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Abstract
Multilingual ASR systems often fail to gener-
alize to low-resource and linguistically diverse
languages while remaining costly to scale. We
introduce PUMA, a unified multilingual ASR
model that improves low-resource performance
with reduced model complexity. PUMA em-
ploys a Universal Language Projection (ULP)
module that integrates a learnable language
token with acoustic representations, enabling
language-aware processing through shared pa-
rameters. Experiments on diverse African
languages show consistent word error rate re-
ductions over strong multilingual baselines,
highlighting improved robustness and gener-
alization. Our code is available at the fol-
lowing GitHub URL: https://github.com/
ilyes-okd/PUMA

1 Introduction
Recent advances in Automatic Speech Recogni-
tion (ASR) have been driven by large-scale self-
supervised pretraining and transformer-based ar-
chitectures that effectively model long-range tem-
poral dependencies (Baevski et al., 2021; Liu et al.,
2023; Rekesh et al., 2023; Sudo et al., 2024; Xue
et al., 2024; Team, 2025). Despite these successes,
ASR performance remains poor for low-resource
and linguistically diverse languages. This gap is es-
pecially pronounced for many African languages,
where limited annotated data, rich morphology,
and high phonetic variability challenge models
trained predominantly on high-resource languages.
Multilingual ASR aims to mitigate data scarcity
by sharing representations across languages, but
existing approaches typically rely on language-
specific adapters, conditioning modules, or fine-
tuning strategies (Chen et al., 2024; Hu et al., 2024;
Inoue et al., 2024; Bai et al., 2024; Samin et al.,
2025; Xue et al., 2025). While effective for a fixed
set of languages, these designs introduce parameter
growth and hinder scalability, making it difficult

to extend models to new or underrepresented lan-
guages. As a result, current multilingual systems
struggle to balance language awareness with effi-
cient parameter sharing, leading to limited gener-
alization in low-resource settings.
We address this limitation by proposing PUMA,
a unified multilingual ASR model that achieves
language-aware processing without introducing
language-specific components. PUMA is built
around a shared Universal Language Projection
(ULP) module that operates on acoustic repre-
sentations fused with learnable language tokens.
This design enables the model to encode language-
specific cues through a single, shared projection
mechanism, preserving scalability while improv-
ing cross-lingual transfer.
We evaluate PUMA on a benchmark of low-
resource African languages under monolingual,
progressive multilingual, and simultaneous multi-
lingual training settings. Across all configurations,
PUMA consistently outperforms strong multilin-
gual baselines, demonstrating improved robustness
and generalization without increasing model com-
plexity.
The main contributions of this work are as follows:

• We introduce PUMA, a lightweight and
scalable multilingual ASR architecture that
achieves language-aware transcription with-
out relying on language-specific adapters or
task-specific parameters.

• We propose a unified language conditioning
mechanism based on a Universal Language
Projection (ULP) module with learnable lan-
guage tokens, enabling full parameter sharing
across languages while remaining adaptable
to low-resource settings.

• We conduct an extensive evaluation on ten
low-resource African languages, covering
monolingual, progressive multilingual, and
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simultaneous multilingual training regimes.

• We demonstrate that PUMA achieves com-
petitive or superior performance compared
to substantially larger models on both super-
vised and zero-shot ASR benchmarks, while
using significantly fewer trainable parame-
ters.

2 Related Work
Multilingual ASR with Shared Representa-
tions. Early end-to-end multilingual ASR sys-
tems explored training a single model across mul-
tiple languages to learn shared acoustic represen-
tations and enable cross-lingual transfer (Toshni-
wal et al., 2018; Kannan et al., 2019; Pratap et al.,
2020; Li et al., 2021; Tjandra et al., 2023). By
sharing parameters, these models improve recogni-
tion for underrepresented languages through trans-
fer from high-resource data. However, fully shared
architectures often struggle to model language-
specific phonological and morphological charac-
teristics, particularly for linguistically distant or
highly imbalanced languages, leading to degraded
performance in low-resource settings such as many
African languages.

Self-Supervised Speech Representation Learn-
ing. Self-supervised learning has significantly
advanced multilingual ASR by enabling the learn-
ing of robust acoustic representations from large
amounts of unlabeled speech. Models such as
wav2vec 2.0 (Baevski et al., 2020), XLSR (Con-
neau et al., 2021), XLS-R (Babu et al., 2022),
and the Universal Speech Model (USM) (Zhang
et al., 2023) have demonstrated strong transfer
to low-resource languages after supervised fine-
tuning. Nevertheless, these approaches typically
rely on downstream adaptation and offer limited
mechanisms for explicitly modeling language iden-
tity, which can hinder robustness when applied to
highly diverse or morphologically rich language
families.

Adapter-Based Multilingual ASR. To address
the limitations of fully shared models, adapter-
based multilingual ASR architectures introduce
language-specific modules on top of a shared back-
bone (Yu et al., 2023). Massively Multilingual
Speech (MMS) (Pratap et al., 2024), for example,
builds on wav2vec 2.0 representations and employs
a dedicated adapter per language to improve spe-
cialization. While effective, such designs increase

parameter count linearly with the number of lan-
guages, reducing scalability and complicating de-
ployment in low-resource scenarios where new lan-
guages must be added efficiently.

Large-Scale and Zero-Shot Multilingual ASR.
Recent work has focused on large-scale and zero-
shot ASR to extend coverage to languages un-
seen during supervised training. Whisper (Radford
et al., 2023) achieves broad multilingual coverage
through large-scale multitask training, while ded-
icated zero-shot approaches further target unseen-
language recognition (Zhao et al., 2025; Omnilin-
gual et al., 2025). Although these methods demon-
strate impressive generalization, they typically re-
quire very large model capacity and extensive train-
ing resources, making them less suitable for frugal
or targeted low-resource ASR applications.

Positioning of PUMA. In contrast to prior work,
PUMA targets scalable and low-resource multilin-
gual ASR without introducing language-specific
components or increasing parameter count as the
number of languages grows. By integrating lan-
guage information through a shared Universal
Language Projection (ULP) mechanism guided
by learnable language tokens, PUMA enables
language-aware modeling while preserving a com-
pact architecture. This design is particularly well
suited to low-resource and linguistically diverse
settings, such as African languages, where both
data availability and deployment efficiency are crit-
ical.

3 Method

We introduce PUMA, a frugal multilingual ar-
chitecture for automatic speech recognition de-
signed for under-annotated and low-resource lan-
guages, with a particular focus on African lan-
guages. PUMA relies on full parameter sharing
across languages and explicit language condition-
ing through learnable language tokens, enabling
efficient transfer across languages while limiting
the number of trainable parameters. This design
allows the model to be trained effectively in low-
resource settings. Figure 1 illustrates the overall
processing pipeline. PUMA is composed of five
core components:

1. Feature Extractor (FE) transforms raw au-
dio waveforms into low-level acoustic fea-
tures.
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2. Feature Projection (FP) projects these fea-
tures into a fixed-dimensional space and ap-
plies normalization to ensure compatibility
with subsequent modules.

3. Universal Language Projection (ULP) con-
ditions the acoustic representations on the tar-
get language using learnable language tokens.

4. Encoder (En) captures temporal dynam-
ics and long-range contextual dependencies
within the sequence.

5. Language Modeling Head (LM Head)
maps the encoded representations to the tar-
get vocabulary, producing output probability
distributions.

3.1 PUMA Architecture
Let a mini-batch of input audio signals be denoted
by x ∈ RN×Din , where N is the mini-batch size
and Din denotes the dimensionality of the audio
representation after preprocessing. The model out-
puts a sequence of probability distributions z ∈
RN×L×M , where L is the output sequence length
and M is the size of the target vocabulary.

Feature Extractor and Feature Projection.
The FE and FP components are derived from a
pretrained wav2vec 2.0 encoder (Baevski et al.,
2020) and are kept frozen during training to reduce
computational cost and facilitate transfer learning.
The FE extracts intermediate acoustic representa-
tions capturing phonetic and prosodic characteris-
tics, which are then projected by FP into a latent
space of dimension d:

h = FP(FE(x)) ∈ RN×L×Dfp . (1)

This step reduces acoustic variability and stan-
dardizes representations across languages.

Universal Language Projection (ULP). The
ULP module is the core component of PUMA. Its
goal is to enable a single shared parameter set,
θ, to represent multiple languages without relying
on language-specific adapters, as in MMS (Pratap
et al., 2024).

In MMS, each language l is associated with a
dedicated adapter ϕl, and inference is formulated
as:

ŷl = arg max
y

P (y|xl; θ, ϕl), (2)

where xl denotes the acoustic input sequence for
language l, and y the predicted output token se-
quence. This design leads to parameter growth pro-
portional to the number of languages, with each
adapter introducing over two million additional pa-
rameters.

PUMA replaces these adapters with a
lightweight learnable language token tl ∈ R1×Dfp .
This token injects language information directly
into the acoustic representations while preserving
a fully shared parameterization.

For a given language l, the token tl is concate-
nated with the projected features h:

h′ = concat(tl, h) ∈ RN×(L+1)×Dfp . (3)

The resulting sequence is processed by n = 4
shared Transformer blocks (Vaswani et al., 2017),
using RMSNorm (Zhang and Sennrich, 2019):

u = ULP(h′; θ) ∈ RN×(L+1)×Dfp . (4)

After processing, the language tokens are re-
moved from the output:

u = u[:, 1 : L, :]. (5)

This is necessary because language tokens do
not correspond to actual audio spans; retaining
them would disrupt alignment between model out-
puts and ground-truth transcriptions during train-
ing, especially in alignment-sensitive decoding
scenarios such as CTC or attention-based loss func-
tions.

Encoder. The ULP output u is combined with
the original acoustic features h via a residual con-
nection, and the resulting representation is pro-
cessed by the encoder to model temporal and long-
range contextual dependencies:

e = Encoder(h + u) ∈ RN×L×Denc . (6)

The encoder corresponds to the transformer en-
coder block of a pretrained wav2vec 2.0 model. Its
parameters are used to initialize the encoder and
are kept frozen throughout training to reduce com-
putational cost and enable efficient adaptation to
low-resource languages.

Language Modeling Head. A linear projection
with weights W ∈ RDenc×M and bias b ∈ RM

maps encoder outputs to the vocabulary space. A
softmax produces output probabilities:

z = Softmax(W e + b) ∈ RN×L×M . (7)

This output z is used for decoding the final tran-
scription under a sequence modeling objective.
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Figure 1: Overview of the PUMA architecture with its five components: Feature Extractor (FE), Feature Projection
(FP), Universal Language Projection (ULP), Encoder, and LM Head.

3.2 Training Procedure
PUMA can be trained under three complementary
configurations to evaluate robustness and scalabil-
ity across different multilingual scenarios: mono-
lingual, progressive multilingual, and simultane-
ous multilingual training.

Monolingual Training. In this configuration,
PUMA is trained separately on each language l.
Let Dl denote the training dataset for language l.
Training optimizes the objective:

θ∗l = arg min
θ

∑

(xl,yl)∈Dl

L
(
fθ(xl, tl), yl

)
, (8)

where tl is the learnable language token for lan-
guage l. This setup produces a separate model for
each language and serves as a baseline to measure
the effect of multilingual training strategies.

Progressive Multilingual Training. In this con-
figuration, languages are introduced sequentially.
The model is first trained on an initial language l0.
When a new language l1 is added, the shared pa-
rameters θ are initialized with the weights learned
from l0 and then fine-tuned jointly with the new
language token tl1 . To prevent catastrophic forget-
ting, a small subset of data from previously learned
languages is replayed during training. Formally, af-
ter k languages have been integrated, the objective
becomes:

θ∗ = arg min
θ

∑

l∈{l0,...,lk}

∑

(xl,yl)∈D̃l

L
(
fθ(xl, tl), yl

)
,

(9)
where D̃l denotes either the full dataset for the cur-
rent language or a small replay set for previous lan-
guages. This approach limits interference between

languages, stabilizes training, and enables an open-
ended system that can incorporate new languages
incrementally.

Simultaneous Multilingual Training. Let the
multilingual dataset be defined as the union of all
languages:

D =

Nl∪

l=1

Dl, (10)

where Nl is the total number of languages. At each
training iteration, mini-batches are sampled from
D, and the model parameters are optimized by:

θ∗ = arg min
θ

∑

(xl,yl)∈B
L
(
fθ(xl, tl), yl

)
, (11)

where B denotes the sampled mini-batch. This
configuration promotes cross-lingual generaliza-
tion but may lead to gradient interference between
languages.

Loss Function. Across all training configura-
tions, we employ the Connectionist Temporal Clas-
sification (CTC) loss (Graves et al., 2006) to
align predicted sequences with target transcrip-
tions. Given model outputs z ∈ RN×L×M , the
CTC loss is defined as:

LCTC = CTCLoss
(

log(z), y, lin, llab
)
, (12)

where log(z) are the log-probabilities over the vo-
cabulary, y the target label sequences, lin the input
lengths after encoding, llab the label lengths, and
a special blank token is used to model unaligned
time steps. This formulation allows the model to
learn an implicit alignment between acoustic repre-
sentations and target transcriptions without requir-
ing frame-level annotations.
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4 Experiments

We evaluate PUMA against strong state-of-the-art
multilingual ASR baselines. Performance is as-
sessed using standard evaluation metrics: Word
Error Rate (WER) to measure transcription accu-
racy, as well as BLEU (Papineni et al., 2002) and
ROUGE (Lin, 2004) scores to measure sentence-
level alignment and fluency.

4.1 Datasets
We evaluate PUMA on ten low-resource African
languages, including Kabyle (TutlaytAI, 2024),
Wolof (Gilbert, 2024), Hausa (Global, 2025),
Yoruba (Agili, 2025), Igbo (Nwankwo, 2025),
Shona (Speech, 2025), Xhosa (Mattingly, 2024),
Fon (Suru, 2024), Twi (Sicoli, 2024), and Ara-
bic (Mohamed, 2024). These languages are charac-
terized by limited data availability and substantial
linguistic diversity, making them particularly chal-
lenging for multilingual ASR systems. On average,
each language provides approximately 15 hours
of transcribed speech. All audio files are resam-
pled to 16 kHz, and consistent train/validation/test
splits are defined across languages. We construct
a shared vocabulary by merging character invento-
ries from all languages, resulting in a unified vo-
cabulary of 204 characters. A common tokenizer
is then applied to all datasets, ensuring identical
text processing across languages.

4.2 Experimental Setup
All experiments are conducted under identical con-
ditions to ensure fair comparison. Models are
trained using the AdamW optimizer with a learn-
ing rate of 1 × 10−3 and a weight decay of 1 ×
10−3, with an effective batch size of 32 achieved
through gradient accumulation. The Universal
Language Projection (ULP) encoder consists of 4
Transformer blocks with a hidden dimension of
768, 8 self-attention heads, and a projection dimen-
sion of 1280. All experiments are performed on a
single NVIDIA A100 GPU (80 GB).

4.3 Training Results
We evaluate PUMA primarily against
MMS (Pratap et al., 2024), which is considered
a strong state-of-the-art baseline for multilingual
ASR. The main objective of this comparison is
to assess whether full parameter sharing guided
by learnable language tokens can achieve perfor-
mance comparable to, or better than, MMS, which

relies on language-specific adapters.
MMS relies on a backbone with 1B parameters,

and its total parameter count increases linearly with
the number of supported languages due to the ad-
dition of a dedicated adapter for each language. In
contrast, PUMA maintains a fixed parameter bud-
get of 1B parameters regardless of the number of
languages. During training, the feature extractor,
feature projection, and encoder components are
kept frozen, while only the Universal Language
Projection (ULP) module, the learnable language
tokens, and the language modeling head are up-
dated, corresponding to approximately 30M train-
able parameters. This design enables efficient mul-
tilingual adaptation while avoiding the parameter
growth inherent to adapter-based approaches.

In addition to MMS, we also report results for
Whisper (Radford et al., 2023) as a large-scale mul-
tilingual ASR system. Whisper includes a substan-
tially larger number of trainable parameters com-
pared to PUMA across its small (244 M), medium
(769 M), and large (1.5 B) variants, making direct
comparisons less balanced in terms of model ca-
pacity and computational cost. For this reason,
and due to computational constraints, Whisper is
fine-tuned only under the simultaneous multilin-
gual training configuration. In the monolingual
and progressive training settings, comparisons are
therefore restricted to MMS.

4.3.1 Monolingual Training
Table 1 presents monolingual ASR results for
MMS and PUMA across all evaluated languages.
PUMA consistently outperforms MMS on most
languages, with notable WER reductions on
Kabyle, Wolof, Hausa, Igbo, Fon, and Twi, while
also achieving comparable or higher BLEU and
ROUGE scores, indicating stronger generalization
in low-resource scenarios. For Arabic, ROUGE
scores are not reported, as the presence of diacrit-
ics and the lack of explicit segmentation compli-
cate reliable character-level matching during eval-
uation. Overall, these results validate the architec-
tural choices of PUMA in the monolingual setting.
We next evaluate its performance under multilin-
gual training using both progressive and simulta-
neous strategies.

4.3.2 Progressive Multilingual Training
Table 2 reports results obtained under progres-
sive multilingual training, where languages are in-
troduced incrementally while retaining previously
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Lang. Model WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑
Kabyle MMS 0.551 0.277 0.695 0.507 0.694

PUMA 0.307 0.428 0.793 0.640 0.793
Wolof MMS 0.278 0.586 0.848 0.740 0.848

PUMA 0.215 0.606 0.825 0.704 0.825

Hausa MMS 0.143 0.809 0.958 0.933 0.958
PUMA 0.029 0.942 0.975 0.956 0.975

Yoruba MMS 0.297 0.567 0.806 0.690 0.805
PUMA 0.274 0.565 0.791 0.673 0.790

Igbo MMS 0.542 0.277 0.669 0.487 0.666
PUMA 0.420 0.347 0.706 0.544 0.704

Shona MMS 0.310 0.520 0.760 0.608 0.759
PUMA 0.313 0.512 0.735 0.586 0.733

Xhosa MMS 0.336 0.468 0.725 0.548 0.724
PUMA 0.319 0.438 0.704 0.520 0.704

Fon MMS 0.197 0.760 0.938 0.906 0.937
PUMA 0.126 0.777 0.913 0.855 0.911

Twi MMS 0.443 0.340 0.697 0.497 0.693
PUMA 0.338 0.461 0.730 0.580 0.727

Arabic MMS 0.483 0.291 – – –
PUMA 0.454 0.275 – – –

Table 1: Monolingual ASR results comparing MMS
and PUMA across all evaluated languages. ROUGE-1,
ROUGE-2, and ROUGE-L are abbreviated as R-1, R-2,
and R-L, respectively. ROUGE scores are not reported
for Arabic due to tokenization issues.

seen languages in the training data. This strategy
helps mitigate catastrophic forgetting, although
it requires maintaining stable optimization across
heterogeneous language distributions. Under this
setting, PUMA consistently outperforms MMS in
terms of WER across all languages, while main-
taining competitive BLEU and ROUGE scores.
Notably, languages such as Yoruba, Shona, Xhosa,
and Twi benefit from progressive training com-
pared to the monolingual setting, suggesting effec-
tive cross-lingual knowledge transfer. These re-
sults confirm that full parameter sharing combined
with language-token conditioning remains effec-
tive when languages are added progressively, with-
out relying on language-specific adapters.

4.3.3 Simultaneous Multilingual Training
When all languages are trained jointly (Table 3),
PUMA achieves the lowest average WER among
all compared models, while also obtaining the
highest ROUGE scores and maintaining a competi-
tive BLEU score. This suggests that PUMA gener-
alizes more robustly across languages, likely due
to its language-conditioned representations intro-
duced by the ULP module, which mitigates inter-
ference between languages in a shared model.

Lang. Model WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑
Kabyle MMS 0.551 0.277 0.695 0.507 0.694

PUMA 0.322 0.406 0.777 0.616 0.776
Wolof MMS 0.278 0.586 0.848 0.740 0.848

PUMA 0.237 0.569 0.805 0.675 0.805

Hausa MMS 0.143 0.809 0.958 0.933 0.958
PUMA 0.055 0.891 0.952 0.915 0.952

Yoruba MMS 0.297 0.567 0.806 0.690 0.805
PUMA 0.251 0.592 0.809 0.696 0.807

Igbo MMS 0.542 0.277 0.669 0.487 0.666
PUMA 0.458 0.304 0.682 0.510 0.679

Shona MMS 0.310 0.520 0.760 0.608 0.759
PUMA 0.297 0.516 0.748 0.590 0.746

Xhosa MMS 0.336 0.468 0.725 0.548 0.724
PUMA 0.304 0.458 0.717 0.536 0.716

Fon MMS 0.197 0.760 0.938 0.906 0.937
PUMA 0.165 0.709 0.889 0.815 0.888

Twi MMS 0.443 0.340 0.697 0.497 0.693
PUMA 0.285 0.484 0.782 0.627 0.780

Arabic MMS 0.483 0.291 – – –
PUMA 0.467 0.258 – – –

Table 2: Progressive multilingual ASR results compar-
ing MMS and PUMA across all evaluated languages.
ROUGE-1, ROUGE-2, and ROUGE-L are abbreviated
as R-1, R-2, and R-L, respectively. ROUGE scores are
not reported for Arabic due to tokenization issues.

Model WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑
Whisper-small 0.594 0.312 0.612 0.440 0.609
Whisper-medium 0.402 0.439 0.706 0.551 0.704
Whisper-large 0.339 0.499 0.745 0.606 0.743
MMS 0.419 0.411 0.743 0.587 0.741
PUMA 0.314 0.474 0.766 0.622 0.764

Table 3: Average multilingual results under simultane-
ous training. ROUGE-1, ROUGE-2, and ROUGE-L
are abbreviated as R-1, R-2, and R-L, respectively. Per-
language results are provided in Appendix A.

While Whisper-large shows strong performance,
MMS and Whisper-medium obtain lower results,
and Whisper-small struggles in low-resource set-
tings. Detailed per-language results are provided
in Appendix A. Overall, these findings confirm
that PUMA scales effectively to simultaneous mul-
tilingual training, preserving strong performance
across diverse low-resource languages.

4.4 Zero-Shot Evaluation on FLEURS

To further validate our model, we evaluate
PUMA on unseen data from the FLEURS bench-
mark (Conneau et al., 2023), covering Wolof,
Hausa, Yoruba, Igbo, Shona, Xhosa, and Arabic—
languages observed during training but evaluated
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on a different corpus, enabling a cross-corpus zero-
shot evaluation.

PUMA is compared against several state-of-the-
art multilingual ASR systems, including Whis-
per (Radford et al., 2023) (small, medium, and
large), MMS (Pratap et al., 2024), Seamless-
M4T v2 Large (Team, 2025), and Omnilingual
ASR (Omnilingual et al., 2025) in four configura-
tions (CTC-1B, CTC-7B, LLM-1B, and LLM-7B).

As shown in Table 4, PUMA demonstrates
competitive performance relative to large multilin-
gual baselines. It consistently outperforms Whis-
per variants, MMS, and Seamless-M4T v2 Large
across all reported metrics, despite a substantial
disparity in the number of trainable parameters.
PUMA achieves performance close to Omnilin-
gual ASR CTC-1B, which slightly outperforms
PUMA while relying on 1B trainable parameters.
The largest Omnilingual ASR variants, particularly
Omni-LLM-7B, achieve the strongest overall re-
sults; however, this comes at the cost of signifi-
cantly increased architectural complexity and com-
putational requirements.

Figure 2 highlights the substantial gap in
the number of trainable parameters between
PUMA and existing multilingual ASR systems,
showing that competitive—and often superior—
performance can be achieved with a significantly
smaller and fixed parameter budget. PUMA re-
lies on a constant number of trainable parameters
(approximately 30M), regardless of the number of
supported languages, as adding a new language
only requires learning a lightweight language to-
ken. While MMS also updates around 30M param-
eters in our setting with ten languages, this number

Model WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑
Whisper-small 0.846 0.071 0.132 0.045 0.130
Whisper-medium 0.813 0.097 0.176 0.073 0.172
Whisper-large 0.792 0.115 0.199 0.091 0.194
MMS 0.482 0.315 0.564 0.387 0.561
Seamless-M4T 0.652 0.269 0.294 0.118 0.284
Omni-CTC-1B 0.372 0.425 0.690 0.518 0.685
Omni-CTC-7B 0.328 0.480 0.730 0.570 0.726
Omni-LLM-1B 0.323 0.502 0.731 0.582 0.728
Omni-LLM-7B 0.274 0.553 0.766 0.628 0.762
PUMA 0.407 0.364 0.667 0.488 0.661

Table 4: Average zero-shot ASR performance on the
FLEURS benchmark. ROUGE-1, ROUGE-2, and
ROUGE-L are abbreviated as R-1, R-2, and R-L, re-
spectively. Seamless-M4T results are averaged over
supported languages only. Per-language results are re-
ported in Appendix B.

scales linearly as new languages are added due to
its reliance on language-specific adapters. In con-
trast, Whisper, Seamless-M4T, and Omnilingual
ASR involve substantially larger numbers of train-
able parameters, ranging from 244M to 7B, which
is orders of magnitude higher than PUMA.

Overall, these results highlight the strong gener-
alization ability of PUMA under distribution shifts
and unseen utterances, despite its compact and fru-
gal design. Detailed per-language results are pro-
vided in Appendix B.

4.5 Ablation Study
Table 5 presents an ablation study assessing the im-
pact of removing language tokens from the ULP
module under a simultaneous multilingual train-
ing setup. The ablated model shows lower per-
formance than the original architecture. Neverthe-
less, it retains comparable performance on a sub-
set of languages such as Wolof, Igbo, Shona, and
Xhosa. This observation highlights the strength
of the shared attention-based ULP architecture,
which can capture useful cross-lingual regularities
even without explicit language conditioning.

However, performance degrades noticeably for
more linguistically distant and challenging low-
resource languages. In particular, for Arabic,
removing language tokens leads to a relative
WER increase of 12.1% and a BLEU decrease
of 11.3%, reflecting increased cross-lingual in-
terference. These results emphasize the impor-
tance of explicit language conditioning in multilin-
gual ASR. Overall, they confirm that language to-
kens tl act as routing vectors, guiding shared rep-
resentations toward language-specific subspaces,
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Figure 2: Comparison of the number of trainable param-
eters between baseline models and PUMA.
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thereby mitigating cross-lingual interference while
enabling efficient knowledge transfer across typo-
logically diverse languages.

Lang. Lang. Token WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑
Kabyle Present 0.503 0.196 0.638 0.431 0.637

Removed 0.548 0.180 0.630 0.424 0.629

Wolof Present 0.320 0.459 0.737 0.578 0.736
Removed 0.335 0.421 0.697 0.507 0.697

Hausa Present 0.075 0.855 0.934 0.885 0.933
Removed 0.095 0.824 0.916 0.858 0.916

Yoruba Present 0.245 0.588 0.828 0.714 0.826
Removed 0.297 0.560 0.783 0.655 0.780

Igbo Present 0.503 0.246 0.655 0.474 0.652
Removed 0.505 0.243 0.643 0.455 0.641

Shona Present 0.321 0.486 0.727 0.560 0.725
Removed 0.330 0.424 0.699 0.508 0.699

Xhosa Present 0.329 0.422 0.695 0.506 0.695
Removed 0.337 0.416 0.692 0.499 0.693

Fon Present 0.207 0.637 0.870 0.785 0.868
Removed 0.296 0.544 0.815 0.694 0.812

Twi Present 0.257 0.510 0.807 0.664 0.806
Removed 0.272 0.508 0.793 0.648 0.792

Arabic Present 0.384 0.345 – – –
Removed 0.505 0.232 – – –

Table 5: Ablation results of PUMA. Present denotes
the configuration with language tokens, while Removed
denotes the configuration without language tokens.
ROUGE-1, ROUGE-2, and ROUGE-L are abbreviated
as R-1, R-2, and R-L, respectively. ROUGE scores are
not reported for Arabic due to tokenization issues.

5 Conclusion

In this work, we introduced PUMA, a frugal and
scalable multilingual ASR model built on a uni-
fied architecture that integrates a Universal Lan-
guage Projection (ULP) module combined with
learnable language tokens. This design enables
language-aware processing through fully shared
parameters, allowing efficient multilingual adapta-
tion without language-specific adapters or param-
eter growth. Extensive experiments demonstrate
that PUMA consistently outperforms strong multi-
lingual baselines, despite relying on significantly
lower architectural and computational complexity.

The proposed ULP-based architecture facilitates
effective cross-lingual transfer and yields robust
generalization, particularly for low-resource lan-
guages where existing multilingual ASR systems
often struggle. Language tokens play a cen-
tral role in guiding the ULP module, mitigating
cross-lingual interference, and preserving perfor-
mance on linguistically distant and challenging
low-resource languages.

As future work, we plan to explore multi-token
language representations instead of a single lan-
guage token, in order to capture richer linguis-
tic characteristics such as phonetic, orthographic,
and prosodic traits. This direction could further
enhance language-aware processing and improve
transcription quality. We also aim to investigate
Mixture-of-Experts (MoE) strategies to better inte-
grate diverse languages, potentially improving spe-
cialization, scalability, and efficiency in massively
multilingual ASR systems.

Limitations

While PUMA demonstrates strong performance
across multiple multilingual ASR settings, particu-
larly on low-resource languages, its zero-shot per-
formance remains constrained by its deliberately
lightweight and frugal design. In contrast, large-
scale multilingual systems such as Omnilingual
ASR (Omnilingual et al., 2025) leverage massive
model capacity, contextual learning, and LLM-
based representations to achieve strong zero-shot
performance across diverse languages. A promis-
ing direction for future work is to explore fru-
gal LLM-inspired architectures and richer con-
textual representations within a constrained pa-
rameter budget, aiming to improve zero-shot per-
formance while preserving the scalability advan-
tages of lightweight multilingual ASR models, and
thereby achieving a better trade-off between frugal-
ity and zero-shot capability.

Ethical Considerations

This work does not raise any ethical issues.
Our study relies exclusively on publicly available
datasets, all used in accordance with their respec-
tive licenses and strictly for research purposes. We
also build upon open-source pretrained models,
which were used as baselines and leveraged in
compliance with their intended academic and non-
commercial use.
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A Per-language Results for Simultaneous
Multilingual Training

Table 6 reports detailed per-language ASR re-
sults under the simultaneous multilingual training
setting. Results are provided for all evaluated
languages and compared across Whisper (small,
medium, and large), MMS, and PUMA. These re-
sults enable a finer-grained analysis of model be-
havior across individual low-resource languages.

Overall, PUMA achieves strong and stable per-
formance, outperforming MMS as well as Whisper-
small and Whisper-medium across all evaluated
languages, and surpassing Whisper-large on most
languages. For a small subset of languages, such
as Shona and Xhosa, Whisper-large slightly out-
performs PUMA, while results on Fon and Twi re-
main highly competitive. Notably, these results are
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Lang. Model WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑
Kabyle Whisper-small 0.890 0.081 0.366 0.185 0.363

Whisper-medium 0.724 0.157 0.453 0.250 0.449
Whisper-large 0.561 0.273 0.566 0.389 0.565
MMS 0.619 0.217 0.619 0.404 0.619
PUMA 0.503 0.196 0.638 0.431 0.637

Wolof Whisper-small 0.539 0.255 0.540 0.345 0.537
Whisper-medium 0.373 0.406 0.677 0.497 0.676
Whisper-large 0.349 0.437 0.707 0.533 0.704
MMS 0.405 0.415 0.734 0.571 0.733
PUMA 0.320 0.459 0.737 0.578 0.736

Hausa Whisper-small 0.177 0.704 0.846 0.752 0.846
Whisper-medium 0.136 0.763 0.886 0.812 0.886
Whisper-large 0.113 0.809 0.908 0.851 0.908
MMS 0.199 0.713 0.912 0.847 0.912
PUMA 0.075 0.855 0.934 0.885 0.933

Yoruba Whisper-small 0.364 0.485 0.713 0.562 0.710
Whisper-medium 0.285 0.575 0.780 0.646 0.778
Whisper-large 0.272 0.604 0.797 0.679 0.794
MMS 0.339 0.507 0.776 0.637 0.773
PUMA 0.245 0.588 0.828 0.714 0.826

Igbo Whisper-small 0.743 0.115 0.445 0.240 0.442
Whisper-medium 0.599 0.235 0.601 0.418 0.597
Whisper-large 0.613 0.211 0.575 0.384 0.572
MMS 0.586 0.241 0.658 0.480 0.655
PUMA 0.503 0.246 0.655 0.474 0.652

Lang. Model WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑
Shona Whisper-small 0.446 0.382 0.636 0.455 0.635

Whisper-medium 0.392 0.437 0.704 0.533 0.702
Whisper-large 0.305 0.508 0.742 0.580 0.741
MMS 0.353 0.461 0.721 0.549 0.718
PUMA 0.321 0.486 0.727 0.560 0.725

Xhosa Whisper-small 0.432 0.343 0.600 0.399 0.599
Whisper-medium 0.322 0.457 0.690 0.502 0.690
Whisper-large 0.262 0.539 0.749 0.583 0.747
MMS 0.368 0.422 0.692 0.500 0.692
PUMA 0.329 0.422 0.695 0.506 0.695

Fon Whisper-small 0.402 0.453 0.709 0.552 0.705
Whisper-medium 0.239 0.661 0.823 0.719 0.821
Whisper-large 0.200 0.709 0.854 0.771 0.852
MMS 0.398 0.475 0.801 0.674 0.797
PUMA 0.207 0.637 0.870 0.785 0.868

Twi Whisper-small 0.543 0.291 0.651 0.466 0.646
Whisper-medium 0.327 0.479 0.743 0.584 0.741
Whisper-large 0.266 0.565 0.807 0.684 0.805
MMS 0.345 0.476 0.778 0.624 0.774
PUMA 0.257 0.510 0.807 0.664 0.806

Arabic Whisper-small 1.403 0.009 – – –
Whisper-medium 0.626 0.218 – – –
Whisper-large 0.446 0.337 – – –
MMS 0.579 0.182 – – –
PUMA 0.384 0.345 – – –

Table 6: Per-language results for simultaneous multilingual training. ROUGE-1, ROUGE-2, and ROUGE-L are
abbreviated as R-1, R-2, and R-L, respectively. ROUGE scores are not reported for Arabic due to tokenization
issues.

obtained despite the substantial difference in archi-
tectural and computational cost, with PUMA rely-
ing on a much smaller and more efficient model
design.

B Per-language Zero-Shot Results on
FLEURS

This section reports detailed per-language zero-
shot ASR results on the FLEURS benchmark. We
provide fine-grained comparisons across Whisper
(small, medium, and large), MMS, Seamless-M4T
v2 Large, Omnilingual ASR in four configurations
(CTC-1B, CTC-7B, LLM-1B, and LLM-7B), and
PUMA for each individual language.

All models are evaluated on languages that are
available in FLEURS and were already observed
during training, enabling a cross-corpus zero-shot
evaluation. Per-language results for Wolof and
Hausa are reported in Table 7, results for Yoruba
and Igbo in Table 8, and results for Shona, Arabic,
and Xhosa in Table 9.

These per-language results enable a more de-
tailed analysis of model generalization across di-
verse low-resource languages. Despite its compact
and frugal architecture, PUMA achieves strong and
competitive performance compared to large state-
of-the-art multilingual ASR systems.
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Wolof Hausa
Model WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑ WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑
Whisper-small 0.919 0.009 0.153 0.054 0.149 0.944 0.004 0.107 0.033 0.104
Whisper-medium 0.907 0.012 0.175 0.067 0.168 0.928 0.008 0.129 0.046 0.127
Whisper-large 0.905 0.013 0.175 0.070 0.172 0.905 0.014 0.173 0.078 0.169
MMS 0.497 0.246 0.529 0.303 0.525 0.264 0.557 0.767 0.621 0.765
Omni-CTC-1B 0.412 0.354 0.638 0.440 0.633 0.264 0.559 0.779 0.640 0.777
Omni-CTC-7B 0.393 0.359 0.645 0.445 0.640 0.238 0.590 0.805 0.673 0.803
Omni-LLM-1B 0.372 0.405 0.677 0.491 0.673 0.229 0.615 0.816 0.692 0.814
Omni-LLM-7B 0.347 0.418 0.689 0.504 0.685 0.199 0.645 0.826 0.708 0.824
PUMA 0.426 0.337 0.617 0.424 0.614 0.324 0.465 0.721 0.552 0.718

Table 7: Zero-shot ASR performance on the FLEURS benchmark for Wolof and Hausa. ROUGE-1, ROUGE-2,
and ROUGE-L are abbreviated as R-1, R-2, and R-L, respectively.

Yoruba Igbo
Model WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑ WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑
Whisper-small 0.971 0.002 0.086 0.017 0.082 0.944 0.003 0.117 0.033 0.113
Whisper-medium 0.966 0.003 0.130 0.035 0.122 0.915 0.010 0.184 0.073 0.176
Whisper-large 0.963 0.003 0.138 0.040 0.131 0.897 0.012 0.226 0.110 0.217
MMS 0.841 0.089 0.227 0.104 0.219 0.652 0.143 0.460 0.238 0.455
Seamless-M4T 0.772 0.087 0.348 0.152 0.334 0.929 0.059 0.249 0.083 0.235
Omni-CTC-1B 0.528 0.254 0.697 0.550 0.685 0.547 0.249 0.638 0.445 0.630
Omni-CTC-7B 0.505 0.283 0.697 0.550 0.682 0.475 0.321 0.704 0.531 0.698
Omni-LLM-1B 0.516 0.308 0.644 0.518 0.635 0.456 0.360 0.711 0.551 0.705
Omni-LLM-7B 0.460 0.352 0.697 0.579 0.689 0.364 0.453 0.750 0.604 0.746
PUMA 0.626 0.157 0.616 0.451 0.600 0.467 0.311 0.674 0.488 0.665

Table 8: Zero-shot ASR performance on the FLEURS benchmark for Yoruba and Igbo. ROUGE-1, ROUGE-2, and
ROUGE-L are abbreviated as R-1, R-2, and R-L, respectively.

Shona Arabic Xhosa
Model WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑ WER ↓ BLEU ↑ WER ↓ BLEU ↑ R-1 ↑ R-2 ↑ R-L ↑
Whisper-small 0.875 0.032 0.212 0.103 0.212 0.334 0.439 0.936 0.007 0.120 0.031 0.119
Whisper-medium 0.834 0.043 0.268 0.148 0.268 0.240 0.583 0.899 0.017 0.173 0.068 0.172
Whisper-large 0.829 0.043 0.280 0.163 0.279 0.163 0.695 0.883 0.023 0.200 0.086 0.199
MMS 0.245 0.568 0.770 0.622 0.769 0.472 0.249 0.401 0.353 0.634 0.432 0.634
Seamless-M4T 0.826 0.078 0.286 0.119 0.284 0.080 0.853 – – – – –
Omni-CTC-1B 0.235 0.582 0.785 0.643 0.784 0.172 0.674 0.446 0.304 0.603 0.388 0.602
Omni-CTC-7B 0.183 0.657 0.832 0.709 0.832 0.143 0.724 0.357 0.428 0.700 0.514 0.700
Omni-LLM-1B 0.193 0.646 0.823 0.700 0.823 0.142 0.736 0.353 0.441 0.717 0.539 0.717
Omni-LLM-7B 0.150 0.719 0.865 0.764 0.864 0.122 0.762 0.279 0.521 0.766 0.610 0.765
PUMA 0.255 0.548 0.764 0.612 0.763 0.330 0.420 0.420 0.313 0.609 0.400 0.608

Table 9: Zero-shot ASR performance on the FLEURS benchmark for Shona, Arabic, and Xhosa. ROUGE-1,
ROUGE-2, and ROUGE-L are abbreviated as R-1, R-2, and R-L, respectively. ROUGE scores are not reported
for Arabic due to tokenization issues. Seamless-M4T does not support Xhosa.
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