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Abstract

We present Polyglot-Lion, a family of com-
pact multilingual automatic speech recognition
(ASR) models tailored for the linguistic land-
scape of Singapore, covering English, Man-
darin, Tamil, and Malay. Our models are
obtained by fine-tuning Qwen3-ASR-0.6B and
Qwen3-ASR-1.7B exclusively on publicly avail-
able speech corpora, using a balanced sam-
pling strategy that equalizes the number of
training utterances per language and deliber-
ately omits language-tag conditioning so that
the model learns to identify languages implic-
itly from audio. On 12 benchmarks spanning
the four target languages, Polyglot-Lion-1.7B
achieves an average error rate of 14.85, com-
petitive with MERaLiON-2-10B-ASR (14.32)
- a model 6× larger - while incurring a train-
ing cost of $81 on a single RTX PRO 6000
GPU. Inference throughput is approximately
20× faster than MERaLiON at 0.10 s/sample
versus 2.02 s/sample. These results demon-
strate that linguistically balanced fine-tuning
of moderate-scale pretrained models can yield
deployment-ready multilingual ASR at a frac-
tion of the cost of larger specialist systems.

1 Introduction

Singapore presents a uniquely demanding setting
for automatic speech recognition (ASR): four offi-
cial languages - English, Mandarin Chinese, Tamil,
and Malay - coexist in everyday communication, of-
ten within a single conversation or utterance. This
linguistic landscape is further complicated by the
prevalence of Singlish, a creole variety that draws
lexical and phonological material from all four lan-
guages, and by wide variation in speaker age, ac-
cent, and code-switching behaviour (Lim, 2004).
Together, these factors make Singapore one of the
most challenging real-world environments for mul-
tilingual ASR.

Despite this linguistic richness, high-quality
open-source ASR systems that cover all four

official languages simultaneously remain scarce.
General-purpose multilingual models such as Whis-
per (Radford et al., 2023) and MMS (Pratap et al.,
2024) provide broad language coverage through
large-scale pretraining, but their accuracy degrades
on lower-resource varieties such as Tamil and
Malay and on Singapore-accented English (Koh
et al., 2019). Audio-language models (ALMs) such
as Qwen2.5-Omni (Xu et al., 2025) and SeaLLMs-
Audio (Liu et al., 2025) extend speech recogni-
tion with general language understanding, yet their
large parameter counts (7B+) render fine-tuning
and deployment expensive. Specialist systems such
as MERaLiON-2-10B-ASR (He et al., 2025) have
been purpose-built for the Singapore multilingual
setting and achieve strong performance across all
four languages, but require 128 GPUs and an esti-
mated $18,862 to train - a barrier that places them
beyond the reach of most academic groups and
small enterprises.

In this paper, we introduce Polyglot-Lion (Poly:
many; Glot: tongue; Lion: the lion-city, Sin-
gapore), a family of compact multilingual ASR
models built by fine-tuning Qwen3-ASR-0.6B and
Qwen3-ASR-1.7B (Shi et al., 2026) exclusively on
publicly available speech corpora. As illustrated
in Figure 1, Polyglot-Lion-1.7B achieves an av-
erage error rate of 14.8 across 12 benchmarks -
closely matching MERaLiON-2-10B-ASR (14.3)
while running nearly 20× faster at inference time.
This is accomplished through two simple but ef-
fective design choices: (1) a balanced sampling
strategy that equalises per-language training cover-
age, and (2) the deliberate removal of language-tag
conditioning, forcing the model to detect the spo-
ken language directly from the acoustic signal.

Our contributions are as follows:

1. A balanced multilingual fine-tuning recipe
that upsamples under-represented languages
to achieve equal per-language training cov-
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ASR Model Comparison
Polyglot-Lion achieves near-SOTA accuracy at a fraction of the size

Error Rate
Average WER/CER (%) · lower is better

Qwen2.5-Omni-3B
3.0B params 172.4%

Qwen2.5-Omni-7B
7.0B params 118.5%

SeaLLMs-7B
7.0B params 63.8%

Qwen3-ASR-1.7B
1.7B params 53.8%

Qwen3-ASR-0.6B
0.6B params 50.7%

Whisper-v3-turbo
0.8B params 33.0%

Polyglot-Lion-0.6B ★
0.6B params 16.5%

Polyglot-Lion-1.7B ★
1.7B params 14.8%

MERaLiON-10B
10.0B params 14.3%

Speed
Inference time (s/sample) · lower is better

MERaLiON-10B
10.0B params 2.015s

Qwen2.5-Omni-3B
3.0B params 1.784s

Qwen2.5-Omni-7B
7.0B params 1.341s

SeaLLMs-7B
7.0B params 0.508s

Whisper-v3-turbo
0.8B params 0.282s

Polyglot-Lion-1.7B ★
1.7B params 0.104s

Polyglot-Lion-0.6B ★
0.6B params 0.100s

Qwen3-ASR-1.7B
1.7B params 0.081s

Qwen3-ASR-0.6B
0.6B params 0.069s

Figure 1: Polyglot-Lion achieves near-SOTA accuracy at a fraction of the model size and inference cost. Left:
Average error rate (WER/CER) across 12 benchmarks; lower is better. Right: Inference speed in seconds per
sample; lower is better. Despite having 6× fewer parameters than MERaLiON-2-10B-ASR, Polyglot-Lion-1.7B
matches its accuracy while being approximately 20× faster at inference.

erage, substantially improving recognition
accuracy on low-resource languages (Tamil,
Malay) without requiring any proprietary data.

2. Language-agnostic decoding: by omitting
explicit language-tag conditioning at both
training and inference time, Polyglot-Lion
identifies the spoken language implicitly from
acoustic features alone, making it robust to
the code-switching patterns prevalent in Sin-
gapore speech.

3. Comprehensive multilingual benchmark-
ing across 12 standard datasets spanning all
four official languages of Singapore, with di-
rect quantitative comparison against eight pub-
lished baselines ranging from general-purpose
models to large specialist systems.

4. A cost-efficiency analysis demonstrating that
Polyglot-Lion achieves near state-of-the-art
accuracy at over 233× lower estimated train-
ing cost ($81 on a single GPU versus $18,862
on 128 GPUs) and approximately 20× faster
inference than the strongest comparably accu-
rate baseline, MERaLiON-2-10B-ASR.

2 Related Work

Large-scale multilingual ASR. Whisper (Rad-
ford et al., 2023) demonstrated that weakly super-
vised training at scale can yield robust multilingual

recognition across 99 languages. Self-supervised
approaches such as wav2vec 2.0 (Baevski et al.,
2020) and HuBERT (Hsu et al., 2021) further
reduced labelled data requirements, while MMS
(Pratap et al., 2024) extended coverage to over
1,000 languages via religious audio recordings. De-
spite their breadth, all these systems degrade on
typologically distant, low-resource languages such
as Tamil and Malay, and on non-native or regional
accents.

Audio-language models. Integrating speech en-
coders with LLM decoders — as in SALMONN
(Tang et al., 2024), Qwen-Audio (Chu et al., 2023),
Qwen2.5-Omni (Xu et al., 2025), and SeaLLMs-
Audio (Liu et al., 2025) — leverages rich linguistic
priors for strong ASR accuracy. The Qwen3-ASR
series (Shi et al., 2026) distils these capabilities
into compact 0.6B–1.7B checkpoints, which we
use as our base models. However, performance on
Southeast Asian languages remains variable due to
limited regional representation in pretraining cor-
pora.

Southeast Asian and Singapore ASR. SEA-
LION (Ong and Limkonchotiwat, 2023) and
SeaLLMs (Nguyen et al., 2024) highlighted
the importance of region-specific data curation.
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MERaLiON-21 is the strongest published sys-
tem for Singapore multilingual ASR, unifying all
four official languages in a 10B-parameter model
trained on over 120,000 hours. While it serves as
our primary reference point, its 128-GPU, $18,862
training requirement motivates the pursuit of more
accessible alternatives.

Multilingual training balance and language-
agnostic ASR. Language imbalance causes mul-
tilingual models to underfit low-resource languages
(Conneau et al., 2020; Arivazhagan et al., 2019).
Language-balanced training has been shown to
yield consistent WER reductions across resource
levels without degrading high-resource languages
(Zhou et al., 2022). We adopt deterministic up-
sampling as a hyper-parameter-free alternative to
temperature sampling. Additionally, rather than
conditioning on explicit language tokens (Radford
et al., 2023) — which fails under code-switching
(Winata et al., 2021) — we train without language
tags, following earlier language-agnostic multilin-
gual ASR work (Toshniwal et al., 2018).

3 Datasets

We train and evaluate exclusively on publicly avail-
able speech corpora, covering all four official lan-
guages of Singapore: English, Mandarin Chinese,
Tamil, and Malay. Table 1 provides a full break-
down of each corpus by split and duration.

English. We include two English corpora. Lib-
rispeech (Panayotov et al., 2015) is a widely used
benchmark of read English speech derived from
public-domain audiobooks, providing 100.59 hours
of clean training audio. NSC (National Speech Cor-
pus) (Koh et al., 2019) is a large-scale Singapore
English corpus collected across multiple speaking
styles and demographics, contributing 147.97 train-
ing hours and covering the accent and prosodic
characteristics distinctive to Singapore English.

Mandarin. Four Mandarin corpora are included.
AISHELL-1 (Bu et al., 2017) provides 150.85
hours of standard Mandarin read speech from 400
speakers. AISHELL-3 (Shi et al., 2021) is a
multi-speaker corpus originally designed for text-
to-speech synthesis but widely used for ASR train-
ing, contributing 56.86 hours. Common Voice
23 (Ardila et al., 2020) supplies 42.43 hours of
crowdsourced Chinese speech with diverse speaker

1https://huggingface.co/collections/MERaLiON/
meralion-2

demographics. Fleurs (Conneau et al., 2023) adds
9.73 hours of read speech drawn from the FLoRes-
200 translation benchmark, providing clean and
consistently formatted audio across languages.

Tamil. Four Tamil corpora are used. SLR127
(A et al., 2022b,a) is the largest Tamil source with
119.86 training hours, containing read and semi-
spontaneous Tamil speech. Common Voice 23
(Ardila et al., 2020) contributes 81.38 hours of
crowdsourced Tamil recordings. SLR65 (He et al.,
2020) provides 5.66 hours of high-quality read
Tamil speech. Fleurs (Conneau et al., 2023) adds
8.68 hours of clean read Tamil audio. Tamil is
the most under-represented language in the pre-
training data of most existing ASR systems, mak-
ing these corpora critical for fine-tuning coverage.

Malay. Two Malay corpora are included. Meso-
litica3 is a Malaysian Malay speech corpus with
49.43 training hours spanning multiple domains
and speaking styles. Fleurs (Conneau et al., 2023)
contributes 9.55 hours of clean read Malay speech.
Despite being an official language of Singapore,
Malay is severely under-represented in existing
multilingual ASR benchmarks, making the Meso-
litica corpus a particularly valuable resource.

Data statistics and imbalance. As shown in Ta-
ble 1, the combined corpus totals 607,839 utter-
ances and 968.83 hours of audio. However, the
training partition is substantially imbalanced across
languages: English and Mandarin together account
for approximately 65% of all training hours (248.56
and 259.87 hours respectively), while Malay con-
tributes only 58.98 hours - less than 8% of the total.
Tamil, despite having four contributing corpora
and 215.58 training hours, is typologically distant
from the languages dominating the base model’s
pretraining data, compounding the effective imbal-
ance at the representation level. Without correction,
joint training on this skewed distribution would
bias gradient updates towards high-resource lan-
guages and degrade recognition performance on
Tamil and Malay (Arivazhagan et al., 2019; Wang
et al., 2020a). We address this through explicit
language-balanced upsampling, described in Sec-
tion 4.

Preprocessing. All corpora are preprocessed
with a uniform pipeline prior to training. Audio

3https://github.com/malaysia-ai/
malaysian-dataset/tree/master/text-to-speech/
emilia

193

https://huggingface.co/collections/MERaLiON/meralion-2
https://huggingface.co/collections/MERaLiON/meralion-2
https://github.com/malaysia-ai/malaysian-dataset/tree/master/text-to-speech/emilia
https://github.com/malaysia-ai/malaysian-dataset/tree/master/text-to-speech/emilia
https://github.com/malaysia-ai/malaysian-dataset/tree/master/text-to-speech/emilia


Table 1: Dataset statistics by language, split, and duration (S = number of samples, H = hours).

Lang. Dataset Train Valid Test Total

S H S H S H S H

English Librispeech (Panayotov et al., 2015) 28,539 100.59 2,700 5.36 2,619 5.39 33,858 111.34
NSC 100,000 147.97 2,997 4.90 3,000 4.95 105,997 157.82

Mandarin

AISHELL-1 (Bu et al., 2017) 120,098 150.85 14,326 18.09 7,176 10.03 141,600 178.97
AISHELL-3 (Shi et al., 2021) 56,936 56.86 6,326 6.31 24,773 22.45 88,035 85.62
Fleurs (Conneau et al., 2023) 3,246 9.73 409 1.27 945 3.07 4,600 14.07
Common Voice 23 (Ardila et al., 2020) 29,473 42.43 10,635 15.95 9,999 16.43 50,107 74.81

Tamil

Fleurs (Conneau et al., 2023) 2,366 8.68 376 1.25 591 2.13 3,333 12.06
SLR127 (A et al., 2022b,a) 69,575 119.86 7,731 13.41 12,086 16.80 89,392 150.07
SLR65 (He et al., 2020) 3,427 5.66 428 0.72 429 0.69 4,284 7.07
Common Voice 23 (Ardila et al., 2020) 45,186 81.38 9,964 15.71 7,907 12.28 63,057 109.37

Malay Mesolitica2 17,851 49.43 992 2.71 993 2.75 19,836 54.89
Fleurs (Conneau et al., 2023) 2,667 9.55 324 0.93 749 2.26 3,740 12.74

Total — 479,364 782.99 57,208 86.61 71,267 99.23 607,839 968.83

files exceeding 30 seconds are discarded to avoid
memory overflow during training and to exclude
utterances that are disproportionately long relative
to the target sequence length of most ASR decoders
(Radford et al., 2023). Transcripts are normalised
to lowercase and stripped of punctuation, follow-
ing the convention adopted by Whisper (Radford
et al., 2023) and subsequent multilingual ASR sys-
tems (Shi et al., 2026), which has been shown to
reduce spurious token-level errors arising from in-
consistent punctuation annotation across corpora
(Likhomanenko et al., 2021). No speaker-level fil-
tering or data selection is applied; all remaining
utterances are used.

4 Method

4.1 Base Models
Polyglot-Lion is fine-tuned from two pub-
licly available checkpoints in the Qwen3-ASR
series (Shi et al., 2026): Qwen3-ASR-0.6B
and Qwen3-ASR-1.7B. These models follow a
transformer-based encoder–decoder architecture
(Vaswani et al., 2017) in which a Conformer (Gu-
lati et al., 2020) or similar acoustic encoder maps
log-Mel filterbank features to contextual represen-
tations, and an autoregressive decoder generates
output tokens conditioned on those representations.
Both checkpoints are pre-trained on large-scale
multilingual speech data and already achieve com-
petitive zero-shot performance on several standard
benchmarks (Shi et al., 2026), providing a strong
initialisation for fine-tuning.

4.2 Balanced Multilingual Sampling

Motivation. As noted in Section 3, the raw train-
ing corpus is heavily skewed: English and Man-
darin collectively account for approximately 65%
of all training utterances, while Malay represents
fewer than 8%. Naive joint training on this dis-
tribution would cause the model to overfit high-
resource languages and underfit low-resource ones
(Arivazhagan et al., 2019; Wang et al., 2020a),
a well-documented failure mode in multilingual
learning. Rather than adopting temperature-based
multinomial sampling (Arivazhagan et al., 2019)
- which introduces a sensitive temperature hyper-
parameter and still does not guarantee exact lan-
guage parity - we adopt a two-stage determinis-
tic upsampling strategy that first balances datasets
within each language group, and then balances lan-
guage groups against one another.

Two-stage upsampling. Let L = {l1, l2, l3, l4}
denote the set of four languages, and let Dl =
{Dl,1, . . . , Dl,Kl

} be the collection of Kl datasets
for language l. We write Nl,k = |Dl,k| for the
number of training utterances in dataset Dl,k.

Stage 1 - Intra-language balancing. Within
each language l, we upsample every dataset to
match the largest dataset in that language group:

N∗
l = max

k
Nl,k, rl,k =

N∗
l

Nl,k
(1)

Each dataset Dl,k is replicated rl,k times and then
randomly subsampled to exactly N∗

l utterances,
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Algorithm 1 Two-Stage Balanced Multilingual Up-
sampling
Require: Language set L; per-language dataset collections
{Dl}l∈L

Ensure: Balanced training corpus D̂ with equal samples per
language

// Stage 1: Intra-language balancing
1: for each language l ∈ L do
2: N∗

l ← maxk |Dl,k| // largest dataset in language l
3: for each dataset Dl,k ∈ Dl do
4: rl,k ← ⌈N∗

l / |Dl,k|⌉
5: Dl,k ← Replicate(Dl,k, rl,k)
6: Dl,k ← RandomSubsample(Dl,k, N

∗
l )

7: end for
8: D̃l ←

⋃
k Dl,k // balanced corpus for language l,

size N∗
l

9: end for
// Stage 2: Inter-language balancing

10: N∗∗ ← maxl N
∗
l // largest per-language corpus after

Stage 1
11: for each language l ∈ L do
12: Rl ← ⌈N∗∗ /N∗

l ⌉
13: D̃l ← Replicate(D̃l, Rl)

14: D̂l ← RandomSubsample(D̃l, N
∗∗)

15: end for
16: D̂ ← ⋃

l∈L D̂l return D̂ // |D̂| = 4×N∗∗; each
language = 25%

yielding a balanced per-language corpus D̃l of size
N∗

l .
Stage 2 - Inter-language balancing. After

Stage 1, each language l has N∗
l utterances, but

these totals still differ across languages. We there-
fore upsample each language to match the largest
language group:

N∗∗ = max
l

N∗
l , Rl =

N∗∗

N∗
l

(2)

Each balanced corpus D̃l is replicated Rl times and
subsampled to exactly N∗∗ utterances, yielding a
final per-language corpus D̂l of uniform size N∗∗.

The final training set is the union D̂ =
⋃

l D̂l,
which contains exactly 4 × N∗∗ utterances with
each language contributing precisely 25%. Algo-
rithm 1 presents the full procedure.

This strategy is deliberately simple: it requires
no hyper-parameter tuning, is fully deterministic
given a fixed random seed, and guarantees exact
per-language parity regardless of how skewed the
original corpus distribution is. The cost is a mod-
est increase in the number of training steps per
epoch, which is outweighed by the improvement in
low-resource language coverage demonstrated in
Section 6.

4.3 Language-Agnostic Transcription

A standard practice in multilingual ASR systems is
to prepend a special language-identification token
to the decoder input at both training and inference
time (Radford et al., 2023; Li et al., 2019). While
this conditioning signal improves accuracy when
the spoken language is known a priori, it introduces
a critical dependency: if the language tag is absent,
incorrect, or ambiguous - as is common in spon-
taneous conversational speech and code-switched
utterances (Winata et al., 2021) - recognition qual-
ity degrades sharply.

Singapore’s multilingual environment makes this
dependency particularly problematic. Speakers rou-
tinely alternate between English, Mandarin, Tamil,
and Malay within a single interaction, and in many
deployment settings (e.g., broadcast media moni-
toring, classroom transcription, customer service)
the language of each audio segment is not known
in advance. We therefore train Polyglot-Lion en-
tirely without language conditioning: no language
tags are prepended to decoder inputs at training
time, and none are expected at inference time. The
model is required to infer the spoken language im-
plicitly from acoustic and linguistic patterns in the
input signal, following the approach explored in
earlier language-agnostic multilingual ASR work
(Toshniwal et al., 2018).

This design choice is validated empirically in
Section 6: Polyglot-Lion achieves strong recogni-
tion accuracy across all four languages despite re-
ceiving no explicit language signal, demonstrating
that balanced fine-tuning is sufficient to induce reli-
able implicit language identification in a moderate-
scale model.

4.4 Training Details

Both model variants are fine-tuned for 48 hours
on a single NVIDIA RTX PRO 6000 GPU (48
GB VRAM). We use the AdamW optimiser
(Loshchilov and Hutter, 2019) with a cosine anneal-
ing learning-rate schedule (Loshchilov and Hutter,
2017), a peak learning rate of 2× 10−5. Training
uses a per-device batch size of 8 utterances accu-
mulated over 4 gradient accumulation steps, yield-
ing an effective batch size of 32. All other hyper-
parameters follow the defaults from the Qwen3-
ASR fine-tuning configuration (Shi et al., 2026).
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5 Experimental Setup

5.1 Evaluation Metrics
We adopt two standard ASR evaluation metrics,
selected according to the linguistic properties of
each target language:

• Word Error Rate (WER) for English, Tamil,
and Malay, where whitespace-delimited word
tokenisation is conventional. WER is com-
puted as the minimum edit distance (substi-
tutions S, deletions D, insertions I) between
the hypothesis and reference, normalised by
the number of reference words N : WER =
(S +D + I)/N .

• Character Error Rate (CER) for Mandarin
Chinese, where the absence of explicit word
boundaries makes character-level evaluation
more appropriate and widely adopted (Shi
et al., 2021; Bu et al., 2017).

All hypotheses and references are lowercased
and stripped of punctuation prior to scoring, consis-
tent with the preprocessing applied during training
(Section 3). Evaluation is performed using the
asr-evalkit library (Dang, 2026). Lower values
indicate better performance in both metrics.

5.2 Baselines
We compare Polyglot-Lion against eight published
or widely-used ASR systems, selected to represent
the full spectrum from lightweight general-purpose
models to large specialist systems:

1. Whisper-large-v3-turbo (Radford et al.,
2023): a distilled and optimised variant of
Whisper-large-v3 that retains strong multilin-
gual accuracy with reduced inference cost. It
serves as the canonical general-purpose multi-
lingual ASR baseline.

2. SeaLLMs-Audio-7B (Liu et al., 2025): a 7B-
parameter audio-language model specifically
developed for Southeast Asian languages,
built on top of the SeaLLMs language model
backbone (Nguyen et al., 2024).

3. Qwen2.5-Omni-3B and Qwen2.5-Omni-7B
(Xu et al., 2025): general-purpose omni-
modal models integrating vision, audio, and
language understanding within a unified
framework. Included to assess how general
ALMs perform on regional multilingual ASR
without task-specific fine-tuning.

4. Qwen3-ASR-0.6B and Qwen3-ASR-1.7B
(Shi et al., 2026): the unmodified base check-
points from which our models are fine-tuned.
Including these baselines allows direct quan-
tification of the accuracy gains attributable to
our balanced fine-tuning recipe, independent
of the base model capacity.

5. MERaLiON-2-10B-ASR (He et al., 2025): a
10B-parameter model purpose-built for Sin-
gapore multilingual ASR and trained on over
120,000 hours of speech data across English,
Mandarin, Tamil, and Malay. This model rep-
resents the strongest publicly available spe-
cialist system for our target setting and serves
as our primary comparison point.

All baselines are evaluated in inference-only
mode using their publicly released checkpoints
without any additional fine-tuning. Inference for
all models is conducted on the same hardware (sin-
gle NVIDIA RTX PRO 4500 GPU) to ensure fair
latency comparisons.

6 Results

6.1 Recognition Accuracy

Table 2 reports per-benchmark and average error
rates for all systems. Polyglot-Lion-1.7B achieves
an average error rate of 14.85, closely matching
MERaLiON-2-10B-ASR (14.32) - a model 6×
larger - and ranking second overall across all 12
benchmarks. Polyglot-Lion-0.6B achieves an aver-
age of 16.52, making it the best-performing model
at or below 1B parameters by a substantial margin
(next best: Whisper-large-v3-turbo at 33.04). We
discuss per-language findings below.

English. On Librispeech, Polyglot-Lion-1.7B
achieves 2.10 WER, surpassing both MERaLiON-
2-10B-ASR (2.54) and the unmodified Qwen3-
ASR-1.7B base (2.31), and setting the best result
among all evaluated systems on this benchmark.
On NSC - a Singapore English corpus that captures
regional accents, pronunciation patterns, and speak-
ing styles not present in Librispeech - Polyglot-
Lion-1.7B achieves 5.28 WER, a dramatic improve-
ment over Whisper-large-v3-turbo (32.02) and sub-
stantially better than the Qwen3-ASR base (6.22).
MERaLiON-2-10B-ASR achieves the best NSC
result (4.62), which we attribute to its larger ca-
pacity and inclusion of Singapore-specific training
material beyond our public-only corpus. Notably,
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Table 2: ASR evaluation results. WER (%) for English, Tamil, and Malay; CER (%) for Mandarin. Lower is
better. Bold = best overall; underline = second best. Rows shaded in blue are our proposed models. Dashes
indicate results excluded from the average due to anomalously high error rates (WER > 200%) that would distort
cross-system comparison.

Model Params English Mandarin (CER) Tamil (WER) Malay Avg
LS NSC CV AISH1 AISH3 Fleurs CV SLR65 SLR127 Fleurs Meso. Fleurs

Whisper-large-v3-turbo 0.8B 3.04 32.02 17.91 9.64 16.81 10.63 74.50 58.13 69.56 66.90 28.47 8.88 33.04
SeaLLMs-Audio-7B 7B 94.74 9.53 8.68 9.65 9.76 37.09 126.70 127.24 138.65 105.31 71.34 26.25 63.75
Qwen2.5-Omni-3B 3B 29.21 34.79 46.36 28.25 44.55 54.74 318.36 465.58 448.82 311.67 211.90 74.69 172.37
Qwen2.5-Omni-7B 7B 13.80 22.96 14.49 7.33 22.58 16.68 252.06 239.15 303.96 326.43 158.06 43.92 118.45
Qwen3-ASR-0.6B 0.6B 2.74 7.64 10.06 2.08 2.59 9.75 121.10 127.00 129.12 130.09 47.29 18.71 50.68
Qwen3-ASR-1.7B 1.7B 2.31 6.22 7.50 1.52 2.08 9.33 139.96 134.63 144.49 147.23 39.00 10.87 53.76
MERaLiON-2-10B-ASR 10B 2.54 4.62 8.83 3.09 4.07 11.99 31.78 19.29 22.42 28.68 25.90 8.55 14.32

Polyglot-Lion-0.6B 0.6B 2.67 6.09 6.16 1.93 2.32 9.19 42.16 23.07 28.14 37.68 24.33 14.45 16.52
Polyglot-Lion-1.7B 1.7B 2.10 5.28 4.91 1.45 1.86 8.00 39.19 19.75 26.83 37.28 21.51 9.98 14.85

SeaLLMs-Audio-7B yields a very high 94.74 WER
on Librispeech despite reasonable performance on
NSC, suggesting that its training prioritised conver-
sational rather than read speech.

Mandarin. Polyglot-Lion-1.7B achieves the low-
est CER on all four Mandarin benchmarks, in-
cluding AISHELL-1 (1.45), AISHELL-3 (1.86),
Common Voice (4.91), and Fleurs (8.00), out-
performing even MERaLiON-2-10B-ASR across
the board (3.09, 4.07, 8.83, 11.99 respectively).
Polyglot-Lion-0.6B similarly leads among sub-1B
models with 6.16 CER on Common Voice. The
strong Mandarin results are consistent with the
Qwen3-ASR base models already encoding rich
Chinese language priors from pretraining; our bal-
anced fine-tuning preserves and refines these priors
rather than degrading them through interference
from other languages.

Tamil. Tamil is the most challenging language
in this evaluation, reflecting its typological dis-
tance from the Indo-European and Sino-Tibetan
languages that dominate most ASR pretraining cor-
pora (Pratap et al., 2024). The unmodified Qwen3-
ASR base models produce extremely high error
rates on Tamil (WER > 120% on Common Voice),
confirming severely limited Tamil exposure at pre-
training. After balanced fine-tuning, Polyglot-Lion-
1.7B reduces Tamil CV WER from 139.96 to 39.19
- a relative reduction of 72% - and achieves com-
petitive results on SLR65 (19.75), SLR127 (26.83),
and Fleurs (37.28). MERaLiON-2-10B-ASR re-
mains the best system on all four Tamil bench-
marks, which we attribute to its 6× larger capacity
and likely inclusion of larger Tamil-specific train-
ing data. Closing this gap is an important direction
for future work.

Malay. On Mesolitica, Polyglot-Lion-1.7B
achieves 21.51 WER, the best result among all
evaluated systems, outperforming MERaLiON-2-
10B-ASR (25.90), Whisper (28.47), and all other
baselines by a clear margin. On Malay Fleurs,
Polyglot-Lion-1.7B (9.98 WER) is competitive
with MERaLiON (8.55) and Whisper (8.88). The
strong Mesolitica result is particularly encouraging
as it reflects performance on conversational and
domain-diverse Malay speech, which is more
representative of real-world deployment conditions
than the read-speech Fleurs benchmark.

Table 3: Inference latency (seconds per sample, mean
± std) measured on a single NVIDIA RTX PRO 4500
GPU. Our models are shaded in blue .

Model Time (s/sample)

MERaLiON-2-10B-ASR 2.0152 ± 0.8846
Qwen2.5-Omni-3B 1.7838 ± 1.0431
Qwen2.5-Omni-7B 1.3414 ± 0.6572
SeaLLMs-Audio-7B 0.6422 ± 0.0000
Whisper-large-v3-turbo 0.2822 ± 0.0230
Qwen3-ASR-1.7B 0.0809 ± 0.0290
Qwen3-ASR-0.6B 0.0686 ± 0.0251

Polyglot-Lion-0.6B 0.0999 ± 0.0561
Polyglot-Lion-1.7B 0.1038 ± 0.0621

Effect of fine-tuning. A direct comparison be-
tween Polyglot-Lion and the unmodified Qwen3-
ASR base models isolates the contribution of our
balanced fine-tuning recipe. The benefit is most
pronounced for under-represented languages: on
Tamil CV, fine-tuning reduces WER by 65% (0.6B:
121.10 → 42.16) and 72% (1.7B: 139.96 → 39.19).
On Malay Mesolitica, the reduction is 49% (0.6B:
47.29 → 24.33) and 45% (1.7B: 39.00 → 21.51).
Performance on English and Mandarin is preserved
or improved, confirming that balanced upsampling
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Table 4: Training resource and cost comparison. GPU rental prices sourced from RunPod.io.

MERaLiON-2-10B Polyglot-Lion

Training Data (Hours) 120,000 782.99
Hardware 128 × H100 1 × RTX PRO 6000
Training Time 48 h 48 h
Est. Cost $18,862 $81

does not introduce negative transfer (Wang et al.,
2020b) on high-resource languages.

6.2 Inference Speed
Table 3 reports mean inference latency per sample,
measured on a single NVIDIA RTX PRO 4500
GPU across all evaluation sets. Polyglot-Lion-
0.6B and Polyglot-Lion-1.7B process audio at 0.10
and 0.10 s/sample respectively - approximately
20× faster than MERaLiON-2-10B-ASR (2.02
s/sample) and 3× faster than Whisper-large-v3-
turbo (0.28 s/sample). The Qwen2.5-Omni models
exhibit high latency variance (std > 0.6 s), likely
due to their omni-modal routing overhead.

6.3 Training Cost Comparison
Table 4 compares the estimated training costs
of Polyglot-Lion and MERaLiON-2-10B-ASR.
MERaLiON-2-10B-ASR was trained on approx-
imately 120,000 hours of speech using 128 H100
GPUs for 48 hours; we estimate its cost based
on current H100 cloud rental rates via RunPod4.
Polyglot-Lion is trained on 782.99 hours using a
single RTX PRO 6000 GPU for the same wall-
clock duration, with cost estimated from the same
platform.

Polyglot-Lion incurs an estimated training cost
of $81, representing a 233× cost reduction rela-
tive to MERaLiON-2-10B-ASR ($18,862), while
achieving a comparable average error rate (14.85 vs.
14.32). This cost advantage has significant practical
implications: the ability to fine-tune a near-SOTA
multilingual ASR system on a single consumer
GPU within two days makes iterative development,
ablation studies, low-resource language adaptation,
and domain specialisation accessible to academic
research groups and resource-constrained organi-
sations that would otherwise be unable to develop
competitive Singapore multilingual ASR systems.

7 Conclusion

We have presented Polyglot-Lion, a family of
compact multilingual ASR models for Singapore

4https://www.runpod.io

English, Mandarin, Tamil, and Malay. Through
balanced multilingual fine-tuning of Qwen3-ASR
base models on publicly available speech cor-
pora, and by removing language-tag condition-
ing to enable fully implicit language identification,
Polyglot-Lion-1.7B achieves an average error rate
of 14.85 across 12 benchmarks - closely matching
MERaLiON-2-10B-ASR (14.32) while requiring
6× fewer parameters, 20× faster inference, and
233× lower training cost. These results demon-
strate that careful data balancing and lightweight
fine-tuning of strong pretrained models can unlock
near SOTA multilingual ASR performance at dra-
matically reduced computational expense, making
high-quality Singapore multilingual ASR accessi-
ble to a wide research and deployment community.
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