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Abstract
In this paper, we introduce the Fongbe to French Speech Translation Corpus (FFSTC). This corpus encompasses
approximately 31 hours of collected Fongbe language content, featuring both French transcriptions and corresponding
Fongbe voice recordings. FFSTC represents a comprehensive dataset compiled through various collection methods
and the efforts of dedicated individuals. Furthermore, we conduct baseline experiments using Fairseq’s transformer_s
and conformer models to evaluate data quality and validity. Our results indicate a score BLEU of 8.96 for the
transformer_s model and 8.14 for the conformer model, establishing a baseline for the FFSTC corpus.

Keywords: Speech translation corpus, spoken language translation, low-resource language, Fongbe-French,
Fongbe

1. Introduction
In the era of global communication and rapid
technological advancement, the development of
efficient translation systems holds immense im-
portance. These communications systems have
the potential to break language barriers, facilitat-
ing meaningful knowledge exchange, and increas-
ing the cross-cultural connections among individu-
als from diverse linguistic backgrounds (Doherty,
2016). They play a pivotal role in enhancing ac-
tivities such as tourism, contributing to economic
growth (Lenba and Ennebati, 2022). Translation
systems help people to access educational re-
sources and information in their native languages,
promoting literacy and knowledge sharing.
While text-based translation systems have revolu-
tionized communication for many languages, they
fall short for tonal languages like Fongbe, which
are more spoken than written. This creates a crit-
ical need for speech-to-text translation tailored to
tonal languages such as Fongbe. Fongbe is the
most spoken dialect of Benin, by more than 50%
of Benin’s population, including 8 million speakers.
Fongbe is also spoken in Nigeria and Togo (Laleye
et al., 2016).
Speech translation involves the transformation of
spoken language into text in another language. It is
worth noting that speech translation has predomi-
nantly focused on languages with abundant linguis-
tic resources, including English, French, Chinese,
and Spanish (Qi et al., 2022; Jia et al., 2022; Iranzo-
Sánchez et al., 2020). The traditional speech trans-
lation approach called cascade method, involve
two separate modules, the first module for auto-
matic speech recognition (ASR) and the second
for text translation (Etchegoyhen et al., 2022). This
approach require two separate corpora to train indi-

vidually each modules that are subsequently cou-
pled. The advent of sequence-to-sequence archi-
tectures (Sutskever et al., 2014) has reshaped this
landscape, enabling the creation of a single cor-
pus containing audio recordings and target texts.
This development is particularly relevant for low-
resource languages like Fongbe, which are in the
category of spoken language and have limited writ-
ten resources. So it is challenging to get written text
in Fongbe and its corresponding in French, than
getting a recording of voice in Fongbe with tran-
scription in French.
In response to these challenges and opportunities,
we present the Fongbe-French Speech Translation
Corpus (FFSTC), a unique resource comprising 31
hours of spoken Fongbe paired with French text.
Our objective is to advance voice translation tech-
nologies for less commonly studied languages like
Fongbe.
This paper makes two key contributions. The first
is the introduction of the Fongbe-French Speech
Translation Corpus (FFSTC), the first public dataset
of its kind. This rich dataset, contain 31 hours
of speech data with diverse speakers and topics.
The second is the establishment of a baseline per-
formance by evaluating a transformer_s and con-
former model of Fairseq toolkit (Ott et al., 2019) on
the FFSTC, achieving a baseline BLEU of 8.96 and
8.14 respectively. This benchmark provides a ref-
erence point for future research using the FFSTC
and helps identify areas for improvement.
This paper is structured as follows. Section 2 pro-
vides an overview of existing related studies. Sec-
tion 3 delves into the methodology used to create
the FFSTC dataset, detailing the data collection and
processing procedures. Section 4 then explores
the structure and statistics of the corpus, offering
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insights into its composition and characteristics.
Section 5 presents the experiments conducted to
establish a baseline performance for a transformer
and conformer model on the FFSTC, using BLEU
metrics to assess its effectiveness. Finally, Section
6 concludes the paper by summarizing the key con-
tributions and outlining potential future directions.

2. Related work
Large-scale speech translation datasets play a cru-
cial role in advancing research in speech trans-
lation. However, the availability of such datasets
is limited, especially for low-resource languages.
To achieve meaningful breakthroughs in speech
translation, it is crucial to acknowledge that, even
though the research in this domain is relatively re-
cent, substantial efforts must be focused on the
construction of parallel datasets. Recent avail-
able datasets encompass a variety of language
pairs, including Chinese-Mongolian (Qi et al., 2022)
, Chinese-English (Zhang et al., 2021), translations
from 21 languages into English (Jia et al., 2022),
and translations from English into 15 languages
(Wang et al., 2020c). The introduced corpora, such
as GigaST (Ye et al., 2022), LibriVox (Beilharz
et al., 2020), LibriSpeech-FR (Kocabiyikoglu et al.,
2018), mintzai-ST (Etchegoyhen et al., 2021), Mul-
tilingual TEDx Corpus (Salesky et al., 2021), and
Europarl-ST (Iranzo-Sánchez et al., 2020), con-
tribute to filling the gap of limited resources avail-
able for training end-to-end speech translation mod-
els. These datasets enable researchers to de-
velop more robust and effective systems for various
well-resourced languages. It is therefore undeni-
able that speech translation research has been
extensively conducted for major languages like En-
glish, Japanese, and Spanish. However, there is
a lack of research in speech translation for under-
resourced languages. Some efforts have neverthe-
less been made for the creation of resources for
certain low-resource languages. Woldeyohannis
et al. (2018), have created an Amharic speech cor-
pus by preparing 7.43 hours of read-speech from
8, 112 sentences. Additionally, they have developed
a parallel Amharic-English corpus of 19, 972 sen-
tences with tourism as the application domain. An-
other study focuses on constructing a large corpus
for speech translation from Khmer (Cambodian) to
English and French (Soky et al., 2021). The corpus
includes approximately 155 hours of speech and 1.7
million words of text from the Extraordinary Cham-
bers in the Courts of Cambodia (ECCC). More-
over, another project aims to provide datasets for
Tamasheq, a developing language spoken in Mali
and Niger (Boito et al., 2022). The datasets consist
of radio recordings from Studio Kalangou in Niger
and Studio Tamani in Mali. They include a large
amount of unlabeled audio data in five languages

(French, Fulfulde, Hausa, Tamasheq, and Zarma)
and a smaller 17 hour parallel corpus of audio
recordings with translations in French. The quantity
of data collected for the Ahmaric and Tamasheq
languages, compared to other well-resourced lan-
guages, confirms the difficulty in establishing solid
dataset for a system of speech translation for low-
resourced languages. For these languages, the
lack of available speech and text corpora remains
a significant challenge for speech translation.

3. Methodology
In this section, we delve into the intricate process
of creating the corpus, shedding light on the metic-
ulous steps taken to acquire and compile the trans-
lations. Our methodology not only outlines the data
collection procedure but also discusses the qual-
ity control measures implemented to ensure the
reliability of the dataset.

3.1. Clips creation process
The data within this corpus originates from three
distinct sources, each contributing significantly to
its composition. The first source is the ALFFA cor-
pus (Laleye et al., 2016), from which we extracted
sentences in the Fongbe language and correspond-
ing audio recording. These sentences were sub-
sequently translated into French by experienced
linguists.
The second source is the FFR1.1 corpus (Dossou
and Emezue, 2020), which serves as a corpus for
machine translation. It comprises sentences in
French, accompanied by their written translations
in the Fongbe language. In this case, we provided
the Fongbe sentences to linguists who read and
recorded them through a dedicated web platform.
Finally, the third source involves an assembly of
sentences gathered from various books, including
"Kondo le requin" (Pliya, 1981) and "Un piège sans
fin" (Olympe, 1960). We also excerpts from texts
found on news websites. These sentences were
thoughtfully selected, condensed, and made acces-
sible via a web platform. Given the complexity of
this task, we encouraged participants to collaborate
within teams to ensure the coherence and quality
of the collection process.
The participants teams provided Fongbe transla-
tions for the given sentences in French. They com-
mitted to a voice recording process using laptops or
smartphones through our web platform’s interface.
This involved audibly translating the sentences dis-
played in French on the screen. Following this,
recorded submissions underwent a rigorous val-
idation process by designated validators. These
validators used a straightforward voting system to
assess and determine the quality of each transla-
tion.
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3.2. Clips validation process
In the case of the first source, French transcripts de-
rived from Fongbe transcriptions undergo a metic-
ulous peer-review process by a second validator.
This stringent review ensures the translation’s ac-
curacy and conformity.
For the second source, the validation process
adopts a straightforward binary approach, utilizing
a yes-or-no voting system. Audio recordings that
align precisely with the provided Fongbe transcripts
are retained, while those that do not are omitted.
The third source follows a selective inclusion pro-
cess. Only clips endorsed as valid by the system
are integrated into the corpus. Evaluation criteria
encompass multiple facets, including translation
completeness, audio recording clarity, and overall
translation quality. Our platform features a robust
voting system that facilitates the filtration of clips
created by participants based on validators’ assess-
ments. The voting system employs a scale ranging
from zero to five. Recordings that receive a score
below two are classified as invalid and are con-
sequently excluded from the dataset. Conversely,
recordings scoring three or higher are regarded as
valid contributions and are included in the dataset
for further analysis. Subsequently, all recordings
undergo a comprehensive review by a dedicated
team of validators, who make the final determina-
tion of approval or rejection.

4. Corpus structure and statistics
In the previous section of the report, we outlined the
origins of our dataset, which emanate from three
distinct sources. The ASR corpus ALFFA (Laleye
et al., 2016) translation, a recording selection of
sentences extracted from the FFR1.1 corpus (Dos-
sou and Emezue, 2020) with recorded readings,
and a collaborative effort within a team for translat-
ing French sentences.
Combining the first two sources, we accumulated
a total of 10 hours of data, while the latter made a
significant contribution of 21 hours. The team work
was done by a group of volunteers who were very
committed. There were 8 women and 12 men in
the group, all between 20 and 40 years old, making
a total of 20 people.
Following the corpus collection, we splited it into
training (Train), development (Dev), and test (Test)
sets, as outlined in Table 1. The corpus, in its
entirety, comprises 16, 447 sentences, which were
presented randomly to the participants. Addition-
ally, multiple participants within each team were
allowed to record simultaneously using the same
credentials.
Figure 1 illustrates the distribution of vocabulary
and word counts across the Train, Dev, and Test
partitions of our collected dataset for the Fongbe
speech translation task. Figure 1 highlights the sub-

stantial vocabulary diversity and word richness in
our dataset, with Train exhibiting the highest vocab-
ulary count at approximately 7, 500 unique words.
This variation in vocabulary and word counts across
splits underscores the dataset’s suitability for train-
ing and evaluating speech translation models with
varying language complexities.
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Figure 1: Vocabulary and number of words of each
split

Split Sentences Audio (hours)
Train 11636 20
Dev 2329 7
Test 2482 4
Minimum sentence length (words)
Train 1 -
Dev 1 -
Test 1 -
Maximum sentence length (words)
Train 136 -
Dev 45 -
Test 63 -

Table 1: Corpus statistics.

5. Fongbe-French End-to-End Speech
Translation Baseline

In this work, we use the Fairseq toolkit to establish
a baseline for Fongbe-French End-to-End speech
translation. We run the baseline experiments us-
ing a state-of-the-art approach, implementing the
transformer_s and conformer architecture within
Fairseq framework to build a speech translation
model.

5.1. Experiments
We ran the experiments on the collected dataset
with the downsampling of the initially recorded au-
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dio clips from 44.1 kHz to 16 kHz during the prepro-
cessing step. Following this, to maintain uniformity
and streamline the training process, we subjected
the extracted features to a normalization procedure,
aligning them to a mean of 0 and a standard devi-
ation of 1. As part of our data quality control mea-
sures, we implemented a filtering step to exclude
samples that exceeded 3, 000 frames, thus ensur-
ing the quality and manageability of the dataset.
We used for 80-dimensional mel-filter bank features
and built character-level vocabulary using Senten-
cepiece (Kudo and Richardson, 2018). We em-
ployed a label-smoothed cross-entropy loss func-
tion with a label-smoothing factor set to 0.1. Opti-
mizing the models utilized the Adam optimizer with
a learning rate of 1e−3, coupled with a learning rate
scheduler of the inverse square root type, featuring
warm-up updates and gradient clipping. The model
is trained for 500 epochs using the Adam optimizer
(Kingma and Ba, 2014).

5.2. Results and discussion
We utilized a beam size of 5 and averaged the last
10 checkpoints when evaluating the baseline model
trained on the test set. Our evaluation metric was
case-insensitive tokenized BLEU, implemented us-
ing the sacreBLEU toolkit (Post, 2018) following the
methodology proposed by (Papineni et al., 2002a).

Architecture enc-type FFSTC (test)
transformer_s - 8.96

(18.4/10.9/10.7/10.7)
conformer abs 8.14

(16.3/8.8/8.5/8.4)

Table 2: Baseline for Fongbe-French End-to-end
speech translation BLEU-4 results.

The BLEU score achieved on the test set of the
collected dataset using the transformer_s and con-
former architecture, is reported in Table 2. The
reported score is dissected into precision scores
for various n-gram lengths. For the transformer_s
there is 28.7% for unigrams (1-grams), 4.6% for
bigrams (2-grams), 1.8% for trigrams (3-grams),
and 0.6% for 4-grams. For the conformer there is
16.3 for 1-grams, 8.8 for 2-grams, 8.5 for 3-grams
and 8.4 for 4-grams. We set the positional encod-
ing for the conformer to absolute. This evaluation
provides valuable insights into the quality of our
collected dataset. Despite the relatively low BLEU
score of 8.96 for the transformer_s and 8.14 for the
conformer, which signifies room for improvement,
it is worth noting that this score holds promise for
the development of an effective Fongbe-French
end-to-end speech translation model. While there
is certainly room for enhancement, particularly in
terms of n-gram precision, this result serves as

a foundation upon which further refinements and
optimizations can be built.
In future research endeavors, we anticipate that the
integration of pre-training models and advanced
techniques, such as transfer learning, could sig-
nificantly enhance the performance of the base-
line model. Leveraging the rich resources of pre-
training models in French and further optimization
strategies promises to elevate the accuracy and
fluency of Fongbe-French speech translation, thus
bridging linguistic and cultural divides more effec-
tively. This work lays the groundwork for future stud-
ies aimed at harnessing the full potential of state-
of-the-art models and data-driven approaches to
advance the field of speech translation for under-
represented languages like Fongbe.

6. Conclusion
In this paper, we introduced FFSTC, the first speech
translation corpus for Fongbe language. This
dataset has been carefully curated, including a wide
variety of language details and difficulties for tonal
language. The corpus is valuable for researchers
and professionals who are working on speech trans-
lation and natural language processing. It stands
as the first of its kind for the West African languages,
contributing not only to the advancement of Fongbe-
French translation but also to the broader goal of
preserving and promoting linguistic diversity. Our
baseline experiments, conducted on this novel re-
source, demonstrate promising potential for the
development of robust speech translation systems.
By providing a dataset focused on a tonal language,
the purpose is to explore new methodologies, and
potentially develop breakthrough technologies that
could benefit not only Fongbe speakers but speak-
ers of other tonal and underrepresented languages.
We envision that this dataset will play a pivotal role
in bridging linguistic and cultural divides, facilitating
enhanced communication and mutual understand-
ing across languages and communities in the West
African context. Its availability paves the way for ex-
citing future research endeavors and applications
in the field.
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