2023) vi GR 2.14 0.84 29.66 CC-BY-4.0
ASR-SMalDuSC (Lovenia and et al., 2024) ms ASR, SpkR, GR 8.51 2.64 29.22 CC BY-NC-ND 4.0
ASR-MALCSC (Magic Data Technology, 2025) ms ASR 0.74 0.61 18.16 CC BY-NC-ND 4.0
IndoWaveSentiment (Bustamin et al., 2024) id GR, ER 0.52 3.00 3.80 CC-BY-4.0
EmoTa (Thevakumar et al., 2025) ta SpkR, GR, ER 2.90 1.06 9.79 EACL
SFDUSC (Magic Data Technology, 2023) tl SpkR, GR, ASR 4.86 2.03 21.49 CC BY-NC-ND 4.0
YODAS2* (Li et al., 2023) en, id, zh, th, vi TLoc, TCQ, SQA 493.12 20.01 180.00 CC-BY 3.0
ESD (Zhou et al., 2022) en, zh ASR, ER, SpkR 6.56 1.41 10.79 MIT
MB3ED (Zhao et al., 2022) zh ER, GR 0.83 0.12 7.04 CC BY-NC-ND 4.0
MIG (Myanmar Innovative Group, 2025) my ASR, SpkR 1.50 0.80 21.39 NA
TEC (Thanushs25, 2024) ta ER 0.68 2.69 29.86 NA
ASR-SgpCCSC (Magic Data Technology) zh ASR 43.76 0.88 180.00 CC BY-NC-ND 4.0

curating and processing data from open-source ma-
terials. We also applied profanity and content fil-
tering on raw speech transcripts in the YODAS?2
dataset.

This standardized processing transforms diverse
datasets into a unified, reproducible benchmark
supporting consistent evaluation across models.

B.2 New Evaluation Data Construction

SpkR (Speaker Recognition): We constructed
datasets by sampling and concatenating pairs of au-
dio segments, separated by a short beep, drawn ei-
ther from the same speaker or from different speak-
ers, to create controlled instances for the speaker
verification task. Refer to Table 9 for the datasets
used to synthesize the speaker recognition task.

SQA (Spoken Question Answering): We care-
fully filtered the YODAS?2 dataset (Xinjian et al.,
2023) using CTC forced alignment scores between
the audio clips and the provided transcriptions with
a log-probability threshold of -1, exact language
match between the audio and text transcription,
as well as profanity and content filtering. Based
on the cleaned transcriptions, we generated ques-
tion—answer pairs using GPT-4.1 (OpenAl, 2024b).

TCQ (Timestamped Content Query): We fil-
tered the YODAS? dataset following the same pro-
cedure used for SQA. We then identified utterances
whose CTC log-probability exceeded -0.1, record-
ing their start and end timestamps. The task was
formulated such that models are required to tran-
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scribe utterances occurring between the specified
timestamps.

TLoc (Temporal Localization): We adopted the
same preprocessing procedure as in TCQ. The task
was formulated such that models are required to
predict the start and end timestamps corresponding
to specified utterances.

In all cases, we applied the same standardized
audio preprocessing, sample selection, and prompt
construction pipeline, ensuring these synthesized
datasets are consistent and compatible with the
broader benchmark.

C Definition of Prompt Advantage Score
(PAS)

We quantify prompt-language effects with a scale-
invariant score capturing both magnitude and direc-
tion. Let ssga and sgn denote task scores for SEA
language prompt and English prompt, respectively.
For each model M, task T', and language L, define
the symmetric relative difference

| ssea — seN |
)
\SSEA\;-|SEN| +e

ey

Ay =

and aggregate across models within task by the
median cZT7 1, = mediany dps 7 . Directionality
is encoded by the model-wise win rate of local
prompts wr, 1, = PM(SSEA > SEN)- The task-level
Prompt Advantage Score combines direction and



effect size:
PASr . = (2(wr —0.5)) -drr, (2

so PASp; > 0 favors local prompts and
PAS7 1, < 0 favors English. The language-level
score averages over the tasks covered by L, denoted
T(L):

PASy, = > PASrL. ()

TeT (L)

b
7(L)]

By construction, |[PASy | measures the strength of
prompt sensitivity while sign(PASy ) indicates the
preferred prompt language.

D Postprocessing of Evaluation

To ensure fair and consistent evaluation across
Southeast Asian languages, we design a unified text
normalization pipeline comprising three sequential
stages:

Canonical Form Conversion. Transcripts undergo
initial standardization through NFC Unicode nor-
malization and systematic lowercasing to eliminate
encoding inconsistencies and case variations. Con-
figurable punctuation filtering preserves linguisti-
cally meaningful characters (hyphens, apostrophes)
while removing extraneous symbols that could in-
troduce evaluation noise.

Content Filtering and Lexical Standardization.
Non-linguistic artifacts including speaker tags,
bracketed annotations, and conversational fillers
are systematically removed. Digital content under-
goes targeted normalization, and English contrac-
tions receive consistent expansion. For character-
based writing systems, e.g., Chinese and Thai, inter-
character spacing is inserted to enable reliable tok-
enization.

Language-Specific Enhancement and Validation.
We collaborated with native speakers across all
SEA languages to validate and refine normalization
heuristics.

E Evaluation Prompt Examples

We evaluate using parallel prompts in native SEA
languages and English. Prompt examples are pro-
vided in Figure 6 and 7.
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Figure 6: Overview of prompt examples: illustrative prompts provided for ASR, ST, SQA, AgeR, and ER tasks
across multiple languages.

Prompt Input Answer
Tasks Language Example Example
Text: Please help me transcribe the speech into text in English. ¥ @: Activity. Draw a picture of you playing a
[English Speech] sport.
ENG Text: Listen to the speech and provide the text version in @: Angin kencang, hujan batu, pemendakan
Malay. ¥ [Malay Speech] berlebihan dan kebakaran hutan adalah bentuk
. dan kesan cuaca yang teruk. Begitu juga ribut
1S&ut0nlllatlc petir, tornado, semburan air dan siklon.
peec s ) .
Recognition Text: Sila bantu saya transkripsikan ucapan ini ke dalam bentuk @: Angin kencang, hujan batu, pemendakan
teks dalam Bahasa Melayu. % [Malay Speech] berlebihan dan kebakaran hutan adalah bentuk
dan kesan cuaca yang teruk. Begitu juga ribut
SEA petir, tornado, semburan air dan siklon.
Text: njmﬂhunaﬂL?wqmﬂﬁtﬂuAﬁ‘ﬂﬂﬂuiunmmmﬂwuﬁ‘nuﬁz @: huRagAameg e iliggieuahnmudilseg
¥ [Thai Speech]
Text: Please help me translate the speech into text in English % @: The television reports that the white smoke
[Malay Speech] seen is from plants.
ENG Text: Recognize the verbal content in the speech and translate it~ @: The smaller the Rossby number, the less
into text in English. %:: [Thai Speech] movement the star will have in relation to the
reversal of the Earth's magnetic poles.
Speech Text: 39(51(\%6 :% 20236 (75‘7% o)ooaog:?a@o% @: Strong winds, heavy rain and sleet, and
Translation omooo[;ﬁeozq(? coE@sygoln % [Burmese Speech] lightning are forms and effects of severe weather
such as thunderstorms, tornadoes, waterspouts,
SEA and cyclones.
Text: Vui long gitip t6i chuyén 16i néi thanh vin ban bing Tiéng @ In his writing on the presidential speech,
Anh % [Vietnamese Speech] Oliver Sacks points out how people who are
unable to understand the speech due to brain
damage can still accurately judge its truthfulness.
Text: How many housing units were scheduled to be built in @ Sixteen thousand five hundred housing units.
Bedok under the mentioned plan?
ENG % [English Speech]
Text: What can the playback tab be used for? %:: [English @: It can be used to play videos or adjust effects.
Spoken Speech]
Question . X . .
Answering Text: Untuk apa sendok diambil dalam proses mengambil air @ Sendok diambil agar bisa merendam semua
sirih merah? %:: [Indonesian Speech] sirih merah.
SEA Text: Vi sao ngudi n6i cam thiy budn dau va phai chon gidu ndi @: Vi di qua nhidu méi tinh (?6 v ma khong ai
buon d6? ¥: [Vietnamese Speech] ¢ lai, khién nguoi ndi cam thay budn dau va phai
chén gidu ndi budn do.
Text: Can you guess the speaker's age based purely on their voice  @: adult (20-59)
characteristics? Choose among these age categories: teens (10-
G 19), adult (20-59), or senior (60-100). ®¥:: [English Speech]
EN - . .
Text: Can you estimate the speaker's age from the audio sample? ~ @: Based on the audio sample, the speaker is
Select an age category: teens (10-19), adult (20-59), or senior (60- likely in the adult (20-50) age category.
100). ¥ [Thai Speech]
Age . . . . . " .
Recognition Text: GLUEFME 9llqLILIOLUITES Q&Mssor (B, GLIgLD @: QuIiGuI (20-59)
BUGEG DM FPTEH QLIS eUTLDEMLI QULOMIS
S,pu}‘ LOM? SWIO|QFUIHI 626 QUG LNflemen
SEA &Ih6& B &&6ULD: QenenGim (10-19), QuIGuImy
(20-59), SIGVEVGI CLPECHNI (60-100). ¥:: [Tamil Speech]
Text: vndvsvosyn quinhduaoglutnegiienguergla? njsndennianguory @ flug) (20-59)
on: doju (10-19), dlug (20-59), dgeog (60-100) ¥ [Thai Speech]
Text: Based on the speaker's speech patterns, what do you think @: The speaker’s speech suggesting they might
they are feeling? % [English Speech] be feeling neutral.
ENG . . . . . .
Text: Can you identify or describe any emotions or feelings @ happy
expressed by the speaker? Answer only using one sentence. Do
not explain. ¥ [Tamil Speech]
Emotion . 4 a v vz A9 42 Ay o S g v P P .
Recognition Text. ﬂﬂ!?ﬂlﬂiﬂ55'1._|VlyifJﬂﬁll'lfJf]'Iﬁll?ll'HﬁEIﬂTIiJZﬂﬂ“VIPJ’IC!ﬂ!lﬂﬂQfJBﬂlJ'I lﬂvﬁﬂ 111. njan w, Qmﬂllﬂﬂiﬂ'ﬂuzﬁﬂﬂ!ﬂﬂiﬂ vliJWEI]i] HAZDITUURUIRNYIDIN
aoudvilsz Teamouiniu MweTineriumby U
@ [Thai Speech]
SEA @: Emosi yang ditunjukkan adalah kepuasan.

Text: Apa interpretasi Anda terhadap emosi yang ditunjukkan
dari petunjuk emosional yang ada dalam audio? Berikan jawaban
satu kalimat tentang emosi tersebut. Jangan berikan alasan. %
[Indonesian Speech]
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Figure 7: Overview of prompt examples: illustrative prompts provided for GR, SpkR, TCQ, and TLoc tasks across

multiple languages.

Prompt Input Answer
Tasks Language Example Example
Text: Can you identify the speaker's gender based on the audio @ male.
(Male or Female)? ¥:: [English Speech)]
ENG "
Text: From the audio, can you guess the speaker's gender (Male @ female.
or Female)? % [Thai Speech]
Gender Text: 919 GUITEN6U Sliq LILIEHL_LLITES Cl&Tetor(h @: o) 6001,
Recognition Gu&LD BLIFI68T LITeOI60TS6M S (46801 4606V GILI6TT)
SIML_UITETLD SIT600T (WPIq.WJLOM? ¥ [Tamil Speech]
SEA - R
Text: Dapatkah Anda membedakan jenis kelamin pembicara @: Laki-laki.
berdasarkan audio ini (Laki-laki atau Perempuan)? %::
[Indonesian Speech]
Text: A beep sound is placed between the two audio segments. Is @ Yes, the speakers are the same.
there a match between the identity of the speakers in the two
ENG recordings? % [English Speech]
Text: A short beep marks the break between the two audio clips. @ No, the speakers are different.
Do you think both clips feature the same speaker? %:: [Burmese
Speaker Speech]
Recognition Text: Bunyi beep diletakkan di antara dua segmen audio. Adakah @: Tidak, pembesar suara berbeza.
terdapat padanan identiti penutur dalam kedua-dua rakaman ini?
< [Malay Speech]
SEA ] . ) . s
Text: Hai doan am thanh duoc cung cip duoc ngin cach boi mot  @: Khong, loa thi khac nhau.
tiéng bip. Liéu nguoi ndi trong hai doan am thanh nay co6 phai la
cting mot ngudi khong? ¥ [Vietnamese Speech]
Text: Please help me transcribe the speech into text in English, @: The first phase of the eastern line which
for the audio between 21.96 and 25.54 seconds. ¥:: [English included aljunied.
Speech]
ENG . . . . 9 da E) A ' Y
Text: Process the speech and provide the text output in Thai for @ midouiianuesdemaiionigumdiya
the duration 6.07 to 9.6 seconds.
®:: [Thai Speech]
TCQ Text: Nghe doan phét biéu va cung cip phién ban vin bin bing ~ @: Tinh thué cho timg ¢4 nhan hoan toan ty
Tiéng Viét, bao gom phan tir 12.03 dén 16.38 giay. dong dé ndp ve tirng quoc gia so tai.
< [Vietnamese Speech]
SEA Text: Ubah masukan ucapan menjadi transkripsi teks dalam &: Kemudian untuk voice setting di sini ada
Bahasa Indonesia. Bagian audio yang relevan adalah dari detik lagi di sini kalian bisa menambahkan untuk
15.12 hingga 20.87. kecepatannya.
®:: [Indonesian Speech]
Text: Please give me the start and end time (in seconds) of the @ The time interval is **[00:22:257 -
following content in the audio clip: 80% equal to 1.38 kilograms. ~ 00:25:437]**.
% [English Speech]
ENG Text: Identify when the following content occurs in the audio by ~ @ The start and end time of the content
providing the start and end time in seconds: dan sekian informasi  is:\n**Start:** 00:17.060\n**End:** 00:22.259
dari saya dan kiranya bilamana ada yang ditanyakan silahkan.
TLoc ®:: [Indonesian Speech]
Text: : udisrnaiassiuionilliddos (i) mroenuumdoduniomds  @: [ 0:0:165 — 0:1:835 | mssemnideduadoausamu
mo. ¥ [Thai Speech]
SEA Text: Kapan frasa ini muncul di audio? Berikan waktu mulai dan @: Tentu, frasa tersebut muncul pada waktu

selesai dalam detik: dan sekian informasi dari saya dan kiranya
bilamana ada yang ditanyakan silahkan. ®:: [Indonesian
Speech]

berikut:\nMulai: 17:039 detik\nSelesai: 22:189
detik
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F Model-as-Judge Prompt Examples

Table 10: Model-as-Judge prompts, adopted from
(Wang et al., 2024). To ensure protocol consistency,
human judges followed the same evaluation instruction.

Task

Prompt

SQA

[Question]
{question}

[Reference]
{reference}

[Model Prediction]
{prediction}

[Task]

Rate the model prediction based on its alignment with the reference, focusing on accuracy and relevance to the reference.
Be critical.

ScoreQ: The prediction repeats or rephrases the question without giving an answer.

ScoreQ: The prediction is refusing to give concrete results, providing something like ’cannot decide’.

Score0: The prediction is completely misaligned, providing incorrect or irrelevant information compared to the reference.
Scorel: The prediction shows minimal alignment, often misunderstanding or providing irrelevant details unrelated to the
reference.

Score2: The prediction recognizes the topic but diverges significantly from the reference in accuracy or relevance.
Score3: The prediction aligns with the reference generally but lacks detail or precise accuracy in some aspects.

Score4: The prediction is mostly accurate and relevant, closely following the reference but could be clearer or more
detailed.

Score5: The prediction is highly accurate, detailed, and matches the reference perfectly, capturing its essence and detail.

Your response should be formatted as follows: Explanation: (Provide a concise explanation of your rating, comparing the
reference with the model prediction. "The reference is [XXX], while the model prediction is [YYY]. I think ...") Rating: (int)

AgeR
ER
GR

SpkR

[Question]
{question}

[Reference]
{reference}

[Model Prediction]
{prediction}

[Task]

Rate the model prediction based on its alignment with the reference, focusing on accuracy and relevance to the reference.
Be critical.

Score0: The prediction repeats or rephrases the question without giving an answer.

Score0: The prediction is refusing to give concrete results, providing something like ’cannot decide’.

Score0: The prediction is wrong, providing incorrect or irrelevant information compared to the reference.

Scorel: The prediction is correct, capturing or covering the meaning from the reference.

Your response should be formatted as follows: Explanation: (Provide a concise explanation of your rating, comparing the
reference with the model prediction. "The reference is [XXX], while the model prediction is [YYY]. I think ...") Rating: (int)
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G Detailed Evaluation Results
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Table 11: ASR performance: results across datasets comparing English and SEA prompts. Scores are reported as
raw WER and CER values without normalization; lower values indicate better performance.

MERaLION2 MERaLioN2 S¢21-LMs :ﬂ::ln‘i‘- Kimi Voxtral ?s:::f Q;.V;n QZsen gemma gemma Gemini Whisper GPT

Model 108 3B Audio | odal Audio mini 7B Omni Omni o0 3n 25 large  do

7B instruct Instruct 3B 7B E4B-it E2B-it Flash v3  Audio

size | 108 3B 7B 568 7B 3B 7B 3B 7B 4B 2B - I5B -

Data Metrics Lang Prompt ‘ No Prompt
Bloom-Speech ~ WER en  ENG 0.06 0.07 074 006 006 020 013 006 006 038 052 005 004 006
SEA 0.06 0.07 074 006 006 020 013 006 006 038 052 005 - -

CER my ENG 0.74 0.99 108 229 250 294 098 274 419 236 494 073 155 098

SEA 078 098 119 482 957 333 172 130 324 656 836 075 - -

WER t ENG 0.14 0.14 084 560 900 335 119 041 050 023 063 009 012 0.1l

SEA 0.17 0.17 137 310 406 224 310 041 184 058 148 008 - -

Bud500 WER vi ENG 0.10 0.05 011 150 3871 162 145 008 007 709 889 015 047 021
SEA 0.1 034 0.1 355 2894 348 289 008 019 668 7.18 015 - -

Commonvoice =~ WER en ENG 0.08 0.09 013 008 007 010 013 008 007 023 038 011 009 010
SEA 0.08 0.09 013 008 007 010 013 008 007 023 038 0.1 - -

WER id ENG 0.1 0.1 010 144 068 038 074 011 010 047 025 003 008 006

SEA 0.07 0.13 019 161 060 037 079 012 010 068 140 003 - -

WER ta ENG 050 052 149 183 434 133 141 113 141 068 195 029 064 046

SEA 033 058 141 336 234 137 197 169 113 233 293 028 - -

CER th ENG 0.16 0.1 005 235 138 053 131 014 076 051 430 003 007 007

SEA 0.09 021 005 841 114 045 127 016 078 1141 579 004 - -

WER vi ENG 0.46 056 048 125 086 078 134 049 048 110 107 009 045 0.14

SEA 0.16 0.73 048 172 102 076 0.1 048 047 128 097 009 - -

CER zh ENG 0.12 0.14 010 0.3 007 047 024 006 005 080 262 024 018 0.1

SEA 0.12 0.16 008 007 005 044 012 006 005 214 236 011 - -

ESD WER en ENG 0.05 0.05 006 003 005 016 008 004 004 014 027 005 004 006
SEA 0.05 0.05 006 003 005 016 008 004 004 014 027 005 - -

CER zh ENG 0.05 0.05 011 005 002 033 021 002 002 051 176 012 004 005

SEA 0.05 0.05 007 002 002 039 005 002 002 074 111 008 - -

FLEURS WER 1 ENG 0.16 0.18 106 592 094 141 198 080 057 007 016 007 012 007
SEA 0.16 022 115 434 060 101 165 089 183 017 018 008 - -

WER id ENG 0.06 0.10 045 407 047 034 074 018 010 054 009 003 007 004

SEA 0.06 0.12 012 319 036 028 064 011 031 010 009 003 - -

CER km ENG 0.86 171 100 442 821 114 106 323 455 112 490 017 135 031

SEA 0.98 1.43 216 225 442 092 140 1163 448 241 783 020 - -

CER lo ENG 039 0.86 101 245 452 129 108 139 263 015 142 016 102 038

SEA 051 081 136 153 634 124 120 144 180 175 260 022 - -

WER ms ENG 0.11 0.14 076 334 132 044 103 028 027 086 018 005 008 006

SEA 0.1 0.19 029 274 035 042 087 030 017 015 015 005 . .

CER my ENG 0.79 1.19 110 185 1020 3.62 1.07 262 443 015 316 013 116 044

SEA 0.76 1.03 110 435 887 307 L1l 199 401 142 197 012 - .

CER th ENG 0.14 0.13 010 414 293 057 104 016 120 015 403 007 009 004

SEA 0.1 022 0.10 540 245 049 L14 0.5 095 142 473 004 - .

WER vi ENG 0.10 0.16 091 446 239 040 105 010 009 017 030 006 008 004

SEA 0.08 0.26 016 411 153 034 142 011 009 019 032 004 - .

CER zh ENG 0.10 0.12 084 0.1 008 036 018 007 006 025 100 018 008 007

SEA 0.10 0.1 084 007 008 035 010 007 006 100 100 009 - -

ASR-MALCSC WER ms ENG 021 0.26 079 382 1423 130 177 021 101 486 281 026 031 042
SEA 022 027 071 266 770 184 168 071 124 407 458 026 - -

MIG CER my ENG 1.06 159 147 258 1247 830 147 112 945 813 163 031 255 078
SEA 097 153 200 935 1558 280 209 164 443 358 553 029 - -

OpenSLR CER km ENG 0.68 172 L14 180 233 229 110 271 161 229 294 009 470 029
SEA 0.88 174 218 591 464 280 113 842 170 289 392 030 - -

CER my ENG 071 0.97 116 180 678 534 116 157 388 126 151 005 251 042

SEA 074 1.07 263 751 131 552 213 097 440 099 142 006 - -

WER ta ENG 0.26 034 155 203 458 106 155 158 126 022 045 024 251 035

SEA 026 0.40 130 359 247 110 222 158 147 071 085 025 - -

SFDUSC WER d ENG 024 027 120 377 031 244 248 059 059 042 048 023 025 024
SEA 025 0.10 11 382 130 224 407 070 061 039 075 021 - -

ASR-SgpCCSC ~ CER  zh  ENG 0.07 0.1 030 0.3 004 062 019 005 005 119 080 019 100 013
SEA 0.07 0.09 021 382 004 071 021 005 004 555 177 012 - -

SG Streets WER en ENG 0.10 0.05 057 007 082 039 020 009 009 227 411 022 100 029
SEA 0.10 0.05 057 017 082 039 020 009 009 227 411 022 - -

ASR-SMalDuSC WER ms ENG 0.07 0.1 027 228 221 055 027 021 022 023 018 002 100 003
SEA 0.07 0.10 027 224 130 056 108 021 023 026 024 002 - -

Thai Elderly Speech CER  th  ENG 0.08 0.07 004 207 156 071 135 014 017 054 272 007 006 0.10
SEA 0.08 022 004 838 116 075 132 020 0.2 746 263 005 - -

LOTUS CER th ENG 0.02 0.03 002 335 451 046 114 004 003 006 106 001 003 00l
SEA 0.02 0.12 003 651 137 050 003 004 003 125 117 003 - -

VietMed WER vi ENG 027 0.64 027 447 2147 092 027 040 035 249 480 018 065 044
SEA 0.28 049 027 323 1944 148 156 040 026 271 407 019 - -

Average ENG 027 0.41 065 229 485 142 095 067 124 127 201 014 074 022
SEA 027 043 074 339 430 145 120 LIl 108 228 250 014 - -
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Table 12: Age Recognition performance: results across datasets comparing English and SEA prompts. Evaluation is
conducted using the Model-as-Judge metric, where higher scores indicate better performance.

Model MERaLiON2 MERaLiON2 Se:lll‘(]i‘iﬁ/ls rlr)ll:lllt‘i'- Kimi Voxtral %::1:1; szsen szsen B B Ge;;i“i G:)T
10B 3B 7B -modal Audio mini 7B Omni Omni E4B-it E2B-it Flash Audio
instruct Instruct 3B 7B
Size 10B 3B 7B 5.6B 7B 3B 7B 3B 7B 4B 2B - -
Data Lang Prompt

Commonvoice en ENG 63.10 61.00 54.10 4535 38.00 58.10 36.90 29.30 36.90 63.60 59.45 72.00 65.00
SEA 63.10 61.00 54.10 4535 38.00 58.10 36.90 29.30 36.90 63.60 59.45 72.00 65.00
ta ENG 64.65 71.60 52.70 4920 51.70 77.00 18.00 48.50 18.00 65.50 63.95 75.00 71.00
SEA 47.90 16.10 1.10 16.30 14.80 38.10 19.35 7.00 19.35 38.40 17.00 77.00 62.00
th  ENG 57.81 67.23 68.77  40.39 49.10 81.81 1690 48.52 1690 73.42 72.13 74.00 78.00
SEA 42.19 51.87 1.00 53.16 63.48 6142 025 4374 026 68.13 49.16 85.00 53.00
vi ENG 73.23 66.57 63.03 34.81 5552 85.83 696 58.58 6.96 71.79 66.03 86.00 86.00
SEA 64.35 52.34 1.00 30.09 62.61 33.73 1.56 33.13 1.56 6140 33.01 90.00 81.00
zh  ENG 72.40 74.60 77.20 47.50 4525 75.80 2230 67.60 22.00 74.10 68.00 73.00 83.00
SEA 69.00 51.00 1.00 65.00 63.20 71.70 57.60 59.20 57.60 62.15 3520 73.00 45.00
Average ENG 66.24 68.20 63.16 4345 4791 7571 2021 50.50 20.15 69.68 6591 76.00 76.60
SEA 57.31 46.46 11.64 4198 4842 5261 23.13 3447 23.13 58.74 3876 79.40 61.20

Table 13: Emotion Recognition performance: results across datasets comparing English and SEA prompts. Evalua-
tion is conducted using the Model-as-Judge metric, where higher scores indicate better performance.

Model MERaLiON2 MERaLiON2 Se:ﬁ;a/ls Iflllllllt‘i‘- Kimi Voxtral ?&vu::eliloz szgn szsen setma gelna Ge;'si“i (Zl;T
10B 3B 7B -modal Audio mini 7B Omni Omni E4B-it E2B-it Flash Audio
instruct Instruct 3B 7B
Size 10B 3B 7B 5.6B 7B 3B 7B 3B 7B 4B 2B - -

Data Lang Prompt
EmoTa ta ENG 8.33 15.12 6.78 21.58 1533 833 23.08 7.26 1458 849 8.23  12.00 8.00
SEA 11.97 10.84 0.85 224 791 373 096 085 1.00 694 1143 9.00 17.00
ESD en ENG 19.50 23.40 12.85 19.80 64.70 9.05 4090 940 1355 850 9.5 15.00 13.00
SEA 19.50 23.40 12.85 19.80 64.70 9.05 4090 9.40 1355 850 9.15 15.00 13.00
zh  ENG 16.70 19.90 7.70 17.80 7125 555 3460 1550 18.10 10.55 11.60 14.00 7.00
SEA 14.15 18.75 7.45 12.50 66.15 4.80 47.55 17.70 16.10 12.65 13.65 14.00 13.50
IndoWaveSentiment id ENG 20.00 20.67 11.67 18.33 27.83 11.00 13.33 11.33 13.33 17.00 15.83 26.00 23.00
SEA 23.33 18.00 17.50 3.67 29.83 8.67 15.50 16.00 14.33 13.33 9.67 18.00 22.00
M3ED zh  ENG 19.35 26.65 10.90 20.65 19.00 7.95 1430 11.95 13.50 735 1020 16.00 12.00
SEA 23.25 23.40 13.35 13.50 23.15 0.85 19.80 18.55 19.60 13.20 10.75 16.50 14.00
TEC ta ENG 34.85 42.42 24.85 30.30 4242 23.12 3091 2848 27.58 21.52 19.39 4250 43.00
SEA 36.97 20.30 1.82 3.64 2181 6.06 242 121 121 3152 27.88 35.00 47.00
THAI SER th  ENG 12.36 19.74 11.62 17.59 17.48 9.31 14.19 10.26 13.66 13.82 11.10 11.00 13.00
SEA 13.19 16.44 10.37 9.06 84.29 4.29 838 597 733 1136 9.63 10.00 10.00
Average ENG 22.56 26.55 15.53 2299 3588 1455 26.74 15.79 19.10 17.61 16.75 23.81 19.88
SEA 23.97 21.96 12.76 12.78 40.86 9.94 2226 12.72 1395 1890 17.59 21.44 22.06
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Table 14: Gender Recognition performance: results across datasets comparing English and SEA prompts. Evaluation
is conducted using the Model-as-Judge metric, where higher scores indicate better performance.

Model MERaLiON2 MERaLiON2 Se:EdLiZIS :;llllllt‘i‘- Kimi Voxtral ?A:;?oz sz;n sz;n ge';':’a ge';l:m Gezl_’;i"i G::)T
10B 3B 7B .-modal Audio mini 7B Omni Omni E4B-it E2B-it Flash Audio
instruct Instruct 3B 7B
Size 10B 3B 7B 5.6B 7B 3B B 3B 7B 4B 2B - -

Data Lang Prompt
Commonvoice id ENG 45.20 45.30 54.90 3580 93.50 32.00 9520 41.20 59.30 49.60 2220 95.00 46.00
SEA 57.30 62.92 56.18  57.30 66.30 4494 61.80 62.92 52.81 57.30 60.67 82.02 53.93
ta ENG 53.00 51.40 50.10 4570 90.60 44.60 96.80 23.80 53.90 54.70 37.20 95.00 33.00
SEA 40.40 46.90 0.10 790 57.60 1320 740 040 4.10 1230 17.20 92.00 35.00
th  ENG 50.07 36.14 5743 2851 96.12 44.18 96.79 46.18 61.45 51.54 29.18 93.00 50.00
SEA 23.96 53.55 49.00 2892 89.42 3.88 9639 3233 67.47 19.14 254 91.00 40.00
vi ENG 24.05 18.82 83.01 3425 9451 50.07 95.16 4275 49.41 38.04 33.73 90.00 26.00
SEA 14.64 43.14 81.57 1830 9441 22.09 9752 2144 9.80 366 3.53 77.00 35.00
zh  ENG 53.70 34.60 68.90  57.10 83.90 4090 98.20 75.30 81.80 41.00 17.80 90.00 49.00
SEA 35.50 36.50 68.90 4470 6450 31.40 9840 60.90 88.90 37.95 26.60 91.00 21.00
EmoTa ta ENG 67.31 49.36 52.88 40.81 9092 22.01 98.82 17.41 36.81 5534 4936 94.00 25.00
SEA 48.93 4776 0.21 8.65 7543 1047 235 128 2.67 11.65 9.19 94.00 33.00
FLEURS en ENG 58.27 67.54 39.41 6244 97.84 804 9938 4420 30.76 5224 2635 97.00 78.00
SEA 58.27 67.54 3941 6244 97.84 8.04 99.38 44.20 30.76 52.24 26.35 97.00 78.00
km ENG 56.60 31.90 72.03 29.93 99.22 38.04 78.82 33.73 43.66 48.89 11.37 99.00 62.00
SEA 43.40 56.34 0.39 2608 4706 196 549 235 1.05 275 0.78 97.00 15.00
IndoWaveSentiment id ENG 71.67 63.67 50.33  42.00 91.33 533 9833 13.00 65.00 58.00 20.00 96.00 60.00
SEA 60.67 3.60 50.00 2233 7933 133 94.00 19.33 31.67 24.00 13.33 95.00 14.00
M3ED zh  ENG 84.30 64.50 51.40 82.80 74.60 8.80 86.30 15.80 43.30 58.05 30.80 84.00 23.00
SEA 70.70 80.60 5380 7210 78.90 6.10 78.00 11.30 78.90 4545 2420 81.00 12.00
OpenSLR ta ENG 55.30 50.50 50.30  47.00 97.50 34.00 99.10 41.10 40.50 52.00 29.10 97.00 47.00
SEA 37.80 42.20 0.10 6.20 6080 9.40 800 0.80 470 1510 14.60 97.00 36.00
SG Streets en ENG 89.63 39.43 61.99 5346 9594 549 8455 894 569 6423 31.30 98.00 32.00
SEA 89.63 39.43 61.99 5346 9594 549 8455 894 569 6423 3130 98.00 32.00
ASR-SMalDuSC ms ENG 52.40 49.80 5220 2230 96.70 26.80 93.90 66.50 58.90 49.70 28.00 98.00 76.00
SEA 44.00 50.30 4570  37.00 9430 19.00 61.30 23.55 1590 34.70 20.20 96.00 24.00
Thai Elderly Speech th  ENG 68.15 55.75 3448 2258 9496 44776 9748 45.16 60.28 6573 26.66 99.00 46.00
SEA 26.92 46.47 69.56  45.67 84.68 333 9698 23.99 82.01 3740 242 8500 51.00
THAI SER th  ENG 63.46 63.87 49.21 5340 86.81 1832 87.54 31.10 60.00 56.86 27.23 86.00 44.00
SEA 61.78 58.12 81.15  41.68 8429 12.14 8586 26.13 80.00 3393 3.77 85.00 34.00
Vietnam-Celeb vi  ENG 65.80 54.80 50.90 4930 71.10 19.10 69.70 31.70 56.60 57.80 23.10 69.00 41.00
SEA 61.40 63.50 50.30 3030 72.80 5.00 69.30 23.00 27.50 10.65 1.60 73.00 36.00
Average ENG 59.78 4943 55.04 4498 89.52 28.67 9046 37.69 50.60 53.59 29.65 91.88 46.58
SEA 46.93 47.33 44.40 34.05 7847 1195 66.05 22.70 35.65 29.00 17.36 89.59 32.94
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Table 15: Speaker Recognition performance: results across datasets comparing English and SEA prompts. Evalua-
tion is conducted using the Model-as-Judge metric, where higher scores indicate better performance.

Model MERaLiON2 MERaLiON2 Se:l];;ﬁ/ls Il:)llllllt‘i‘- Kimi Voxtral %:.ei?j szgn szsen Bema e G";’Si“i G::)T
10B 3B - -modal Audio mini 7B Omni Omni E4B-it E2B-it Flash Audio
instruct Instruct 3B 7B
Size 10B 3B 7B 5.6B B 3B B 3B 7B 4B 2B - -

Data Lang Prompt
EmoTa ta ENG 53.10 43.06 56.94 14.10 57.05 46.15 50.64 26.50 13.25 39.53 4199 71.00 6.00
SEA 53.85 31.73 0.00 15.71 51.17 3397 1544 791 1239 2799 40.92 73.00 13.00
ESD en ENG 52.90 39.20 56.75 3490 53.80 37.70 4790 2440 5.70 39.10 4590 71.00 10.00
SEA 52.90 39.20 56.75 3490 53.80 37.70 4790 2440 5.70 39.10 4590 71.00 10.00
zh  ENG 53.10 43.70 49.10 2480 48.00 4240 51.60 31.70 2330 41.40 41.20 59.00 12.00
SEA 50.60 43.30 48.10 4520 4490 4350 4530 38.10 30.70 45.58 44.40 61.00 4.00
mig my ENG 50.00 35.15 53.50 22.50 5090 31.50 54.60 30.60 13.50 3590 29.40 70.00 5.00
SEA 36.50 12.70 0.20 11.60 12.60 27.20 1.00 630 645 4380 37.30 77.00 4.00
ASR-SMalDuSC ms ENG 59.20 44.50 57.80 2320 59.30 47.00 46.60 24.00 10.80 37.40 44.00 74.00 14.00
SEA 48.05 39.30 42.20 28.20 59.70 4470 41.10 29.40 17.20 47.60 38.90 82.00 16.00
Thai Elderly Speech th ENG 52.92 38.13 52.29 2042 52.10 5031 48.02 29.48 14.27 42.81 43.65 75.00 6.00
SEA 34.06 26.77 37.92 2740 56.25 4156 43.65 6.56 5.00 3849 30.52 71.00 7.00
THAI SER th  ENG 51.02 38.45 50.70 22.13 58.00 46.72 50.16 30.93 18.80 41.57 46.94 70.00 20.00
SEA 42.96 36.84 42.86 30.08 60.47 34.80 42.11 1224 6.20 37.16 35.02 61.00 7.00
VoxVietnam-O vi  ENG 53.80 35.80 51.60 24.10 54.10 4140 4930 31.10 17.40 4130 45.70 79.00 11.00
SEA 50.00 39.80 46.90 2680 46.40 2530 56.00 17.40 7.90 38.00 41.60 78.00 6.00
Average ENG 53.25 39.75 53.59 2327 5416 4290 49.85 2859 14.63 39.88 4235 71.13 10.50
SEA 46.12 33.71 34.37 27.48 48.16 36.09 3656 17.79 11.44 39.72 3932 71.75 8.38
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Table 16: Speech Translation performance: results across datasets comparing English and SEA prompts. Evaluation
is based on the BLEU metric, where higher scores indicate better performance.

Model MERaLiON2 MERaLiON2 Se:l]l‘;l;’ls ;Ellt‘i‘- Kimi Voxtral ?xvl:.ei?: szgn szgn ge‘;‘;“a ge's‘:“a Gez'gi“i G:;T
10B 3B 7B -modal Audio mini 7B Omni Omni E4B-it E2B-it Flash Audio
instruct Instruct 3B 7B
Size 10B 3B 7B 5.6B 7B 3B 7B 3B 7B 4B 2B - -
Data Lang Prompt
FLEURS id ENG 32.48 20.97 25.55 0.70 10.75 35.02 9.37 16.65 16.55 2140 20.52 24.07 33.44
SEA 30.02 21.98 25.97 0.13 16.81 3458 623 11.15 17.93 24.80 17.57 2443 3490
km ENG 2.19 0.50 0.73 023 035 7.04 047 026 048 472 252 1240 6.34
SEA 1.97 0.45 0.33 005 049 0.08 0.11 027 024 471 250 13.76 7.52
lo ENG 11.34 1.03 591 0.04 055 1044 047 249 306 7.66 675 1536 13.61
SEA 12.09 0.88 1.04 0.01 1.04 055 0.11 080 235 894 7.18 15.04 13.06
ms ENG 31.04 15.52 19.71 1.04 6.15 3044 525 12.16 13.19 1824 1641 2649 33.53
SEA 34.35 13.09 20.30 0.22  20.02 30.33 257 10.12 14.24 23.04 14.37 23.70 33.93
my ENG 0.37 0.12 0.29 0.11 0.03 0.73 040 0.11 035 0.78 035 8.59 147
SEA 0.59 0.14 0.03 0.11 0.04 0.63 0.14 0.02 0.10 0.73 0.10 15.05 2.08
th  ENG 17.22 3.47 12.30 0.14 242 1953 047 790 834 1295 957 1693 2241
SEA 18.70 5.59 11.51 0.02 352 20.15 055 7.86 929 1490 849 2025 2293
tl ENG 25.79 8.28 1.67 092 599 3042 1.68 252 250 17.14 1298 14.50 28.48
SEA 27.22 7.76 1.76 0.10 23.27 30.69 1.25 089 229 2247 1444 16.09 26.20
vi ENG 19.18 6.50 13.52 0.12 394 2479 205 1140 12.02 7.19 489 17.26 27.10
SEA 2291 5.95 13.00 0.01 419 25.05 191 10.31 1232 11.84 7.51 19.74 30.27
zh  ENG 20.14 11.63 17.01 24.08 0.01 21.36 20.69 14.89 1473 872 6.75 16.18 24.77
SEA 20.74 10.94 17.11 228 0.0l 21.30 15.88 15.02 13.81 10.78 6.37 2191 21.60
Average ENG 17.75 7.56 10.74 3.04 336 1998 454 760 791 1098 897 1686 21.24
SEA 18.73 7.42 10.11 032 771 1815 320 6.27 806 1358 8.72 18.89 21.39
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Table 17: TCQ performance: results across datasets comparing English and SEA prompts. Scores are reported as
raw WER and CER values without normalization; lower values indicate better performance.

Model MERALiON2 MERaLiON2 Se::“;i:’[s :;:;- Kimi Voxtral %ﬁff szsen sz gn gem:'a ge';':'a Gez'_"si"i G4]:T
10B 3B 7B -modal Audio mini 7B Omni Omni E4B-it E2B-it Flash Audio
instruct Instruct 3B 7B
Size 10B 3B 7B 5.6B 7B 3B 7B 3B 7B 4B 2B - -
Data Lang Length (Max) Prompt
SG Streets en 30 ENG 243 2.43 2.12 267 247 189 230 264 421 220 232 047 224
SEA 243 2.43 2.12 267 247 189 230 264 421 220 232 047 224
60 ENG 3.44 3.47 - 2.10 336 212 - 229 335 1091 1.94 0.76 249
SEA 3.44 3.47 - 2.10 336 212 - 229 335 1091 1.94 0.76 249
ASR-SgpCCSC zh 30 ENG 4.78 5.44 6.54 548 994 684 9.08 391 3.69 884 955 157 517
SEA 4.34 5.13 5.68 4.07 1043 546 887 415 291 862 9.67 1.57 499
60 ENG 9.85 11.28 - 6.72 2274 12.86 - 385 573 998 936 1.89  8.00
SEA 9.50 10.25 - 4.03 2095 8.16 - 377 371 9.08 8.83 1.89  9.21
120 ENG 20.93 21.15 - 18.92 41.07 27.07 - - 1859 - - 3.10 8.68
SEA 20.86 17.09 - 1494 3736 12.12 - - 8.19 - - 3.10 10.81
180 ENG 20.59 - - - 5741 36.85 - - - - - 330 735
SEA 21.81 - - - 56.92 16.92 - - - - - 330 9.04
YODAS2 en 30 ENG 534 5.31 3.81 453 579 3.62 457 494 442 503 503 1.36 442
SEA 534 5.31 3.81 453 579 3.62 457 494 442 5.03 5.03 136 4.42
60 ENG 10.98 10.74 - 639 11.76 5.48 - 701 486 583 5.96 1.29 637
SEA 10.98 10.74 - 639 11.76 5.48 - 7.01 486 583 5.96 129 637
120 ENG 16.19 15.10 - 9.02 2228 9.09 - - 6.92 - - 1.82 649
SEA 16.19 15.10 - 9.02 2228 9.09 - - 6.92 - - 1.82 649
180 ENG - - - - - - - - - - - 1.75  6.72
SEA - - - - - - - - - - 1.75  6.72
id 30 ENG 3.82 3.70 342 2141 2232 271 405 376 323 3.78 3.81 0.64 3.18
SEA 3.77 3.50 352 14.13  9.58 3.06 386 3.81 454 400 391 136 320
60 ENG 7.88 6.44 - 14.18 19.97 4.40 - 526 4.09 423 430 121 447
SEA 7.63 6.00 - 943 876 475 - 553 653 424 444 1.79 523
120 ENG 13.07 9.45 - 1392 1649 17.27 - - 6.09 - - 1.38  4.88
SEA 12.59 9.08 - 1235 1094 6.27 - 8.20 - - 237 4.89
180 ENG 14.00 - - - 16.24 10.26 - - - - - 202 542
SEA 13.86 - - - 926 7.29 - - - - - 241 494
th 30 ENG 3.82 1.49 5.31 80.08 27.81 524 3.14 3629 9.68 921 1049 10.15 7.09
SEA 3.75 1.57 6.33 40.13 1643 6.93 247 1747 1256 985 1322 8.17 8.1
60 ENG 6.05 1.77 - 51.66 37.37 8.21 - 36.06 1139 9.79 9.80 9.32 1031
SEA 5.63 1.73 - 3739 17.88 9.97 - 2394 1333 9.74 9.89 743 11.61
120 ENG 10.10 2.10 - 4125 3292 1271 - - 11.80 - - 10.16 11.10
SEA 8.87 1.86 - 37.47 19.98 14.27 - 14.77 - - 8.02 11.84
180 ENG 10.52 - - - 60.78 14.44 - - - - - 12.21 12.98
SEA 9.76 - - - 27.66 16.71 - - - - - 9.93 12.87
vi 30 ENG 548 522 4.11 2125 1742 428 442 306 311 530 595 1.26 433
SEA 5.46 4.92 4.32 1475 1924 472 468 350 537 546 621 1.39 429
60 ENG 10.60 7.46 - 12.86 1543 7.54 - 380 378 579 585 1.12 5.16
SEA 10.42 6.25 - 11.12 1728 7.88 - 373 6.13 589 5.84 146 590
120 ENG 14.05 8.90 - 1576 11.24 11.77 - - 4.81 - - 46.66 5.90
SEA 13.95 7.34 - 19.65 23.72 11.90 - - 6.45 - - 201 572
180 ENG 12.22 - - - 17.52 16.12 - - - - - 1.77 531
SEA 12.03 - - - 26.28 12.47 - - - - - 206 455
zh 30 ENG 10.16 9.83 13.04 929 1221 8.61 11.38  6.57 10.10 1295 14.12 141 8.99
SEA 8.46 9.40 11.19 849 1223 691 11.00 531 7.93 1294 1358 298 10.74
60 ENG 17.60 16.31 - 1041 22.87 13.54 - 6.15 12.89 14.16 1526 286 10.92
SEA 15.95 14.34 - 1148 23.07 8.33 - 4.67 9.09 13.88 1508 440 13.01
120 ENG 28.66 22.18 - 1492 4431 2213 - - 2073 - - 294 14.59
SEA 2532 19.94 - 11.47 4327 10.74 - - 6.88 - - 373 15.04
180 ENG 31.04 - - - 61.92 33.00 - - - - - 351 13.76
SEA 28.22 - - - 73.53 14.62 - - - - - 449  17.39
180 ENG 17.67 - - - 4278 22.13 - - - - - 4.09 859
SEA 17.14 - - - 38.73 13.60 - - - - - 399 925
120 ENG 14.72 11.27 - 1625 24.04 12.86 - - 9.85 - - 944 738
SEA 13.97 10.06 - 1499 2251 9.20 - - 7.34 - - 301 7.83
30 ENG 5.12 4.77 5.48 20.67 14.00 4.74 556 874 549 676 732 241  5.06
SEA 4.79 4.61 528 12.68 10.88 4.66 539 597 599 687 770 247 543
60 ENG 9.48 8.21 - 14.90 19.07 7.74 - 920 6.58 738 749 264 6.82
SEA 9.08 7.54 - 11.70 1472 6.67 - 728 671 722 742 272 7.69
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Table 18: TLoc performance: results across datasets comparing English and SEA prompts. Evaluation is based on
the F1 score metric, where higher values indicate better performance.

Model MERaLiON2 MERaLiON2 Se:ﬁ;g’ls f.l'né'. Kimi Voxtral ?s:«ej:l: szsen szsen B B G‘;‘f;i“i G:; T
10B 3B =B -modal Audio mini 7B Omni Omni E4B-it E2B-it Flash Audio
instruct Instruct 3B 7B
Size 10B 3B 7B 5.6B 7B 3B 7B 3B 7B 4B 2B - -
Data Lang Length (Max) Prompt
ASR-SgpCCSC  zh 30 ENG 11.10 10.85 8.45 19.90 - - 19.10 13.10 31.21 7.86 6.44 11.89 22.19
SEA 11.10 10.85 8.45 19.90 - - 19.10 13.10 31.21 7.86 6.44 11.89 22.19
60 ENG 6.23 6.42 - 7.73 - - - 10.78 12.71 6.64 2.88 126 10.50
SEA 6.23 6.42 - 7.73 - - - 10.78 12.71 6.64 2838 126 10.50
120 ENG 4.18 2.59 - 4.66 - - - - 784 - - 455 6.14
SEA 4.18 2.59 - 4.66 - - - - 7.84 - - 455 6.14
SG Streets en 30 ENG 40.28 33.56 22.56 11.96 17.17 27.70 54.85 49.61 44.77 18.04 19.18 16.62 40.25
SEA 40.28 33.56 22.56 1196 17.17 27.70 54.85 49.61 44.77 18.04 19.18 16.62 40.25
60 ENG 23.75 15.16 - 530 11.13 17.90 - 29.78 38.05 7.36 12.87 17.90 37.94
SEA 23.75 15.16 - 530 11.13 17.90 - 29.78 38.05 7.36 12.87 17.90 37.94
YODAS2 en 30 ENG 22.99 20.00 9.92 1270 1478 1546 41.62 3401 3627 1649 1635 588 2430
SEA 22.99 20.00 9.92 1270 1478 1546 41.62 34.01 3627 1649 1635 5.88 24.30
60 ENG 13.91 11.46 - 6.79 843 7.6 - 21.07 18.67 1044 1136 798 17.14
SEA 1391 11.46 - 6.79 843 7.6 - 21.07 18.67 1044 1136 798 17.14
120 ENG 8.28 6.12 - 347 272 262 - - 10.78 - - 299 7.65
SEA 8.28 6.12 - 347 272 262 - - 1078 - - 299 7.65
id 30 ENG 27.44 24.58 1641 1402 17.06 2090 3826 4091 4527 1555 12.60 11.83 28.48
SEA 26.70 18.43 1978  10.63 15.04 1826 37.56 21.84 3471 20.16 16.19 16.19 30.01
60 ENG 14.90 12.99 - 747 994 1176 - 23.78 21.44 1050 9.66 11.04 20.84
SEA 14.82 10.85 - 7.66 815 10.77 - 12.86 0.00 14.53 11.59 1557 22.20
120 ENG 10.13 8.58 - 496 505 547 - - 16.59 - - 10.01 15.04
SEA 10.43 6.45 - 5.18 491 417 - - 1373 - - 9.42 15.60
th 30 ENG 17.79 17.42 8.94 10.48 12.97 1424 1647 2552 37.62 1245 948 12.83 26.66
SEA 16.04 1532 9.16 1375 13.02 10.84 1192 14.08 27.42 1071 693 2573 17.62
60 ENG 9.03 8.56 - 590 803 7.6 - 1476 1522 928 772 435 18.64
SEA 9.92 5.08 - 748 587 6.73 - 977 1720 736 5.62 1638 1551
120 ENG 5.65 4.13 - 3.04 4.08 3.78 - - 1117 - - 8.16 11.31
SEA 5.87 1.94 - 370  5.80 3.00 - - 6.75 - - 1581 9.18
vi 30 ENG 22.40 14.50 8.22 1030 15.84 18.81 35.08 33.18 39.17 12.14 1035 10.11 25.67
SEA 24.76 13.49 1404 1463 8.16 1544 2860 31.59 40.73 1223 10.82 8.70 28.80
60 ENG 12.18 11.54 - 429 976 8.86 - 17.98 2473 935 9.14 635 1198
SEA 14.77 7.92 - 770 1135 7.30 - 17.96 2844 10.95 888 7.28 21.40
120 ENG 6.34 7.34 - 244 484 3.6 - - 1273 - - 283 740
SEA 6.88 6.76 - 311 120 442 - - 2039 - - 3.40 12.68
zh 30 ENG 13.56 10.80 6.49 1141 9.3 997 27.69 17.10 1584 10.19 832 1243 17.77
SEA 12.52 10.61 6.69 11.02 1141 11.14 2621 1393 1646 1236 729 10.11 14.80
60 ENG 6.61 5.85 - 6.28 436 5.76 - 935 9.07 745 429 502 1773
SEA 6.80 7.91 - 562 580 5.6l - 850 11.54 695 7.5 413 4.64
120 ENG 3.85 2.08 - 326 1.81 293 - - 8.81 - - 489 3.64
SEA 3.98 4.38 - 316  0.00 235 - - 4.77 - - 6.32 434
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