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Abstract

Creating speech datasets, models, and evalu-
ation frameworks for low-resource languages
remains challenging given the lack of a broad
base of pertinent experience to draw from. This
paper reports on the field collection of 612
hours of spontaneous speech in Bambara, a
low-resource West African language; the semi-
automated annotation of that dataset with tran-
scriptions; the creation of several monolin-
gual ultra-compact and small models using the
dataset; and the automatic and human evalua-
tion of their output. We offer practical sugges-
tions for data collection protocols, annotation,
and model design, as well as evidence for the
importance of performing human evaluation.
In addition to the main dataset, multiple eval-
uation datasets, models, and code are made
publicly available.

1 Introduction

End-to-end ASR (E2E-ASR) systems for languages
with large amounts of text data, especially English,
have achieved human-level performance on several
benchmarks (Xiong et al., 2016). In contrast, train-
ing E2E-ASR for low-resource languages remains
challenging due to the considerable amounts of la-
beled data and computational resources required by
modern deep learning architectures (Kaplan et al.,
2020).

Until recently, African language aligned data for
ASR existed only as a minute portion of large multi-
lingual datasets, often primarily for benchmarking
purposes (Ardila et al., 2020; Goyal et al., 2022),
rather than for training models intended to be de-
ployed in systems that recognize real-world speech.
No open ASR model exists for the vast majority of
the 2000+ languages on the continent.

In pursuit of what they call omnilingualism,
Meta released the Massively Multilingual Speech
(Pratap et al., 2023) and Omnilingual ASR (Om-
nilingual ASR Team et al., 2025) model suites

in 2023 and 2025. Their approach used massive
self-supervised learning (Baevski et al., 2020) and
finetuning on small labeled datasets, consisting,
principally, of publicly available readings of reli-
gious texts in the 2023 release, and data obtained
from community-centered crowdsourced data in
the 2025 release.1 This project provided some
level of ASR capability for many African and
non-African languages for the first time. While
a positive development, there is less than 50 hours
of data for many of those languages, some with
less than 10 hours, a very small fraction of the
120,710 hours on which the supervised finetun-
ing (SFT) models were trained. The underlying
self-supervised encoder (a 7B-parameter wav2vec
2.0 model) was trained on approximately 4.3M
hours of unlabeled audio (Omnilingual ASR Team
et al., 2025).

For Bambara, a Manding language spoken in
several West African countries (primarily in Mali),
with more than 15 million L1 and L2 speakers and
mutual intelligibility with Malinke, Dioula, and
Mandinka, which are spoken by an additional 25
million people, the development of speech recog-
nition technology could affect a population of
roughly 40 million (Eberhard et al., 2023). How-
ever, as a low-literacy, predominantly oral lan-
guage, Bambara transcription is a hard problem:
few speakers can write it, and even those who can
lack the facility to do so quickly and easily (Diarra
et al., 2025b).

The CMU Wilderness Multilingual Speech
Dataset, a dataset of aligned sentences and audio
for some 700 languages based on readings of the
New Testament, is, to the best of our knowledge,
the first mention of Bambara in speech corpora

1Meta released part of their labeled corpus
openly, offering spontaneous speech recordings and
their transcriptions for 348 under-served languages,
along with training script configuration and docs:
https://github.com/facebookresearch/omnilingual-asr/
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prepared specifically to train speech synthesis mod-
els (Black, 2019). The dataset was never released
as an open resource. Jeli-ASR, a corpus of 30
hours of griot narrations with their transcriptions
and French translations, has so far been the only
open ASR dataset for Bambara (Diarra et al., 2022).
Since its release in 2022, Jeli-ASR has given rise
to derivative datasets and has supported the devel-
opment of the first openly released ASR models for
Bambara on Hugging Face2.

The African Next Voices project (ANV), under-
taken by a network of African universities and or-
ganizations, recently released what is thought to be
the largest dataset of African languages for AI so
far (Marivate et al., 2025), with more still to be pub-
lished. The project aims to record and transcribe
over 9,000 hours of speech in 18 languages across
South Africa, Kenya, Nigeria, and Mali (after Bam-
bara completed the list as a later addition).

In this paper, we present the Bambara portion of
this initiative for which we have collected and an-
notated 612 hours of spontaneous Bambara speech
collected across the southern part of Mali. We
share statistics and metadata about the dataset, the
collection process and the results of our ASR ex-
periments with models finetuned and tested on a
subset of 101 hours.

2 Data Collection and Annotation

In the audio recording phase, we followed an ap-
proach similar to Emezue et al., using facilitators:
individuals with knowledge of the language—L1 or
L2 speakers—whom we trained in data collection
guidelines and in the use of our mobile data col-
lection app.3 The guidelines covered requirements
for the recording environment, quality checks for
background noise, and management of participants’
contributions with respect to voice quality, staying
on topic, and minimizing code-switching to French.
Pronunciation, often an issue when recordings are
based on read speech, was rarely a concern here, as
we recorded spontaneous speech on familiar top-
ics from L1/L2 contributors. In total, we collected
626.32 hours of audio and processed 612 hours to
create the dataset.

2oza75 released a finetuned Whisper model in early 2024
(later taken down), followed by several releases by RobotsMali
in early 2025

3We also open-source this app, a minimalist Flutter-
based tool designed with a simple user interface to minimize
user training time: https://github.com/RobotsMali-AI/Africa-
Voice-App

The raw recordings were then segmented using
Silero VAD’s open voice activity detection model
(Silero Team, 2024), retaining on average 70%
of the original duration and yielding 423 hours
of speech chunks ranging from 240 milliseconds
to 30 seconds. This step also removed long si-
lences and inaudible speech from the recordings,
increasing the amount of usable speech for the tran-
scription pipeline and eliminating manual segmen-
tation (Li et al., 2019). Almost all segments are
mono-speaker, although a small number of record-
ings include brief facilitator speech; overlaps are
rare. The segments were first pre-transcribed with
RobotsMali/soloni-114m-tdt-ctc-v0, and human
transcribers were tasked with reviewing and cor-
recting these model-generated transcriptions rather
than transcribing from scratch. We then finetuned
RobotsMali/soloni-114m-tdt-ctc-v2 on 98 hours of
human-corrected transcripts and re-transcribed the
segments with this model. WER and CER metrics
were used to compare the two sets of transcriptions,
and human review and correction continued on the
new model outputs for a period of time to assess
their impact on the annotation process (Section 5.2).
Further details on transcription guidelines and the
labeling interface are provided in Appendices A
and B.

3 The ANV Bambara Dataset

The African Next Voices Dataset is the largest
open Bambara ASR corpus collected to date. Com-
prised of natural, spontaneous speech, often from
people with great knowledge in domains such as
health, agriculture, the food industry, art, and more,
we have captured a profound and authentic snap-
shot of the Malian society and culture in relatively
pure Bambara, with the habitual code-switching to
French minimized. The dataset collection was also
designed to limit the variance of accents and speak-
ing styles, focusing on the southern regions of Mali,
relatively close to the capital. While a truly repre-
sentative dataset would include code-switching and
regional accent variation, the objective fixed for
ANV was to gather homogeneous data that would
simplify training and provide a baseline for a group
of low-resource languages with limited NLP sup-
port.

3.1 Profile of the Dataset

The dataset features 512 unique speakers from
Bamako, the capital, and four localities between

https://huggingface.co/oza75
https://huggingface.co/RobotsMali/models
https://huggingface.co/RobotsMali/soloni-114m-tdt-ctc-v0
https://huggingface.co/RobotsMali/soloni-114m-tdt-ctc-v2


Figure 1: Statistics overview charts of the African Next Voices Bambara dataset: Age, Gender, Region and topics
distribution. The first three charts are calculated with respect to the number of speakers while the topics distributions
are expressed in durations. The locations represented as ’others’ refer to rural areas/villages around the 5 other main
regions

25 and 300 km from Bamako: Ségou, Sikasso,
Bagineda, and Bougouni. Figure 1 presents an
overview of the gender, age, region, and subject-
matter distributions in the dataset. The “Miscella-
neous” category encompasses topics ranging from
education to social norms and beliefs, history, in-
dustry, art, and fashion. The speaker distribution is
not gender-balanced, reflecting cultural and secu-
rity constraints at the time of collection.

The average segment duration is ≈ 2 seconds.
Chunks shorter than one second were not uploaded
in the annotation pipeline as they often consist of
formulaic expressions, discourse markers and set
responses of 1 to 3 words such as nse, nba (female
or male response to a salutation), ayiwa (a term
used to express agreement or closure) or nka (but).
These short segments are transcribed accurately by
the models at much lower error rates than longer,
novel utterances (Tall, 2025). They are a significant
percentage of the total dataset such that including
them would skew WER/CER measurements while
not contributing to ASR performance. The Hug-
ging Face dataset is divided into 3 subsets totaling
874,762 utterances totaling approximately 423
hours. Each subset contains the audio segments and
two sets of accompanying transcriptions labeled ei-
ther v1, created by soloni-v0, trained mainly on
Jeli-asr, and v2 created by soloni-v2, finetuned
from soloni-v0 using 98 hours of segments and
human-corrected transcriptions collected over the
course of the project.

• The ’human-corrected’ subset: A 159 hour
subset (260, 008 utterances) with human re-
viewed, corrected and validated transcriptions.
This subset is the only one with a ’text’ at-
tribute containing a transcription that has gone
through human review and correction.

• The ’model-annotated’ subset: A 212 hour
subset (355, 571 utterances) that has model-
generated transcriptions that have not been
reviewed by humans. This subset has only v1
and v2 labels corresponding to the model used
to generate transcriptions.

• The ’short’ subset: A 52 hour subset
(259, 183 utterances) of duration less than one
second that we have filtered out from the pool
of segments to be annotated. Those short ut-
terances are model-annotated and have v1 and
v2 labels.

We have also released the original 612 hours
dataset comprised of 1777 raw recordings ranging
from 8 seconds to 1.48 hours, with all the associ-
ated segment timestamps, the anonymized meta-
data, the SNR quality check results and all the
preprocessing code4.

3.2 Signal-to-Noise Ratio as a proxy to Audio
Quality

We use a Voice Activity Detection (VAD) based
method to estimate SNR. VAD output is used to sep-
arate the signal into two distinct regions: speech ac-
tivity (vad[n] = 1) and voice-inactive (vad[n] = 0).
We use VAD to estimate the speech and noise
power instead of a histogram-based approach such
as the standard NIST SNR method. In our setup,
SNR is defined, using VAD, as the ratio between
the estimated speech power (from speech activ-
ity regions) and the estimated noise power (typi-
cally the average power in silence regions) from
the same recording (Vondrasek and Pollák, 2005;

4We have made the recordings and metadata avail-
able through Google Cloud Storage. The link will
be found in the GitHub repository holding the code:
https://github.com/RobotsMali-AI/afvoices



Silero Team, 2024.) Figure 2 shows the distribution
of SNR values from the unsegmented recordings in
the dataset.
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Figure 2: Density Distribution of Signal-to-Noise Ratio
values in the African Next Voices Bambara Dataset.
Note that the SNR values are not bounded.

The classical SNR definition yields a different
value distribution than VAD-based estimates, so
we follow Xu et al., who report VAD-based SNRs
for several noise types and levels at 5, 10, and
20 dB and treat 30 dB as clean speech; Table 1
groups our recordings into five bands using thresh-
olds derived from their datapoints. We prefer a
VAD-based SNR here because ASR performance
depends on the quality of speech frames rather than
the entire waveform, including silence. Estimating
signal power over VAD-identified speech regions
and noise power over non-speech regions yields an
SNR measure that better reflects recognition diffi-
culty in our small corpus and allows us to retain
and prioritize high-quality speech segments from
otherwise noisy files.

SNR Category Threshold (dB) Recordings

Very Low SNR < 0 1
Low SNR [0, 5) 15
Medium SNR [5, 15) 486
High SNR [15, 25) 1135
Very High SNR ≥ 25 140

Total Audios 1777

Table 1: Distribution of Audio Recordings by Signal-to-
Noise Ratio (SNR) Category.

71.75% of the recordings fall into the ’High
SNR’ to ’Very High SNR’ categories; this indi-
cates that the dataset consists of relatively clean
audio recordings.

4 ASR Experiments

We performed experiments with a subset of our
human-corrected transcribed segments to explore
the potential of the ANV Bambara dataset for
monolingual ASR modeling. We finetuned the
models from our earlier experiments with Jeli-
asr —themselves finetuned from different models
of NVIDIA’s Parakeet family of English-trained
ASR models and on QuartzNet— and evaluate all
the models on both the test set of our experiment
(Afvoices Test) and a smaller, more heterogeneous
benchmark (Nyana Eval) that we also introduce in
this paper. We also report on human evaluation by
native speakers, comparing results obtained from
the latest finetuned models and their predecessors
on the Nyana Eval benchmark (section 5.2).

Experimental setup: For our experiments, we
finetuned open-source models based on NVIDIA’s
Parakeet family and QuartzNet.

We finetuned a 114M- and two 600M-parameter
Parakeet models5, but as we did not perform hu-
man evaluation on the larger model, we only report
on the 114M model, soloni-114m-tdt-ctc-v0,
in this study. soloni-114m-tdt-ctc-v0 uses a
Fast-Conformer encoder (Rekesh et al., 2023) and
a hybrid decoding setup with two independent but
jointly trained decoders: a Token-and-Duration
Transducer (TDT) decoder —an extension of the
RNN-Transducer that predicts both a token and its
duration (Xu et al., 2023)—and a convolutional de-
coder trained with a Connectionist Temporal Clas-
sification (CTC) loss (Graves et al., 2006). This
dual-decoder design makes the model particularly
interesting for analyzing how the two decoding
approaches behave under the same training con-
ditions. soloni-114m-tdt-ctc-v0 also provides
insight into how the architecture will perform when
scaling up to the larger models in the family.
stt-bm-quartznet15x5-v0 is a finetune

of NVIDIA’s 18M parameter, ultra-compact
QuartzNet model, an end-to-end convolutional
architecture with 1D time-channel separable
convolutions (Kriman et al., 2019). This model
addresses a particularly critical use case in Mali
where a large portion of the population does not
have access to internet connectivity. We had al-

5We trained the Parkeet 600M model with an auto regres-
sive decoder and 600M model with a convolutional decoder.
While these models are not further discussed in this paper,
all our models with their associated metrics can be found in
RobotsMali’s Hugging Face repository.



ready deployed this model in a Bambara-language
ASR-based reading tutor app6 that runs locally in
low-end smartphones.

QuartzNet is a character-based decoding model.
The vocabulary for the dataset consists of 38 unique
characters, including the 30 letters of the Bambara
alphabet, 5 accented French vowels, whitespace,
hyphen (used in some compound words) and apos-
trophe (largely used in writing contractions). For
soloni we train a SentencePiece tokenizer with a
vocab size of 512. We had 4 NVIDIA A100 GPUs
with a combined 320GB of VRAM for the experi-
ment.

Training Data: We finetuned the two models
on 98 hours of voice data with human-corrected
transcripts, consisting of 167, 816 utterances, and
tested on 3 hours (5175 samples). We implemented
and applied most of the normalization steps de-
scribed by Zupon et al. before training, but we
did not remove any of the acoustic event tags (pre-
sented in Appendix A) as we wanted to model those
events as well.

Training configurations: We first trained soloni
for 110k steps on 2 GPUs, with 32 batch size, using
the AdamW optimizer and Noam scheduler with
learning rate scaling factor of 0.003 and a 10%
warmup ratio (Vaswani et al., 2017). Then we
trained the resulting model for 100k more steps on
all 4 GPUs, this time with an LR scaling factor of
1.5 and a 2% warmup ratio, all with no gradient
accumulation and bf16 precision.

We trained QuartzNet for 65k steps on 4 GPUs,
with 64 batch size, using the Novograd optimizer
(Ginsburg et al., 2020) and a Cosine LR scheduler
with a 1×103 and 1×106 upper and lower bounds
and 6, 000 warmup steps.

5 Evaluation of the Models

We evaluated soloni-114m-tdt-ctc-v0 both
with the CTC and with TDT decoders, and the
QuartzNet model on the Afvoices test set and a
smaller benchmark, ñEna (transliterated to Nyana
for English keyboards and nyana-eval for identifica-
tion on Hugging Face) 7 , that we compiled through
the stratified sampling of 15 audio files from each
of:

6Our reading tutor app using the QuartzNet model, An BE
Kalan, is available for iOS and Android

7ñEna means “opinion”; this emphasizes the human-
evaluation focus of the dataset. We also release it on Hugging
Face: https://huggingface.co/datasets/RobotsMali/nyana-eval

• the test set of Kunkado (Diarra et al., 2025a);

• a generally unused subset of Jeli-asr (street in-
terviews) that we cleaned beforehand (Diarra
et al., 2022);

• crowd-sourced recordings of readings of ex-
cerpts of the books from the GAIFE project
(Tapo et al., 2025).

5.1 WER evaluation

Table 2 presents the Word Error Rates and Charac-
ter Error Rates of the two models before and after
our finetuning experiments. We show a significant
improvement for all models across all metrics and
benchmarks, up to 37% WER improvement for
soloni-114m-tdt, the best performing model over-
all. The relatively smaller WER improvement on
the more challenging Nyana Eval benchmark, con-
taining much noisier—sometimes multi-speaker—
audio from street interviews and radio recordings
than the Afvoices training and test data, highlights
the potential limitations of the model in real-world
deployment scenarios.

We note that the CTC branch of soloni lost its
edge over TDT branch on the Afvoices test set
when we increased the amount of training data
from the 30 hours of Jeli-asr to 98 hours in this
experiment, confirming that, for many sequence
modeling tasks, autoregressive architectures out-
perform non-autoregressive ones when we scale
training data (Graves, 2012; Li et al., 2020).

Figure 3: WER vs human evaluation. Figure from (Tall,
2025)

5.2 Human Evaluation

We performed a detailed human analysis of the
outputs of several RobotsMali ASR models, in-
cluding the models from this experiment, using

https://apps.apple.com/ml/app/an-be-kalan/id6749237637
https://play.google.com/store/apps/details?id=org.robotsmali.literacy_app


Model WER (%) ↓ CER (%) ↓

Afvoices Test Nyana Eval Afvoices Test Nyana Eval

soloni-114m (CTC)
Unfinetuned (v0) 43.12 40.75 23.48 24.7
Finetuned (v2) 29.05 36.07 13.41 20.04

soloni-114m (TDT)
Unfinetuned (v0) 45.52 47.1 26.68 31.27
Finetuned (v2) 28.58 38.13 12.94 22.3

Quartznet (CTC)
Unfinetuned (v0) 73.66 65.42 37.85 30.66
Finetuned (v2) 42.57 48.97 18.70 24.22

Table 2: ASR experiment metrics: We apply the same normalization steps to our test sets and this time we remove
the acoustic event tags from both the reference and the prediction before calculating the WER and CER. The values
in bold highlight the best performances per metric

Nyana Eval as test data (Tall, 2025). Across mod-
els, we observed systematic difficulties with dis-
fluencies, proper names, code-switching, and over-
lapping speech. The highest-rated model in this
evaluation is soloni-v1, a finetune of soloni-v0
trained on RobotsMali/kunkado (Diarra et al.,
2025a), a dataset composed of everyday speech.
soloni-v2, finetuned on the Afvoices dataset with
minimized noise, code-switching, and voice over-
lap, was judged slightly less robust by human eval-
uators on the more natural recordings in Nyana
Eval, despite achieving a better WER (36.07% vs.
39.44%). Figure 3 plots the WER on Nyana Eval
against the corresponding human evaluation scores.

We also report speed gains after replacing the
v0 transcriptions with v2 in the human review-
and-correction pipeline. The transcription team
completed 45 hours of audio in approximately 800
hours of work, corresponding to a 17× real-time
factor (17 hours of annotation per hour of speech).
Using soloni-v2 instead of soloni-v0 yielded a
112% improvement in the rate at which human-
corrected transcriptions could be produced, com-
pared to an earlier study in which a 36× ratio was
observed (Diarra et al., 2025b).

6 Conclusion

We released 612 hours of spontaneous Bambara
speech and a 423-hour segmented corpus, together
with metadata, VAD-based SNR estimates, tran-
scription guidelines, a minimalist mobile record-
ing app, multiple evaluation sets, and monolingual
ASR models (an ultra-compact QuartzNet variant

and a 114M-parameter Parakeet-based model). For
a low-literacy, predominantly oral language, this
substantially increases the pool of publicly avail-
able resources.

Using soloni-114m-tdt-ctc-v0 in a hu-
man–model loop enabled semi-automated anno-
tation, reducing the time required for corrected
transcriptions and improving WER/CER on both
in-domain and more challenging benchmarks. Hu-
man evaluation on Nyana Eval revealed systematic
gaps between automatic string-based metrics and
native-speaker judgments.

Taken together, these elements define a prac-
tical workflow for dealing with the hard facts of
low-resource African NLP: targeted field collection
with trained facilitators, noise-aware preprocessing,
semi-automated annotation, and evaluation proto-
cols that combine automatic and human measures
while accounting for deployment on modest hard-
ware. Future work will extend this approach to
other Manding languages and to datasets that more
fully reflect real-world speech.

Limitations

The African Next Voices (ANV) Bambara dataset
was meticulously designed to provide a high-
quality, clean foundation for ASR research. While
successful in establishing the largest open corpus
for the language, this intentional simplification in-
herently introduces limitations when considering
the deployment of derived models in authentic, un-
constrained Malian contexts. The core limitation
lies in the necessary trade-off between controlled



data collection and the complex nature of the real-
world environment. We can enumerate the follow-
ing key limitations:

• Acoustic Purity vs Real-World challenges:
The emphasis on clean recordings resulted
in a dataset where 71.75% of the recordings
were classified with ’High SNR’ or ’Very
High SNR’. This limits the model’s expo-
sure to challenging acoustic conditions—such
as urban street noise and background voices
that characterize typical Malian environments.
Consequently, models trained exclusively on
this corpus may exhibit a noticeable drop in
performance when deployed in the real world.

• Suppression of Code-Switching and Mul-
tilingualism: The transcription protocol’s
mandate to replace code-switched terms and
foreign words with the generic [cs] tag, or
to force a Bambara-phonology transcription,
simplifies the target vocabulary for ASR train-
ing. However, this approach sacrifices lin-
guistic realism. The resulting models are
fundamentally unprepared to transcribe the
common, fluid shifts between Bambara and
French, which are integral to spontaneous
speech.

Ultimately, the ANV Bambara dataset represents
a simplified version of the language’s acoustic and
linguistic reality. While this simplification provides
a more stable foundation for core ASR research, it
comes at the cost of real-world robustness. Practi-
tioners seeking to deploy these models in authentic
Malian contexts characterized by inherent noise,
fluent code-switching, and diverse accents must an-
ticipate the need for a targeted domain adaptation.
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Figure 4: The Labeling Interface for the African Next Voices Bambara Transcription Project. The interface shows the
original audio waveform, the automatically generated pre-transcription, and the field for human correction/validation.

• Do not correct the speaker’s grammatical er-
rors or pronunciation mistakes.

• Elision and Mispronunciation: Transcribe ex-
actly what is pronounced. For example, tran-
scribe "Ne b’a fE" instead of "Ne be a fE" if
"b’a" was pronounced.

• Proper Nouns: Must be capitalized.

• Repetitions, Disfluencies, and Stuttering:
Write out repeated words/phonemes without
using ellipses (e.g., "n’i ko ko ko ne kalabanci
e dun?").

• Consult the Bamadaba dictionary for language
references (Vydrin, 2022).

Numbers, Abbreviations, and Foreign Words
• Numbers: Must be written in full letters ex-

actly as pronounced (e.g., 35 → *bi saba ni
duuru / bi saba ni Loru*).

• The Ordinal forms (e.g., *folo*, *filanan*,
*sabanan*) must also be written in full letters.

• If a number is pronounced in a foreign lan-
guage (e.g., French), use the code-switching
tag [cs].

• Abbreviations and Acronyms: Transcribe
them as pronounced and in uppercase (e.g.,
FIFA, BIM, ORTM). Do not use periods in
acronyms.

• Spelled Words: Use hyphens to separate let-
ters (e.g., K-E-L-E-N).

• Code-Switching/Foreign Words:

– If the word exists in Bamadaba and
was pronounced with the local Bambara
phonology, transcribe it as written in the
dictionary (e.g., Parce que → *paseke*,
passerelle → *pasereli*). This rule ex-
ists because Bambara, like many African
languages, has borrowed, transformed
and standardized many words from the
former colonial language.

– If the word was pronounced with its orig-
inal foreign pronunciation and/or is not
recognized in Bamadaba, replace it with
the tag [cs] (e.g., ne ka véhicule →
ne ka [cs]).

Acoustic Event Tags (for ASR Modeling)
Acoustic events and background sounds were re-
tained and modeled in the final transcriptions using
the following specific tags:



• Inaudible/Incomplete Speech or Overlap: Use
the tag [?] for incomprehensible, non-audible
speech, or speech overlaps.

• Vocalized/Disfluencies (Mouth Sounds): Use
the tag [um] for sounds like *EE*, *hum*,
*onh*, *ah*, *unhun*, etc.

• Long Silences: Use the tag [pause] for si-
lences longer than 5 seconds (or longer than
3 seconds at the beginning or end of a seg-
ment). This tag was rarely used after VAD
segmentation.

• Background Noise: Use the tag [noise] for
all occurrences of strong background noise,
including applause, coughing, laughter, phone
rings, children, etc.

Punctuation
• Standard punctuation (commas, periods, ques-

tion marks, etc.) should be used.

B Labeling Interface

The data annotation for the ANV Bambara project
was performed using a tailored platform built on
top of Label Studio (Tkachenko et al., 2020-2022).
This interface facilitated the task by presenting pre-
transcribed audio segments for human correction
and validation. The audio files and their pre-labels
were sequentially loaded from Google Cloud Stor-
age into the labeling interface.

As shown in Figure 4, the simple interface pro-
vided the following key elements:

• Audio Segment: The interface displays the au-
dio waveform and playback controls, allowing
the annotator to listen to the segment.

• Pre-Transcription: The initial transcription
was automatically generated by our ASR mod-
els.

• Correction Field: The annotator validates and
corrects the automatic transcription in a desig-
nated field.

• Acoustic Event Tags: A row of buttons pro-
vides quick access to the acoustic event tags
and the few Bambara characters that are not
typically found on a standard keyboard.

This process of pre-transcription followed by
human correction minimized human labor for seg-
mentation while optimizing the usable speech data
for the transcription pipeline.
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