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Abstract

Speech translation for low-resource languages
is constrained by the scarcity of high-quality
parallel speech data, which is particularly pro-
nounced in African linguistic contexts. To ad-
dress this, we introduce NaijaS2ST, a paral-
lel speech translation dataset covering Igbo,
Hausa, Yorubd, and Nigerian Pidgin paired
with English. The dataset contains more than
40 hours of speech per language and includes
several speaker and accent variations to re-
flect realistic settings. Using NaijaS2ST, we
benchmark cascaded, end-to-end (E2E), and
AudioLLM-based approaches across bidirec-
tional translation directions (XX<>English).
Our results show that few-shot audio LLMs
are more effective than cascaded and E2E
methods finetuned for speech-to-text transla-
tion. For speech-to-speech translation, how-
ever, cascaded and audio LLM paradigms per-
form comparatively, highlighting the need for
stronger task-specific models. NaijaS2ST of-
fers a strong foundation towards advancing
research on low-resource multilingual speech
translation. We open source the dataset here:
NaijaS2ST Huggingface Dataset; and the code
here: NaijaS2ST Code.

1 Introduction

Translation technologies play a central role in en-
abling equitable access to information and facilitat-
ing communication regardless of language bound-
aries (Naveen and Trojovsky, 2024). In recent
years, advances in neural architectures have led
to substantial improvements in both speech-to-text
translation (S2TT) and speech-to-speech transla-
tion (S2ST). More importantly, these improve-
ments have not been driven by architectural en-
hancements alone, but have historically depended
on the availability of large-scale parallel corpora.
These advancements, however, have been dispro-
portionately concentrated on a small set of high-
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Figure 1: Construction of the NaijaS2ST corpus. 6K
English-aligned sentences are drawn from four parallel
text corpora and read by 284 participants, resulting in
~269 hours of speech after quality control (QC).

resource languages. As a result, what started as
a means to reduce language barriers and enable
broader access to information and communication
has not fully realized its goals, as the benefits of
modern translation systems remain inaccessible to
a large portion of the world’s population. This dis-
parity is especially evident for African languages,
which account for a significant portion of global lin-
guistic diversity. In fact, among the roughly 2,000
languages in the widely used Flores-101 (Goyal
et al., 2022) dataset, only 0.85% are African. The
more recent FLORES-200 added Hausa, Igbo and
Yorubd, among other African languages, though
not Nigerian Pidgin (Costa-jussa et al., 2024).
Recent efforts have led to the development
of large-scale speech datasets for Nigerian lan-
guages (Meyer et al., 2022; Ogtinrémi et al., 2024;
Emezue et al., 2025; Adebara et al., 2026). How-
ever, these resources primarily target Automatic
Speech Recognition (ASR) and Text-to-Speech
(TTS) tasks. While there are some prior works
for text-based translation (Adelani et al., 2022b;
Costa-jussa et al., 2024), it does not address the
speech modality, and general-domain datasets cap-
turing African—English accents remain particu-
larly scarce (Olatunji et al., 2023). Moreover,
speech-based translation, especially in bidirec-
tional settings, remains significantly underexplored,
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as many existing evaluations are limited to the
“XX-English” direction in a single accent (Wang
et al., 2021b; Conneau et al., 2022a).

This lack of data coverage reflects a deeper is-
sue: under-representation of African languages
constitutes a fundamental bottleneck for progress
in speech translation research. Modern S2TT
and S2ST systems, whether based on cascaded
pipelines or end-to-end (E2E) architectures, de-
pend on large-scale parallel speech data. In the
absence of such datasets, it becomes difficult to (i)
perform standardized and reproducible benchmark-
ing, (ii) develop robust and generalizable models,
and (iii) conduct meaningful comparisons across
different modeling approaches.

We address these challenges by introducing
the NaijaS2ST speech dataset of actual spoken
recordings across the most populous Nigerian lan-
guages of Hausa, Igbo, Nigerian Pidgin (Naiji'),
and Yorubd. This dataset is designed to support
both S2TT and S2ST, and includes parallel speech
aligned with English. The speech data were col-
lected from 284 participants, who were asked to
read 6,000 sentences sourced from various news
outlets. Figure 1 illustrates the overall data collec-
tion process.

In addition to dataset construction, a systematic
benchmarking study of various speech translation
models is conducted. Specifically, we evaluate
both cascaded approaches and E2E models across
different translation directions (English<+African
languages). This comprehensive evaluation frame-
work enables a direct comparison of modeling
paradigms under low-resource conditions and pro-
vides insights into their relative strengths and lim-
itations. We hope that this work will serve as a
foundation for future research in speech transla-
tion for African languages and contribute to more
inclusive multilingual technologies.

2 Related Work

The evolution of speech translation research has
transitioned from cascaded architectures toward
unified, E2E multimodal paradigms. Yet, such ar-
chitectural progress has simultaneously exposed
structural bottlenecks regarding data equity, accent
robustness, and cross-lingual generalizability in
low-resource settings (Sarim et al., 2025).

In particular, the rapid advancement of speech
translation architectures is fundamentally rooted

'Naijd is a popular nickname for Nigeria, and also an
alternative name for Nigerian-Pidgin (Naij4).

in the availability of large-scale datasets. As such,
the foundation of modern systems relies heavily on
self-supervised learning (SSL) frameworks, such
as wav2vec 2.0 (Baevski et al., 2020) and HuBERT
(Hsu et al., 2021), which utilize massive unanno-
tated corpora like VoxPopuli (Wang et al., 2021a)
and Common Voice (Ardila et al., 2020) for cross-
lingual acoustic representations. For parallel trans-
lation tasks, monumental benchmarks such as CoV-
oST 2 (Wang et al., 2021b) and FLEURS (Conneau
et al., 2022b) established standard evaluation proto-
cols, while the CVSS corpus (Jia et al., 2022) and
the mined SpeechMatrix (Duquenne et al., 2023)
expanded bidirectional S2ST capabilities. How-
ever, current corpora are predominantly focused
on high-resource Indo-European languages. Re-
cent speech datasets for Nigerian languages (Meyer
et al., 2022; Ogﬁnrémf et al., 2024; Emezue et al.,
2025), are also primarily restricted to ASR or TTS.
Moreover, as the S2TT research paradigm has
increasingly integrated Large Language Models
(LLMSs), this has further amplified resource require-
ments (Rubenstein et al., 2023; gian Dong et al.,
2024; Zhang et al., 2024; Barrault et al., 2025; Alas-
truey et al., 2026). Concurrently, direct speech-
to-speech translation has shifted toward textless
modeling. While early systems mapped continuous
spectrograms (Jia et al., 2019), later work intro-
duced discrete acoustic units (Lee et al., 2022a,b)
that enabled models to bypass intermediate text
generation and support applications in unwritten
languages (Zhang et al., 2021; Chen et al., 2023).
Despite this, because these approaches still require
substantial parallel speech data, strategies such as
cross-lingual pseudo-labeling (Dong et al., 2022;
Popuri et al., 2022) and monolingual data utiliza-
tion (Nachmani et al., 2024) have been utilized to
reduce this dependency. Regardless, their LLM
reliance results in hallucinations when processing
noisy and accented inputs (Sarim et al., 2025).
Despite significant architectural advances,
progress in speech translation remains limited by
the absence of diverse, multi-accent, and bidirec-
tional parallel speech corpora for low-resource lan-
guages. Moreover, evaluating whether discrete-unit
or LLM-based E2E models truly outperform cas-
caded pipelines requires rigorous benchmarking
on authentic low-resource data, rather than high-
resource standardized proxies. Such work has been
presented in high-resource language scenarios, as
in Bentivogli et al. (2021), but still lack evalua-
tion in low-resource African languages. To address
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No. of No. No.
Language  Language Family Speakers | Existing Data (Exist.) Newly Added (Added) Exist. Added
Hausa (ha)  Afro-Asiatic/Chadic 94M | NTREX, SSA-MT & MAFAND VOA Texts 5,000 1,000
Igbo (ig) Niger-Congo/Volta-Niger 34M | NTREX & SSA-MT VOA Texts & MAFAND 3,497 2,503
Naija (pcm)  English-based Creole 12IM | — VOA Texts, MAFAND & SSA-MT - 4,000
Yorubd (yo) Niger-Congo/Volta-Niger 54M | NTREX, SSA-MT & MAFAND VOA Texts 5,000 1,000

Table 1: NaijaS2ST languages and data source, including language families, and number of speakers. Existing
dataset and their number of instances include: NTREX (1,997) (Federmann et al., 2022), SSA-MT (1,500) (Li et al.,
2025), and MAFAND (1503 out of 1925 parallel ha-yo sentences) (Adelani et al., 2022b).

this, we introduce NaijaS2ST, a multi-accent par-
allel speech translation benchmark for Nigerian
languages, providing the data foundation necessary
for the evaluation of speech translation paradigms
under realistic low-resource conditions.

3 NaijaS2ST Dataset

NaijaS2ST is a parallel speech—text benchmark for
training and evaluating speech-to-text translation
and speech-to-speech translation models across the
five most populous Nigerian languages and their
accents. The languages include English (British
& Nigerian accent), Hausa, Igbo, Nigerian Pidgin
(Naija), and Yorub4, each with at least 30 million
native speakers. Unlike the other Nigerian lan-
guages, Naija is an English-based Creole language
that combines simplification for broader accessi-
bility (e.g. less educated people) with lexical in-
fluence from English and some local languages.
This simplified and mixed linguistic structure poses
unique challenges for automatic text and speech
translation systems. Further information on lan-
guage characteristics are described in (§3.1)

Overall, NaijaS2ST enables multi-way S2ST
and S2TT for a population of over 300 million
native speakers. Details on the languages, their
speaker population, and the original data source for
data curation are shown in Table 1.

3.1 Language Characteristics

All languages in NaijaS2ST make use of the Latin
script and strictly follow the same Subject-Verb-
Object word order as in English. The language
specific characteristics are provided below.

Hausa (ha) is spoken by more than 94M people
across West and Central Africa and is native to
Nigeria and the Niger Republic. It employs a Latin-
based orthography consisting of 44 letters, includ-
ing special characters such as 6, d, and K. Hausa
is a tonal language with high and low tones, and
exhibits agglutinative morphological structure. It
belongs to the Afro-Asiatic language family, which

includes Arabic and Hebrew. Although multiple
dialects exist, this work focuses on the dominant
Kano dialect spoken in Nigeria, with all recordings
collected in the city of Kano.

Igbo (ig) is spoken by more than 34M people
in the South-Eastern part of Nigeria. Igbo makes
use of 34 Latin-based letters, including diacritics
(grave (“\”, acute (*/”’) accents, and underdots on
“1”, “0”, and “u”). However, in modern times, upper
diacritics are often ignored. Igbo is both tonal
and agglutinative, and from the Naijd-Congo/Volta-
Niger language family.

Nigerian-Pidgin (Naija) (pcm) is an English-
based creole language native to Nigeria and part of
the broader West African Pidgin English (WAPE)
continuum. Naijd is spoken by over 121M people
and is among the top 20 most spoken languages
in the world. Despite this, it remains poorly repre-
sented in existing corpora. Owing to its similarity
to WAPE, it is often broadly labeled as WAPE in
prior datasets, leading to inconsistencies in repre-
sentation. In this paper, the orthographic conven-
tions used in Wikipedia are adopted, following the
recommendations in Adelani et al. (2025).

Yoruba (yo) is native to South-Western Nigeria,
Benin and Togo, and spoken by more than 54M
people. Yorubd has 25 Latin letters, excluding
the Latin characters (c, q, v, x and z), and instead
includes additional characters (e, gb, s, 0). Yoruba
is a highly isolating language and belongs to the
Naija-Congo/Volta-Niger like Igbo. Yoruba is a
tonal language with three tones: low (“\”), middle
“—”_optional) and high (‘/”). The tonal marks and
underdots are very important in pronunciation of
words and generating correct sounds; their absence
often lead to worse results on downstream speech
tasks such as TTS (Ogﬁnrémf et al., 2024).

3.2 Text Data Collection

Statistics of the text data are shown in Table 1. To
obtain parallel sentences across language pairs, we
use three existing resources: NTREX (Federmann
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Train split (# hours) Dev-Test split | Gender ratio
Language # Recorded After QC | # Dev # Test | Female:Male
English (en) 30.09 2496 | 233 232 | F:19,M:21
Hausa (ha) 58.34 55.06 | 3.89 511 | F:47,M:25
Igbo (ig) 65.57 56.89 | 4.43 438 | F:47,M:25
Naija (pcm) 41.04 3130 | 3.67 4.61 | F:13,M:20
Yoruba (yo) 63.39 6138 | 4.38 449 | F:46, M:26

Table 2: NaijaS2ST Speech information before and
after Quality Control (QC).

et al., 2022) for Hausa—Igbo, SSA-MT (Li et al.,
2025) for Igbo—Yorubd, and MAFAND (Adelani
et al., 2022b) for Hausa—Yoruba.

To mitigate data contamination, an additional set
of 1,000 sentences is collected for English from
the VOA website. These sentences are not par-
allel to any of the training data and are equally
balanced across Nigerian and United Kingdom con-
texts. This is to enable assessment of S2ST models
in handling named entity pronunciation across di-
verse geographical settings. Moreover, 1,000 eval-
uation sentences are collected each for Hausa and
Yorub4. For Igbo and Naij4, we supplemented the
evaluation data by translating the missing portions
(i.e., MAFAND for Igbo and the full set for Naijd).
In total, 5,000 sentences are collected for training
and 1,000 are reserved for evaluation.

3.3 Speech Data Collection

Speaker Recruitment We recruited language co-
ordinators (LCs) who work in academic environ-
ments for each of the Nigerian languages. Each
LC further recruits speakers within the same city,
mostly from their home university, community,
or closed family and friends. For Hausa, Igbo
and Yorub4, we recruited 72 speakers mostly from
Kano, Anambra/Imo and Lagos/Ogun states respec-
tively to record the text data collected via the proce-
dure detailed in §3.2. Each volunteer recorded 250
utterances, covering 6,000 sentences in total, with
every sentence recorded three times.” Finally, for
English (Naija accent), speakers from two different
regions in Nigeria were recruited across all data
sources except NTREX, with half from the North
(Kano) and half from the South (primarily Lagos
and environs), involving 32 speakers in total. For
NTREX, spoken English data was also collected in
the same two accents with eight more speakers.’
The train, development and test split speakers are
completely distinct.

’Each speaker was paid $15 per 250 utterances recorded.

3Due to budget constraints, we did not prioritize obtaining

both accents for all NTREX sentences, as much of the content
is more Western-oriented.

Recording Tool Since annotators were geograph-
ically dispersed, the Telegram mobile app was used
to record utterances for practical reasons. All co-
ordination and project management was conducted
via WhatsApp as it is a widely used communica-
tion platform in Nigeria. Audio files are recorded
at a sample rate of 48 kHz and a signal-to-noise
ratio of at least 30 dB. Table 2 provides the details
on the number of recordings, number of hours and
gender distribution. See Appendix B for details.

Quality Control Quality control (QC) was con-
ducted systematically for each reader and language
for the dev and test sets. Specifically, 3 to 5 ut-
terances per reader were sampled to assess both
speech quality (e.g., naturalness, repetitions, loud-
ness) and recording conditions (e.g., background
noise, microphone quality). The most commonly
identified problems included excessive background
noise, poor microphone quality, and low volume.
Given this, utterances from readers who consis-
tently exhibited such issues were discarded and
re-recorded by new participants. All problem-
atic recordings in the development and test sets
were fully re-recorded. For budgetary reasons, re-
recording was not conducted for the train set. In-
stead, priority was given to ensuring completely
clean dev and test set curation. Table 2 summarizes
the speech dataset statistics before and after QC.

4 Experimental Settings
4.1 Models

Cascaded Methods Cascaded S2TT and S2ST
systems involve two steps: (1) ASR transcription
and (2) Translation into the target language. In
S2ST, there is a third stage of “audio synthesis,’
where translated text is subsequently converted into
speech via a TTS model. For ASR, we employ the
Omnilingual-ASR 1B LLM model (Team et al.,
2025). For translation, we evaluate two systems:
NLLB-200 3.3B (Costa-jussa et al., 2024) trained
exclusively for MT, and Tiny-Aya-Global 3B (Sala-
manca et al., 2026), which supports three of our
Nigerian languages, but does not natively support
Naija. We make use of 5-examples from the DEV
set for few-shot prompting of TinyAya, Gemma 3n-
E2B-it (Gemma 3) and Gemma 4-E4B-it (Gemma
4) (see Appendix D for the prompt). All S2ST
experiments use Gemini 2.5 Flash TTS.

i

End-to-End  Methods Unlike cascading
pipelines, E2E S2TT and S2ST jointly learn direct
mappings from speech inputs to either text or
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| XX — Eng | Eng — XX
Method Model Hausa Igbo Naija Yoriba Avg. | Hausa Igbo Naiji Yorubad Avg.
+NLLB 541 429 N/A 506 | 416 526 N/A 580 -
+ Tiny Aya 525 407 542 355 457 | 390 400 157 263 303
?A’;;CfDMET‘; Omnilingual-ASR ~ + Gemma 4 Zero-Shot | 44.6 302 539 372 41.5| 409 236 495 283 356
+Gemmad Few-Shot | 633 50.6 34.1 567 512| 42.1 268 528 286 37.6
Zero-Shot 146 206 446 570 342| NA 531 NA 554 .
END-TO-END  SeamlessMAT — yp 0 "pp 549 524 507 603 546| 121 548 614 686 492
Multi FT 467 474 560 543  SL1| 534 646 426 68.5 573

Table 3: Speech-to-text translation results (SSA-COMET 7). [Italics indicate best within each method; bold
indicates best overall while underlined indicate second best result. Multilingual fine-tuning (FT) is a model fine-
tuned across all the Nigerian languages data. Naija is not supported by NLLB, we label it N/A

| XX — Eng | Eng — XX
Method Model Hausa Igbo Naija Yoriba Avg. | Hausa Igbo Naiji Yoruba Avg.
CASCADED +NLLB 42.0 338 N/A 38.1 - 50.0 452 N/A 29.1 -
(ASR + MT) Omnilineual-ASR  + Gemma 4 Zero-Shot 347 231 354 26.9 30.0 363 249 208 11.8 235
e + Gemma 4 Few-Shot 369 247 36.6 26.1 31.1 372 268 228 11.3 245
. . Zero-Shot 159 194 31.1 433 274 N/A 245 N/A 14.2 -
END-TO-END  SeamlessM4T —yp 0 pp 419 392 181 435 357| 137 547 61 370 279
Multi-FT 38.0 36.0 40.1 41.8  39.0 145 553 153 371 30.6

Table 4: Speech-to-text translation results (ChrF++ 7). Bold indicates best overall while underlined indicate
second best result. Multilingual fine-tuning (Multi FT) uses all Nigerian data. NLLB does not support Naija.

speech outputs, thereby eliminating the need
for an intermediate ASR. For the S2TT task,
we evaluate SeamlessM4T-Large V2 (2.3B) in
three settings: (1) Zero-shot inference on the
test set (2) Monolingual fine-tuning (Mono-FT)
per language to further improve generalization
(3) Multilingual fine-tuning (Multi-FT) that
combines all languages per translation direction
(Eng<slow-resource languages (LRL)). For
Mono-FT, each language-specific model is trained
with a learning rate (LR) of le-5, 16 gradient
accumulation (GA) steps and 3 epochs. LR of 5e-6,
32 GA steps and 3 epochs is used for Multi-FT.4

For LRL<+English S2ST evaluation, we use
SeamlessM4T-large 2.3B for both zero-shot and
Mono-FT settings, as SeamlessM4T-Large V2 does
not support S2ST finetuning. As Hausa is not sup-
ported in SeamlessM4T, it is mapped to a proxy
language token from the same language family
(Arabic), following Adelani et al. (2022a). Sim-
ilarly, we map Naij4 to French, as it is very similar
to English and should therefore be linked to a Euro-
pean language. The results for these two languages
should therefore be interpreted as a fine-tuned ex-
tension rather than a reflection of the model’s native
multilingual coverage. Training is conducted with
a LR of 1e-5, batch size 2 and a maximum of 10

“Hyperparameters selected via hyperparameter tuning.

epochs with early stopping. Note that the other
direction in S2ST (i.e. English—LRL) is omitted
because SeamlessM4T only supports translation
into high-resource languages.

AudioLLMs We evaluate proprietary LLMs that
support low-resource languages for S2TT and
S2ST tasks (i.e., Gemini 2.5, Gemini 3.1, GPT-
Audio). For comparison, we also evaluate Gemma
4 for S2TT as an open-source option. As Gemini
does not currently support native S2ST, we con-
struct a cascaded S2ST pipeline by applying Gem-
ini 2.5 TTS to the outputs of its S2TT system. Note
that most of the other high-performing AudioLLM-
s/multimodal LLMs, such as Qwen3-Omni (Xu
et al., 2025) or DeSTA2 (Lu et al., 2025) do not
support our studied languages.

4.2 Evaluation Metrics

Both lexical and embedding-based metrics are used
to obtain a comprehensive assessment of model per-
formance. Specifically, we report SSA-COMET
(-MTL) (Li et al., 2025), which is an extension of
the COMET (Rei et al., 2020) metric for African
languages. COMET incorporates semantic similar-
ity between hypothesis and reference translations
by leveraging pretrained multilingual encoders to
compute contextualized sentence representations.
We additionally use ChrF++ (Popovié, 2015), a
character n-gram-based metric that computes an
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XX — Eng Eng — XX
Model Method Hausa Igbo  Naija  Yorubda Avg. | Hausa Igbo Naija  Yoruba  Avg.
SeamlessMAT Mono FT 54.9 52.3 50.7 60.3 54.6 13.7 54.7 6.1 37.0 279
> Multi FT 46.7 474 56.0 543 51.1 53.4 64.6 42.6 68.5 573
Gemma 4 Zero-Shot 39.2 31.7 52.7 37.0 40.2 40.6 25.8 53.2 30.9 37.6
Few-Shot 41.5 28.0 52.9 35.7 39.5 393 30.0 513 32.2 38.2
GPT-Audio Zero-Shot 34.0 31.1 60.3 36.0 404 38.2 40.2 42.1 40.6 403
Few-Shot 33.8 30.4 60.3 354 400 63.2 61.3 60.2 61.2 61.5
Gemini 2.5 Zero-Shot 60.9 37.0 59.1 49.4 51.6 63.8 64.6 58.2 67.2 63.5
’ Few-Shot 63.1 41.0 62.2 51.2 54.4 64.2 64.4 54.3 68.9 63.0
Gemini 3.1 Zero-Shot 68.1 51.3 65.4 63.6 62.1 68.3 67.1 61.5 72.1 67.3
- Few-Shot 69.4 56.2 66.7 659  64.6 68.3 67.4 62.8 72.3 67.7

Table 5: Speech-to-text translation results (SSA-COMET 1) for AudioLLM, compared with fully supervised fine
tuning (Seamless M4T). Italics indicate best within each method; bold is best overall. Second best is underlined.

F-score over overlapping character sequences be-
tween the hypothesis and reference. By operating
at the character level, ChrF++ is more sensitive
to morphological variations and orthographic simi-
larity than word-level metrics, but are sometimes
unreliable for many LRLs (Freitag et al., 2022;
Wang et al., 2024).

For S2ST metrics, we calculate ASR-COMET
by performing ASR on the predicted audio transla-
tions using Omnilingual-ASR, followed by SSA-
COMET on the transcriptions, as in the S2TT task.

S Results
5.1 Speech-to-Text Translation Results

Architectural Comparisons Overall, we ob-
serve a consistent advantage of E2E and Audio
LLM-based approaches over traditional cascaded
S2TT pipelines (Tables 3-5). In particular, the
best E2E configuration (i.e., SeamlessM4T with
Mono-FT or Multi-FT) and the strongest Audio
LLM (Gemini 3.1) both surpass the cascaded Om-
nilingual ASR + MT pipeline. This trend aligns
with prior findings that cascaded S2TT systems
are susceptible to error propagation, where tran-
scription errors from ASR compound downstream
during MT (Etchegoyhen et al., 2022). To as-
sess whether degradation in cascaded performance
stems primarily from ASR errors or MT limita-
tions, we pair a fixed Omnilingual ASR backbone
with multiple MT models (Tables 3, 4). The results
show that for Hausa and Igbo, performance remains
relatively similar across NLLB and TinyAya back-
ends regardless of language direction. In contrast,
Yoruba exhibits substantial sensitivity to the choice
of MT model: replacing NLLB with Tiny Aya leads
to large drops in SSA-COMET (e.g., 50.6 — 35.5

for XX—Eng; 58.0 — 48.4 for Eng—XX).>-

End-to-End Fine-tuning Table 3 reveals a
highly asymmetric zero-shot behavior of Seam-
lessM4T across directions and languages. In
the LRL—English setting, performance fluctuates:
while Yorubd and Naija results are relatively high
at 52.4 and 57.0 SSA-COMET scores, Igbo and
Hausa lag significantly behind (20.6 and 14.6, re-
spectively). The particularly low performance for
Hausa and Naija for English—LRL is expected
given their unsupported status in the base model.

Inconsistencies of metrics to wrong language
output In the reverse English—LRL direction,
zero-shot scores for Igbo and Yorub4 appear to ex-
hibit relatively high SSA-COMET scores (53.1 &
55.4, respectively). However, this is not reflected
in ChrF++ (Table 4), where scores remain substan-
tially lower. This discrepancy highlights a key lim-
itation of embedding-based metrics: SSA-COMET
is more tolerant to lexical and surface-form mis-
matches, whereas ChrF++ penalizes such devia-
tions more directly. Manual inspection of the out-
puts shows that a considerable portion of Seam-
lessMA4T predictions remain in the source language.
This indicates that the model often fails to fully
perform the translation despite achieving moder-
ate semantic similarity scores, and highlights the
need to have multiple evaluation metrics. While
ChrF++ is generally unreliable as it often achieves
low scores for languages like Yoruba with exten-
sive use of diacritics and penalizes progress (i.e.

SQualitative inspection reveals that Tiny Aya frequently
produces extraneous “‘chain-of-thought”-like tokens and meta-
commentary in Yorubd outputs, suggesting a mismatch be-
tween instruction-tuned generative behavior and the con-
strained requirements of translation.

See Appendix E for results with other metrics.
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| XX — Eng | Eng — XX

Method Model \Hausa Igbo Naija Yorilbé\Hausa Igbo Naija Yoruba
Naija-accent

End-to-End SeamlessM4T Multilingual 23.5 264 N/A 363 N/A NA N/A NA
Cascaded Omni + NLLB/TinyAya + Gemini 2.5 TTS Naija | 50.4 40.6 40.8 46.6| 37.1 350 472 39.8
AudioLLM Gemini 3.1 Few-Shot  + Gemini 2.5 TTS Naija | 61.8 50.7 60.0 65.4| 45.8 40.0 47.6 425
British-accent

Cascaded Omni + NLLB/TinyAya + Gemini 2.5 TTS British| 51.5 41.8 51.4 48.6| 40.3 38.3 41.2 45.1
AudioLLM Gemini 3.1 Few-Shot  + Gemini 2.5 TTS British| 63.3 51.2 624 60.7| 44.4 404 479 51.1

Table 6: Speech-to-speech translation results (ASR-COMET 7). Italics indicate best within each method; bold
indicates best overall while second best is underlined. Best models per method are used as a base for TTS. Thus, we
use Omni+NLLB for Hausa, Igbo and Yorub4, and Tiny Aya for Naij4, as it is not supported by NLLB.

the language with the highest SSA-COMET score
out of the three languages achieved lower score
with ChrF++ in Table 4), it is able to catch simpler
errors that more sophisticated metrics cannot.

SeamlessM4T exhibits notably different be-
haviour on Naija compared to the other language
pairs. While Mono-FT improves SSA-COMET
scores over the Zero-Shot setting, the opposite
trend is observed for ChrF++. One likely factor
is the relatively small amount of available Naija
training data, which makes fine-tuning, particularly
through the use of a proxy language, more difficult.

Fine-tuning helps wrong language generation
Fine-tuning substantially mitigates these issues, but
the gains depend critically on both directionality
and training strategy. In the LRL—Eng direction,
Multi-FT yields large improvements for Hausa,
Igbo and Naijd which suggests that shared language
representations help compensate for limited per-
language data. Yet, this comes at a slight cost for
Yorubd, where zero-shot performance is already
strong, and indicates potential cross-lingual inter-
ference. On the other hand, Mono-FT consistently
improves performance across all languages and
achieves the best overall results in this direction
(e.g., 60.3 for Yoruba), with Naija being the excep-
tion, likely due to the comparatively limited amount
of available training data. This suggests that joint
training could introduce cross-lingual trade-offs
that are absent in language-specific adaptation.

The trend reverses for English—LRL, where
Multi-FT consistently outperforms Mono-FT
across both SSA-COMET and ChrF for Hausa,
Igbo and Yorub4, and still achieves relatively high
results for Naijd. Given the lower-resource na-
ture of this setting, this suggests that performance
is more strongly influenced by overall data avail-
ability, with shared multilingual training providing

\ XX — Eng \ Eng — XX
Method | ha ig yo

CASCADED | 750 47.5 747
E2E ‘ 4.1 29.0 593

AUDIOLLM | 99.2 72.8 93.2

Avg.| ha ig yo Avg
30.8 ‘ N/A N/A N/A NA
88.4 ‘ 88.5 834 94.0 88.6

Table 7: S2ST human evaluation results (0-100 aver-
age Likert scale 7). [talics indicate best within each
method; bold is best overall. Underlined is second best.

greater benefit than language-specific fine-tuning.

AudioLLM Evaluation As shown in Table 5,
Audio LLMs establish the highest baseline for
S2TT, with Gemini 3.1 emerging as the strongest
model across all language pairs and directions.
Specifically, under few-shot prompting, Gemini 3.1
achieves the best overall SSA-COMET scores, and
surpasses both the best fine-tuned SeamlessM4T
models (average margin of -8 points) and all cas-
caded systems. Moreover, it is consistently seen
across Gemini models that few-shot prompting
helps in providing modest but reliable gains over
its zero-shot performance. This indicates that in-
context learning helps stabilize cross-lingual align-
ment in low-resource settings. In contrast, GPT-
Audio exhibits weaker and less stable performance
particularly for LRL—English, where few-shot
prompting does not consistently improve results,
and even leads to degradation. Similarly, Gemma 4
does not improve with few-shot prompting, and re-
ports the lowest average scores with the AudioLLM
category, and is lower than that of SeamlessM4T.
See Appendix A.2 for more information.

5.2 Speech-to-Speech Translation Results

Speech-to-speech systems Table 6 presents
S2ST results across cascaded, E2E, and
AudioLLM-based approaches.  The findings
reinforce a consistent pattern observed in S2TT;
performance is largely driven by the quality of the
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translation component rather than speech gener-
ation. For LRL—English, AudioLLM pipelines
achieve the strongest results overall, with Gemini
3.1 (few-shot) + TTS reaching the highest score
for Hausa (63.3), outperforming cascaded systems
by a 12.9 margin. This advantage is reflected
across the other languages, all outperforming the
cascaded methods by a margin over 10. Note that
accent variation in the TTS component (Received
Pronunciation (RP) British vs. Nigerian English)
has minimal impact in the LRL—English direction,
with only marginal differences across all languages.
The primary exception is the cascaded approach
on Naijd, where performance decreases noticeably
under British-accented speech. This may be
explained by the linguistic similarity between
Naija and Nigerian-accented English, which likely
provides an advantage when the target speech
aligns more closely with the source language
context. Overall, these findings suggest that accent
choice in the TTS component has limited influence
on speech-to-speech quality when English is the
target language.

In contrast, the English—LRL direction re-
veals a clearer advantage for AudioLL.M-based ap-
proaches compared to cascading systems. Gemini
3.1 with Nigerian English (Naija) TTS achieves
the best performance across most of the target lan-
guages (e.g., 45.8 for Hausa, 40.0 for Igbo and 47.6
for Naijd), while the cascaded approach remains
more effective for Yoruba (39.8). Furthermore,
S2ST with SeamlessM4T (multilingual) performs
significantly worse than both cascaded and Audi-
oLLM approaches, which is likely due to weaker
translation quality from the V1 model, and simply
outputted English for Naija. This highlights that
translation quality remains the primary bottleneck
in S2ST performance.

5.3 Human Evaluation

To assess translation quality, we conduct six hu-
man evaluation studies, corresponding to each
English<+XX language pair. Each survey is com-
pleted by three bilingual annotators, who eval-
uate both the semantic adequacy of the transla-
tion and the pronunciation quality of the gener-
ated S2ST output on a 0-100 scale. For 100
randomly sampled utterances from the Nigerian-
context test set, we construct one evaluation item
per modeling paradigm, using the strongest system
in each: Omnilingual-ASR + NLLB (cascaded),
SeamlessM4T Multi-FT (E2E), and Gemini 3.1 +

Gemini 2.5-TTS (AudioLLM). Since Eng—XX
lacks an E2E paradigm, we evaluate only the cas-
caded and AudioLLM settings, yielding 200 items
for Eng— XX and 300 for XX—Eng. Further de-
tails can be found in Appendix H.

Overall, the human evaluation results reveal
a consistent hierarchy across language pairs and
translation directions. AudioL.LM systems obtain
the highest translation quality ratings, with average
scores exceeding 88%, whereas cascaded systems
achieve moderate performance (65-77%) and E2E
models receive the lowest ratings (Table 7). Across
the evaluated languages, Igbo receives the lowest
human scores, mirroring the pattern observed in
the automatic evaluation results in Table 6. This
outcome may reflect Igbo’s comparatively lower-
resource status relative to the other languages.

6 Further Analysis
6.1 Sentence Length Distribution

To further investigate translation quality, we an-
alyze prediction-to-ground-truth sentence length
ratios across architectures. Figures 2 and 3
show these distributions for the LRL—Eng and
Eng—LRL directions, respectively. The cascaded
approach yields the most stable and compact distri-
bution, centering tightly around 1.0 with minimal
variance. Although cascaded systems can propa-
gate downstream ASR errors, their intermediate
bottleneck helps enforce structural alignment and
prevents runaway generation or severe truncation.

Conversely, SeamlessM4T shows severe insta-
bility, with bottom-heavy distributions that indicate
systematic under-generation, especially for Hausa.
This likely stems from Hausa being unsupported in
the base SeamlessM4T model and handled through
proxy Arabic tokens, leading to frequent genera-
tion failures, untranslated source-language outputs
and repetitive words.

Audio LLMs exhibit the highest variance, with
upper tails frequently exceeding a ratio of 2.0, in-
dicating over-generation. Manual inspection of
the 50 longest over-generated outputs revealed that
all were valid, verbose paraphrases that unpack
compact clauses into explicit compound sentences
while preserving meaning. This accounts for the
discrepancy between human preference for Audio
LLM outputs and their apparent over-generation,
as sentence-length ratio metrics penalize such ver-
bosity, whereas human evaluators and semantic
metrics (e.g., SSA-COMET) rate it positively, as
translation accuracy remains unaffected. Further
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Figure 2: Prediction and ground truth sentence length
ratio for XX — English translation.
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Figure 3: Sentence length ratio for English—XX.

analyses are included in Appendix G.

6.2 Part-of-Speech (POS) Analysis

To further understand the failure modes of dif-
ferent paradigms, we conduct POS error analy-
sis on the outputs of best-performing AudioLLM
and cascaded systems (Figure 4 and Appendix
F). POS tagging is performed automatically us-
ing open-source taggers, which are monolingually
fine-tuned AfroXLMR-76L (Adelani et al., 2024)
encoder models that are trained on MasakhaPOS
(Dione et al., 2023). Analysis is restricted to
Eng— XX, tagging both reference and predicted
target-language text (with the same tagger) to iso-
late target-generation quality.

It can be observed that aggregate scores mask
systematic paradigm differences. POS-level break-
down shows AudioLLM errors concentrate on
open-class, content-bearing tags (e.g., X, ADV,
VERB, SYM) and are lowest on closed-class tags
(e.g., CCONIJ, PROPN, NUM). Cascaded systems
show the opposite pattern, with dominant SYM,
NUM, and PUNCT, and VERB remaining compar-
atively stable. We attribute this to differing induc-
tive biases; AudioLLMs are prone to semantic drift
on content words, while cascaded systems are more
vulnerable on transcription-sensitive categories due
to the intermediate textual bottleneck.

Moreover, Yorubd diverges from the other lan-
guages, showing elevated SYM and INT]J errors
and a flatter error distribution, whereas Hausa, Igbo,

POS Translation Error Rates

Error Rate (%)

= 9 . e
S E e TS E IS

POS Tag

Figure 4: POS error rates for English— Yoruba S2TT
using best-performing AudioLLM.

and Naija show broadly similar rankings across
paradigms. This aligns with Yorub4d’s greater sen-
sitivity to MT-model choice (Sec 5.1), likely re-
flecting its profile as a highly isolating language re-
liant on tone marks and underdots (Ogtinrémf et al.,
2024). Since Yoruba encodes POS prosodically
and orthographically rather than morphologically,
these distinctions are fragile under S2T transcrip-
tion and harder for aggregate metrics to capture
(see Appendix F).

7 Conclusion

In this paper, we introduced NaijaS2ST, a parallel
speech—text dataset for Igbo, Hausa, Yorub4, and
Nigerian Pidgin paired with English, designed to
address the scarcity of high-quality, diverse speech
resources for low-resource languages in African
contexts. The dataset enables standardized evalua-
tion of both S2TT and S2ST systems under realistic
multi-accent and multilingual conditions, with care-
fully curated recordings spanning diverse speakers,
dialects, and quality-controlled splits.

Using NaijaS2ST, comprehensive benchmark-
ing studies were conducted across cascaded, E2E,
and AudioLLM-based approaches in bidirectional
translation settings. Results demonstrate a clear ad-
vantage of E2E and AudioLLM systems over tradi-
tional cascaded methods, with AudioLLMs achiev-
ing the strongest overall performance. Fine-tuning
is essential for E2E models, but exhibits strong di-
rectionality effects; monolingual adaptation is most
effective for LRL—English, whereas multilingual
training yields greater gains in the reverse direc-
tion. Moreover, translation quality remains the pri-
mary bottleneck for S2ST, while speech synthesis
choices including accent variation, have compara-
tively limited impact in LRL—English scenarios.
We hope this work will support future research
toward more robust, scalable, and inclusive multi-
lingual speech translation research.
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8 Limitations

Despite the breadth of our study, several limitations
remain. To start, our evaluations are conducted
in a controlled offline setting and therefore does
not capture practical deployment considerations
such as inference latency, streaming constraints, or
computational efficiency. In particular, although
AudioLLLM-based systems achieve strong trans-
lation performance, they may incur substantially
higher inference cost and latency than cascaded or
E2E approaches, potentially limiting their applica-
bility in real-time or resource-constrained environ-
ments. Moreover, while we have benchmarked
across varying cascaded, E2E, and AudioLLM-
based paradigms, our exploration of model config-
urations is not exhaustive. For AudioLLMs espe-
cially, we evaluate only a limited set of prompting
and decoding strategies, and do not systematically
explore the broader design space of prompt en-
gineering, in-context learning configurations, or
alignment techniques. Given the sensitivity of Au-
dioLLMs to prompt formulation, further perfor-
mance gains may be achievable through more ex-
tensive optimization.

9 Ethical considerations

This project involved collecting speech data from
more than 250 participants across Nigeria. All
participants provided their informed consent for
the use of their recordings in speech translation
research and were fairly compensated for their con-
tributions. Given the scale of the data collection
effort, we did not rely on volunteer recordings. In-
stead, each participant recorded approximately 250
sentences and received $15 in compensation (which
is a fair rate in Nigeria). Similarly, language coor-
dinators and translators were also adequately com-
pensated for their work. Translators were paid
$0.50 per sentence, resulting in a total translation
cost exceeding $11,000 in all languages. Through-
out the project, we ensured that contributors were
compensated fairly while also allowing room for
negotiation when necessary.

Regarding privacy and ethics, we did not collect
private, personal, or sensitive content, nor did we
ask participants to read such material. All recorded
sentences were sourced from publicly available
corpora developed for prior NLP research projects,
including NTREX, SSA-MT, and VOA datasets.
To further protect participant privacy, we will pro-
hibit the use of the dataset for tasks intended to

re-identify speakers. In addition, we do not intend
to release any personally identifiable information
(PII) associated with participants, such as names,
email addresses, phone numbers, or other identify-
ing metadata.
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A British English Dataset Addition
A.1 Dataset

Using the same English data from our accented-
English dataset, we record a new British English
test set and synthesize the train set using a mixture
of 10 Gemini 2.5 TTS voices. We provide our own
recording tool to the British annotators, who were
instructed the speakers to record on their laptops
with a good microphone in a quiet environment.
We recruited one female and three males speakers
through our community, who are native Southern
British English speakers. Each volunteer recorded
250 utterances, covering the 1000 necessary for the
dev and test sets. The speakers were aware that
their recordings would be made public, but used
only for research purposes, as were the Nigerian
languages participants.

A.2 Experiments with Accents

We further investigate the difference in perfor-
mance between Nigerian and British accented En-
glish, the best cascaded and AudioLLM methods
are evaluated (Table 5) on the newly created dataset
mentioned in Section A.1.

The results in Table 8 highlight clear differ-
ences in robustness to British- and Naiji-accented
English inputs across model architectures. The
strongest cascaded approaches are substantially
affected by accent variation, with performance
generally improving under British-accented input
compared to Naija-accented speech. In contrast,
the best-performing AudioLLM remains compar-
atively stable across accent conditions, achieving
similar performance for Hausa, Igbo, and Naiji
translation under both input varieties. The pri-
mary exception is Yorubd, where performance de-
creases notably for British-accented input despite
achieving the strongest overall results under Naijé-
accented speech. This finding suggests that ac-
cent alignment between the source speech and
target language context may particularly benefit
Yorub4 translation. Additionally, the performance
gap between zero-shot and few-shot prompting is
smaller for British-accented inputs, indicating that
in-context examples provide comparatively limited
gains in this setting. Overall, these results suggest

that end-to-end AudioLLM approaches exhibit sub-
stantially greater robustness to accent variation than
cascaded ASR+MT pipelines.

Eng — XX
Hausa Igbo Naija Yoruba Avg.

Model Method

British-accent
CASCADED
(ASR + MT)

+NLLB 526 584 109 63.2 463

Omnilingual-ASR oo "ava 493 532 454 449 482

Naija-accent
CASCADED
(ASR + MT)

British-accent
AUDIOLLM

+NLLB 476 526 9.7 58.0 420

Omnilingual-ASR +Tiny Aya 39.0 400 157 263 303

Gemini 3.1 Zero-Shot 682 672 627  63.1 653
emint 5. Few-Shot 689 677 618 63.0 654
Naija-accent

AUDIOLLM Zero-Shot 83 67.1 615 72.1 673

Gemini 3.1 Few-Shot 683 674 628 723 617

Table 8: Speech-to-text translation results (SSA-
COMET 1) for AudioLLLM and Cascade evaluation
for British English — XX. Italics indicate best within
each method; bold indicates best overall while the sec-
ond best is underlined.

Speech-to-Speech  Evaluation Omnilingual-
ASR 1B model is used to transcribe speech outputs,
on which SSA-COMET and ChrF++ scores are
computed. We also finetune Omnilingual on
our train and dev sets, to create Naija-Omni. To
analyze the impact of the ASR system on the
evaluation, we also synthesize the text translation
to RP British English, and compare results between
British and Naija-accented speech and the base
Omnilingual and Naija-Omni. As can be seen in
Table 9, Naija-Omni generally improves results
both for the Nigerian and the British accented
speech translations. Interestingly, British TTS
still gets better results than Naija TTS using
Naija-Omni. These results indicate that biases
introduced at the TTS stage propagate into
evaluation metrics, motivating further investigation
into accent-invariant evaluation strategies for
S2ST.

B Recording Instructions

Participants were instructed to record in quiet envi-
ronments, speak clearly, and avoid word repetitions.
Following the initial recordings, feedback was pro-
vided on audio quality, along with guidance on
segments requiring re-recording.

C License

All resources released as part of this work are dis-
tributed under the CC-BY license.
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XX — Eng

Model Output Accent ASRmodel Hausa Igbo Naijda Yorubd
Naiid +Naija-Omni  61.8 50.7 60.0 65.4
Geminial +Omni 60.8 50.0 60.7 58.6
British +Naija-Omni  63.2 514 62.6 60.3
e +Omni 63.3 512 624 60.7

Table 9: S2ST ASR-COMET (1) results computed
with finetuned Naija-Omni ASR and the original
Omnilingual-LLM-1B (Omni).

D Prompt Templates

[PROMPT CONTENTS]

You are a translation expert. Here are
{len(fewshot_files)} examples of
{language} audio transcribed, then
translated into English. Following
these examples, transcribe the last
given audio, and use the
transcription to provide its exact
English translation. Return only the
English translation without any
additional text.

[AUDIO] .wav

Figure 5: Prompt template used for LRL—English
speech-to-text translation in Gemini 2.5 and Gemini
3.1

[USER]

You are a professional translator. Here
are {number_of_few_shot_examples}
examples of {language}
transcriptions and their English
translations:\n{examples_str}\n\n"

Following these examples, translate the
following {language} transcription
to English.

Only output the English translation
without any additional text or
formatting.{input_text}

Figure 6: Prompt template used for LRL — Eng MT for
Tiny Aya.

[SYSTEM]

You are a translation expert. Here are
{len(fewshot_examples)} examples of
{language} audio transcribed, then
translated into English.Following
these examples, transcribe the last
given audio, and use the
transcription to provide its exact
English translation. Return only the
English translation without any
additional text.”

[USER]

Translate this {language} audio into
English.

[AUDIO]: .wav

Figure 7: Prompt template used for LRL—English
speech-to-text translation for GPT-Audio

E ChrF++ and SpBLEU Results

In addition to the SSA-COMET results reported
previously, we also provide ChrF++ scores for
other S2TT experiments. Furthermore, we include
SpBLEU, which is a metric designed for machine
translation that evaluates translation quality. We
also report a variant, ASR-SpBLEU, which applies
the same evaluation procedure on ASR-transcribed
hypotheses, thereby capturing the compounded ef-
fects of recognition and translation errors in cas-
caded or speech-based pipelines. Table 10 through
Table 14 explicitly detail the comprehensive Sp-
BLEU, ChrF++, and ASR-SpBLEU metrics. They
serve to provide a highly granular breakdown of the
evaluation settings discussed in Section 5, show-
ing the performance variations across both Naiji-
accented and British-accented evaluations.
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| XX — Eng | Eng — XX

Method Model Hausa Igbo Naijia Yoriibd Avg.|Hausa Igbo Naija Yoruba Avg.
CASCADED Omnilineual-ASR +NLLB 17.3 11.0 16.1 170 11.1] 16.7 292 0.0 23.4 17.32
(ASR + MT) & + Tiny Aya 124 62 43 109 8.45 16.2 238 1.1 18.7 15.0
Zero-Shot 1.3 4.0 NA 19.5 124 N/A 75 N/A 2.5 5.0
END-TO-END  SeamlessM4T  Mono FT 18.6 17.6 1.2 21.1 14.7 1.1 372 03 30.0 229
Multi FT 139 14.8 18.5 15.8 15.8 1.5 40.0 1.2 30.3 23.8

Table 10: Speech-to-text translation results (SpBLEU 7). Italics indicate best within each method; bold indicates
best overall while underlined indicate second best result. Multilingual fine-tuning (FT) is a model fine-tuned across
all the Nigerian languages data.

XX — Eng Eng — XX
Model Method Hausa Igbo Naija Yoruba Avg. Hausa Igbo Naija Yoruba Avg.
Zero-Shot 1.3 4.0 7.4 8.3 5.3 N/A 7.5 N/A 2.5 -
SeamlessM4T  Mono FT 18.6 17.6 1.2 21.1 147 1.1 372 0.3 300 172
Multi FT 13.9 14.8 18.5 158 16.1 1.5 40.0 1.5 303 183
Gemini 2.5 Zero-Shot 19.2 7.2 12.5 13.5 132 26.7 374 5.7 312 253
) Few-Shot 233 109 16.5 170 169 36.1 5.2 25.2 29.1 239
Gemini 3.1 Zero-Shot 30.0 19.6 284 21.1 248 30.3  39.0 6.6 356 279
3. Few-Shot 35.6 252 333 284 38.7 324 40.6 20.4 36.3 324
GPT-Audio Zero-Shot 44 4.6 16.2 24.7 125 7.2 8.1 1.9 6.5 5.9
4 Few-Shot 4.3 44 16.3 5.6 7.7 252 2938 5.8 13.6 18.6

Table 11: Speech-to-text translation results (SpBLEU 1) for AudioLLM evaluation, with a comparison to fully
supervised fine tuning (SFT) (Seamless M4T). Bold indicates best overall while the second best is underlined.

XX — Eng Eng — XX
Model Method  Hausa Igbo Naija Yoruba Avg. Hausa Igbo Naija Yoruba Avg.
Zero-Shot 159 194  31.1 433 274 N/A 245 N/A 14.2

SeamlessMA4T Mono-FT 419 392  18.1 435 357 137 547 6.1 37.0 279
Multi-FT 380 360  40.1 418 390 145 553 153 37.1 306
Gemini 2.5 Zero-Shot 465 300 389 374 382 493 531 285 324 408
: Few-Shot 493 335 412 394 409 489 538 270 376 41.8
Gemini 3.1 Zero-Shot 549 41.5  44.9 50.8 480  53.0 563 288 407 44.7
¢ : Few-Shot  58.1 46.0 49.7 545 521 536 570 410 2.0 484
Zero-Shot  17.0 156 299 179 201 332 218 220 128 225

Gemma 4

Few-Shot 247 159 302 18.0 222 335 221 222 13.0 227

. Zero-Shot 242 223 399 247 278 239 227 189 141 199
GPT-Audio-TO-DO g chot 241 220 401 244 277 481 472 280 241 369

Table 12: Speech-to-text translation results (ChrF++ 1) for AudioLLM evaluation, with a comparison to fully
supervised fine tuning (SFT) (Seamless M4T). Bold indicates best overall while the second best is underlined.

| XX — Eng | Eng — XX
Method Model \Hausa Igbo Naija Yorilbé\Hausa Igbo Naija Yoruba

Naija-accent

End-to-End SeamlessM4T Multilingual 12 19 N/A 4.4
Cascaded Omni + NLLB/TinyAya + Gemini 2.5 TTS Naija 119 7.8 0.1 95 11.0 64 03 128
AudioLLM Gemini 3.1 Few-Shot  + Gemini 2.5 TTS Naija 18.8 124 03 32.7| 136 6.6 12 142

British-accent
Cascaded Omni + NLLB/TinyAya + Gemini 2.5 TTS British
AudioLLM Gemini 3.1 Few-Shot  + Gemini 2.5 TTS British

193 127 141 177| 122 56 21 140

126 85 04 10.5‘ 114 46 02 9.6

Table 13: Speech-to-speech translation results (ASR-SpBLEU 7). Bold indicates best overall while the second
best is underlined.
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| XX — Eng Eng — XX
Method Model |Hausa Igbo Naijé Yoribd|Hausa Igbo Naija Yoruba

Naija-accent

End-to-End SeamlessM4T Multilingual 214225 N/A 27.0
Cascaded Omni + NLLB/TinyAya + Gemini 2.5 TTS Naija | 41.7 34.5 14.08 36.3| 35.7 26.0 23.9 20.8
AudioLLM Gemini 3.1 Few-Shot  + Gemini 2.5 TTS Naija | 47.9 38.0 18.7 53.7| 40.527.3 22.1 21.6

British-accent
Cascaded Omni + NLLB + Gemini 2.5 TTS British
AudioLLM Gemini 3.1 Few-Shot  + Gemini 2.5 TTS British

w W
% %
—_
\.@
“

38.2 31.
47.6 37.

=
w

0.

34.1| 354242 133 20.1
44.7| 37.0 255 223 263

Table 14: Speech-to-speech translation results (ASR-ChrF 7). Bold indicates best overall while the second best
is underlined.
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F POS Tags
F.1 POS Tagging Error Rate

Since references and predictions may differ in word
choice, order, or count, we align their tag sequences
using Sequence Matcher-based token alignment
rather than assuming 1:1 correspondence, and com-
pute a per-tag error rate:

Sp+ Dy,

Error Ratep = m
p p p

x 100 (1)
, where M,,, S}, and D), are match, substitution, and
deletion counts for tag p. This method highlights
tag-level patterns (e.g. high PROPN error rates indi-
cating dropped or mistranslated names) attributable
to translation behavior rather than tagging noise.

F.2 Yoruba POS Tagging Analysis

Because Yoruba lacks the extensive morphological
inflection found in agglutinative languages, syn-
tactic roles (POS) are heavily dependent on exact
lexical identification, which in turn is strictly dic-
tated by tones. For example, a minor ASR tran-
scription error in tone can change the word ti (a
preposition/ADP meaning 'from’ or ’of”) into ti
(a verb meaning ’to push’ or ’to lock’), or bi (a
conjunction/SCONJ meaning ’if”) into bi (a verb
meaning ’to ask’).

Therefore, when speech models fail to capture
these phonological nuances (a common vulnera-
bility in S2T systems), it does not merely result in
orthographic typos; it leads to severe lexical sub-
stitutions that fundamentally alter the grammatical
structure (POS) of the generated sentence.

G Sentence Analysis Ablations

To address the over-generation in AudioLLMs,
we ran a quantitative breakdown across all eight
translation directions, measuring word-count differ-
ences between predictions and references. While
over-generation is consistent, its impact is gener-
ally low in that the average excess length ranges
from 2.46 to 4.19 words per sentence (Table 2?),
with minimum differences as small as one word.
Larger deviations (15-52 words), driven by meta-
commentary, “reasoning-like" continuations or
more verbose outputs, such as the Igbo—English
example below, are outliers, occurring in only a
small fraction of cases relative to near-reference-
length outputs.

An Example from the Test Set

Direction Samples Min. Max. Avg.
Eng — Hausa 167/500 1 15 2.53
Eng — Igbo 288/500 1 15 3.39
Eng — Naija 124/500 1 30 3.41
Eng — Yoruba  333/500 1 16 4.19
Hausa — Eng  765/1500 1 20 3.19
Igbo — Eng 711/1500 1 52 395
Naija — Eng  767/1500 1 20 3.49
Yorubd — Eng  554/1500 1 9 246

Table 15: AudioLLM (Gemini 3.1) over-generation
statistics. Difference is defined as the prediction word
count minus the reference word count. Samples refers
to the total number of “over-generated" samples, Min.
to the minimum difference, Max. to the maximum dif-
ference and Avg. to the average word count difference.

Prediction (31 words): It is the home of golf. The
Old Course of the Royal and Ancient Golf Club
is located by the ocean. Some of the most famous
images in the sporting world.

Reference (ground truth) (7 words): St. Andrews is
famous for many things.

This suggests the length variance is driven by a long
tail of infrequent, severe over-generations rather
than systematic verbosity, and that the strong au-
tomatic/human scores are broadly consistent with
generation behaviour.

15328



POS Translation Error Rates POS Translation Error Rates

£ 0
g
= 40
o
0
Y Y I T e © ¢ & & & S S E P S
S SE TS E Y S S S L A B R e S
POS Tag POS Tag
(a) Hausa—English (AudioLLM) (b) Igbo—English (AudioLLM)
POS Translation Error Rates POS Translation Error Rates
2 60 By
o ©
» »
° & & ° N & &
o y Y o y o o
R R o M R P N
sos 0 bos a0
(c) Naija—English (AudioLLM) (d) Yorubd —English (AudioLLM)
POS Translation Error Rates POS Translation Error Rates
™ ™
o o
£ £
: 5
= 40 = 40
o o
y ” .
N A T R FIL TS S SE TS S Sy
POS Tag POS Tag
(e) English—Hausa (Cascaded) (f) English—Igbo (Cascaded)
POS Translation Error Rates POS Translation Error Rates
o ®
» »
o o
+ @ > 8 $ s s 2 & N N & N S & & N N N N N o + S N & s s
AL O P T B I S &S & e é
ros s

POS Tag

(g) English—Naija (Cascaded)

(h) English— Yoruba (Cascaded)

Figure 8: POS translation error rates across language pairs for AudioLLM (top four) and Cascaded (bottom four)
models.

15329




H Human Evaluation Ablations

H.1 Pronunciation Quality

As with translation quality in Section 5.3, a similar
trend is observed for pronunciation quality (Table
16). AudioLLMs again achieve the best scores
overall, followed by Cascaded systems, while End-
to-End models consistently perform worst. These
results suggest that AudioLLLM approaches produce
both more accurate translations and more natural
speech outputs across low-resource language set-
tings.

| XX — Eng | Eng — XX

Method

CASCADED
(ASR + MT)

END-TO-END | 78.6 414 723  641| NA NA NA
AUDIOLLM ‘ 98.5 69.8 93.6 87.3‘ 834 178.6 58.5 73.5

| Hausa Igbo Yorubd Avg. | Hausa Igbo Yoruba Avg.

973 593 884 81.7 77.1 624 559 65.1

Table 16: S2ST pronunciation human evaluation re-
sults (0-100 average Likert scale ).

H.2 Source Text Addition

To examine the impact of source-text availabil-
ity, we further duplicate the 300 evaluation items
and augment the duplicated versions with the cor-
responding source transcription, resulting in 600
items in total. In other words, annotators first eval-
uated 300 target—source audio pairs and later eval-
uated the same 300 pairs with additional source
text provided. We find that for all languages and
directions, adding source text had little effect on
annotator scores, as shown in Tables 17 ~ 22.

N Mean SD Median

Method Has Source Text
AudioLLM No text 105 8529 954 87.67
With text 105 85.19 7.40  88.00
Cascaded  No text 105 71.12 13.96 70.67
With text 105 74.78 11.60  73.33

Table 17: Audio Quality by method and text condition
(English to Hausa).

N Mean SD Median

Method Has Source Text
AudioLLM No text 105 6894 9.65 69.67
With text 105 73.70 836  75.67
Cascaded  No text 105 67.66 8.66 68.33
With text 105 71.66 8.37 72.00

Table 18: Audio Quality by method and text condition
(English to Igbo).

N Mean SD Median

Method Has Source Text
AudioLLM No text 105 76.31 1047 77.33
With text 105 77.31 8.52 77.33
Cascaded  No text 105 58.89 16.52 61.33
With text 105 54.56 1523  52.67

Table 19: Audio Quality by method and text condition
(English to Yoruba).

N Mean SD Median

Method Has Source Text
AudioLLM No text 105 99.54 2.85 100.00
With text 105 98.79 548 100.00
Cascaded  No text 105 78.70 27.05 91.67
With text 105 71.24 35.19 93.33
End-to-End No text 105 6.50 16.08 0.00
With text 105 1.75 7.81 0.00

Table 20: Audio Quality by method and text condition
(Hausa to English).

N Mean SD Median

Method Has Source Text
AudioLLM No text 105 67.39 14.48 70.33
With text 105 76.55 1324  81.67
Cascaded No text 105 63.47 16.07 66.33
With text 105 64.37 18.11 69.67
End-to-End No text 105 48.18 17.37 46.33
With text 105 48.87 17.01 45.67

Table 21: Audio Quality by method and text condition
(Igbo to English).

N Mean SD Median

Method Has Source Text
AudioLLM No text 105 87.14 11.09 90.67
With text 105 90.44 11.07 94.67
Cascaded No text 105 7096 17.76  73.33
With text 105 66.14 2437  69.33
End-to-End No text 105 44.53 12.58 40.00
With text 105 36.72 1242 31.67

Table 22: Audio Quality by method and text condition
(Yoruba to English).
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I Annotator Reliability and Agreement

Recall in Appendix H.2 that there were 300 target-
source audio pairs, and an additional 300 pairs
with additional source text provided, resulting in
600 evaluation items. Additionally, in order to as-
sess whether annotators assigned consistent ratings
to the same S2ST pair across different intervals
and thereby estimate annotation reliability, five ran-
domly selected repeated items are also inserted
throughout each survey. Consequently, each survey
contains 630 evaluation items.

Specifically, inter-annotator variance measures the
degree to which human evaluators differ in their
ratings of the same item. In this evaluation, each
audio sample was rated independently by multiple
annotators, and disagreement is quantified as the
standard deviation of scores across annotators for
each item. A standard deviation of 0 indicates per-
fect agreement, while higher values reflect greater
divergence in judgment.

A high standard deviation was observed in the ab-
solute human evaluation scores, which can be at-
tributed to the highly granular nature of the 0 —
100 Likert scale, as it naturally introduces subjec-
tive calibration differences across annotators. Al-
though annotators consistently agreed on the rela-
tive ranking of the systems (i.e., AudioLL.Ms out-
perform cascaded systems), their individual criteria
for which constitute an “acceptable” absolute score
varied significantly. Despite the variance in abso-
lute scoring, the aggregate trends robustly support
our comparative conclusions.
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Figure 9: Intra-Annotator Consistency for S2ST translation quality for Hausa—English human evaluation. Points
closer to the diagonal indicate higher self-consistency across different rating intervals.
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Figure 10: Intra-Annotator Consistency for S2ST translation quality for Igbo—English human evaluation. Points
closer to the diagonal indicate higher self-consistency across different rating intervals.
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Figure 11: Intra-Annotator Consistency for S2ST translation quality for Yoruba —English human evaluation. Points
closer to the diagonal indicate higher self-consistency across different rating intervals.
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Figure 12: Intra-Annotator Consistency for S2ST translation quality for English—English human evaluation. Points
closer to the diagonal indicate higher self-consistency across different rating intervals.
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Figure 13: Intra-Annotator Consistency for S2ST translation quality for English—Igbo human evaluation. Points
closer to the diagonal indicate higher self-consistency across different rating intervals.
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Figure 14: Intra-Annotator Consistency for S2ST translation quality for English— Yoruba human evaluation. Points
closer to the diagonal indicate higher self-consistency across different rating intervals.
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Figure 15: Inter-Annotator Variance for S2ST translation quality human evaluation across all language pairs.
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