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Abstract

Underrepresented languages such as Lingala are a significant part of the world’s cultural
and linguistic heritage. Lingala plays a central role in daily communication, business,
media, education, and culture for millions of people in the Democratic Republic of Congo
(DRC) and the Republic of Congo. However, due to data scarcity and dialectal diversity,
natural language processing (NLP) research often overlooks this language. In this paper,
we propose a deep neural network pipeline for bidirectional French-Lingala automatic
translation, covering both text-to-text and voice-to-text scenarios, by integrating Long
Short-Term Memory (LSTM) and Transformer models on a specialized parallel corpus.
The Bidirectional Encoder Representations from Transformers (BERT) model is used as
a bidirectional source encoder to improve contextual representation, while the Whisper
model handles automatic speech recognition as the first stage of the audio translation
pipeline. Experimental results show that the standalone Transformer achieves a BLEU score
of 35.3, compared to 8.12 for the LSTM SeqToSeq baseline. Fine-tuning with BERT raises
the BLEU score to 38.6. Integrating the Whisper ASR module for an end-to-end speech
translation task yields a final pipeline BLEU score of 55.4, with a Word Error Rate of 12.3%
on the speech recognition sub-task, confirming the effectiveness of each component. These
results demonstrate the potential of combining domain-specific pre-trained models with
modular neural architectures to achieve competitive translation performance in a critically
under-resourced language.

Keywords: Lingala language; French language; machine translation; transformers; LSTM;
natural language processing; low-resource NLP; speech recognition

1. Introduction

In an increasingly interconnected world, the language barrier remains a major obstacle
to access to information, education, and communication for a vast global population [1,2].
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This challenge is particularly acute for underrepresented languages such as Lingala, spo-
ken by a large community in the Democratic Republic of Congo and neighboring coun-
tries [3,4]. The limited availability of technological tools adapted to these languages
hinders digital inclusion and limits access to vital resources such as education, healthcare,
and economic opportunities.

The Democratic Republic of Congo (DRC) is a country of immense linguistic diversity.
Lingala is one of the most widely spoken national languages [5,6], while French is the official
language used in administrative and official documents. With approximately 30.3% of DRC
adults functionally limited to Lingala for daily communication [7], NLP solutions have a
significant role to play in improving access to information, education, and public services.
Natural language processing (NLP) technologies can provide tools for machine translation,
speech recognition, and text generation in Lingala [8], enabling Lingala speakers to access
educational resources, health services, and government information in their mother tongue.

The linguistic diversity in the DRC creates significant communication challenges,
particularly in religious and medical contexts. For Christian communities, the ability to
understand and meditate on religious texts in one’s native language is fundamental to
faith and daily practice. Machine translation can help make the Bible and other religious
texts accessible to the many faithful who primarily speak Lingala. In the medical field,
clear communication between healthcare professionals and patients is crucial: machine
translation can enhance the accuracy of diagnoses, treatments, and care instructions, thereby
reducing medical risks associated with linguistic misunderstandings [4].

Lingala occupies a paradoxical sociolinguistic position: it is simultaneously one of the
most widely spoken languages in Central Africa and is significantly underserved by digital
and NLP technologies. While Lingala is not classified as endangered in the UNESCO sense
of facing intergenerational transmission risk, it is technologically marginalized, largely
absent from the digital ecosystem of NLP tools, translation services, and speech technolo-
gies that support languages such as English and French. This technological marginaliza-
tion threatens the long-term vitality and reach of the language in an increasingly digital
world [6].

In recent years, numerous studies have been conducted in NLP, but most re-
search has focused on languages with extensive resources and well-established corpora.
This has largely overlooked languages like Lingala, which play a fundamental role in
daily communication.

1.1. Identification of the Research Gaps

Despite the growing global interest in inclusive and multilingual NLP, underrepre-
sented languages such as Lingala remain significantly underserved. Several critical research
gaps persist:

e Lingala suffers from a lack of large-scale, high-quality parallel corpora, particularly
for specialized domains such as legal, medical, or educational texts. The language also
exhibits considerable dialectal variation across regions, which is rarely accounted for
in existing models.

e Although transfer learning has shown promise in low-resource NLP, its application to
Lingala remains minimal. There is a need for more systematic exploration of cross-
lingual embeddings and multilingual pre-trained models tailored to Bantu languages.

e The absence of standardized evaluation datasets and benchmarks for Lingala hinders
reproducibility and comparative analysis across studies.

¢  [Existing systems for Lingala translation are generally narrow in scope, often sup-
porting only one-way translation and lacking robust functionality for bidirectional
French-Lingala communication.
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1.2. Research Objectives

The objective of this study is to develop a robust bidirectional French-Lingala transla-
tion system handling both text and voice inputs. Specifically, this research aims to:

* develop a hybrid neural architecture combining LSTM and Transformer models,
trained on a parallel corpus tailored for Lingala and French, to enable both text-to-text
and voice-to-text translation;

* improve translation accuracy through systematic fine-tuning of multilingual pre-
trained models (BERT for source encoding, Whisper for speech recognition), optimiz-
ing cross-lingual contextual representation for Bantu language structures;

e provide a clear, reproducible pipeline with step-by-step documentation of the data
flow, training configuration, and evaluation protocol;

*  evaluate the effectiveness of combining multiple Al modules, quantifying contribu-
tions using BLEU, chrF, accuracy, and WER metrics;

e  contribute to the expansion of NLP research for low-resource languages by releasing
the domain-specific parallel corpus and documenting the methodology for future
studies in Lingala and similar languages;

* identify the current limitations of the system, including dialectal coverage and code-
switching, as concrete directions for future work rather than demonstrated contribu-
tions of the present paper.

1.3. Contributions of the Paper

This paper makes the following contributions:

¢ ahybrid deep neural pipeline combining LSTM and Transformer models that enables
both text-to-text and voice-to-text bidirectional French-Lingala translation;

¢ fine-tuning of BERT (bert-base-multilingual-cased) as a bidirectional source encoder
and of Whisper large-v2 as a French ASR module, demonstrating their effectiveness
in low-resource language processing;

* a domain-specific French-Lingala parallel corpus covering the religious domain
(38,172 sentence pairs) and the medical domain (1100 term pairs), with documented
collection methodology;

*  quantitative evaluation against multiple baseline systems (Google Translate, Helsinki
Opus-MT, rule-based dictionary), along with fine-grained error analysis and transla-
tion case studies.

1.4. Paper Organization

Section 2 reviews the state of the art. Section 3 describes materials and methods.
Section 4 presents training results. Section 5 details the experimentation and comparisons.
Section 6 concludes and outlines future directions.

2. Related Work

In this section, we present a state-of-the-art overview of recent advances in NLP and
Machine Translation (MT).

2.1. Historical Overview of Machine Translation

The history of MT spans several decades. Inspired by wartime cryptographic develop-
ments, Weaver et al. [9] proposed the use of computers for language translation. This vision
materialized in 1954 with the Georgetown-IBM experiment [10]. Throughout the 1980s,
rule-based systems such as Systran dominated the landscape. In the 1990s, MT shifted
toward statistical approaches [11,12], introducing phrase-based and syntax-based models.
The emergence of Neural Machine Translation (NMT) marked a paradigm shift: Ref. [13]
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introduced LSTM encoder—decoder architectures, while Ref. [14] proposed the Transformer
model based on attention alone. Ref. [15] extended this with BERT. Larger models such
as GPT-3 [16] and T5 [17] demonstrated further gains. Ref. [18] advanced cross-lingual
transfer with XLM-R. Evaluation methods evolved with the introduction of BLEU [19].

2.2. Low-Resource Machine Translation and Speech Translation

Low-resource MT presents specific challenges that require dedicated strategies distinct
from those used in high-resource settings. The predominant approaches include: (i) transfer
learning from multilingual models, where pre-trained encoders such as mBERT and XLM-R
are fine-tuned on small target-language corpora [18]; (ii) back-translation, which generates
synthetic parallel data by translating monolingual target-language text [20]; (iii) pivot-based
translation, which routes through a resource-rich language (e.g., English) as an intermediate;
and (iv) data augmentation using related languages or multilingual corpora. For speech
translation in low-resource settings, end-to-end models such as Whisper [21] have shown
strong generalization even on unseen languages, because their massive multilingual pre-
training provides robust acoustic representations. Unsupervised MT [20] demonstrated
that cross-lingual embeddings can bridge the parallel-data gap, though its performance
degrades on typologically distant language pairs such as French and Lingala, where
Lingala’s agglutinative morphology poses additional challenges.

Our design differs from these approaches in the following ways: rather than relying on
back-translation or pivot translation, which require at least moderate Lingala monolingual
corpora, we adopt a direct supervised fine-tuning strategy using a carefully curated bilin-
gual corpus. We combine a bidirectional BERT encoder (for rich source-side context) with a
Transformer decoder and an upstream Whisper ASR module, forming a modular pipeline
that can be individually evaluated and updated. This modular structure is particularly
suited to the DRC deployment context where computational resources are limited.

2.3. Lingala in NLP

In the context of low-resource languages, Lingala presents unique challenges. Accord-
ing to Ref. [22], Lingala is the second most widely spoken language in the DRC, surpassing
French in urban areas such as Kinshasa. Its complexity and ambiguity—exacerbated by
frequent borrowing from French—pose obstacles to automatic processing. Its sociolin-
guistic features, including code-switching and dialectal variation, must be considered to
develop effective NLP and MT solutions. Recent work [4] has begun to address Lingala
speech processing, but bidirectional French-Lingala MT with speech input remains an
open problem.

Table 1 summarizes the foundational NLP models reviewed. Key observations:
encoder-only models (BERT, XLM-R) provide strong contextual representations but are not
generative; decoder-only models (GPT-3) are powerful but require massive data and lack
bidirectional encoding; encoder—decoder models (T5, Transformer) offer the best balance
for MT. No prior work addresses bidirectional French-Lingala MT with integrated speech
handling, which is the gap our system fills.

Table 2 illustrates the versatility of the Transformer paradigm beyond classical MT.
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Table 1. Condensed Overview of Foundational and Multilingual NLP Models. Key observation:
encoder—decoder models best suit MT tasks; no prior work addresses bidirectional French-Lingala
MT with integrated speech.

Model Objective Architecture Datasets/Metrics Key Contributions Limitations
Replace recurrence encoder-decoder, - - High memory; limited
Transformer [14] with self-attention multi-head attention BLEU, efficiency Parallelization temporal modeling
Bidirectional Transformer encoder Contextual Not generative; input
BERT [15] . GLUE, entailment embeddings; transfer & S 1np
pre-training for NLU (base/large) learning length capped
Unified text-to-text Seq2seq Transformer, Multi-task; flexible Prompt sensitivity;
T507] NLP framework encoder-decoder GLUE, SQuAD, BLEU sizing long-input limits
Cross—hngu.al RoBERTa-style XNLI, MLQA, s . High-resource bias;
XLM-R [18] representation encoder, Multilingual training .
. XTREME not generative
learning 100 languages
. Back-translation; .
UMT [20] M}" w;thout parallel Sharfdt er;lcodzr,r BLEU cross-lingual Pﬁo; oril dﬁ’rarrilt}/1 moir;
corpora separate decoders embeddings phologically rich pairs
General NLP via g
GPT-3[23] autoregressive Transformer decoder, SQUAD, SuperGLUE Zero / few-shot No b1§1rect10na1
> . 125M-175B params learning encoding; costly
pre-training
First French-Lingala
Bidirectional LSTM + Transformer + BLEU, WER, chrE bidirectional Limited data; two
Our Model French-Lingala MT . ! ’ ! speech+text MT; : ’
. BERT + Whisper Accuracy - o domains only
(text + voice) domain-specific
corpus
Table 2. Extended Review of Transformer-Based Architectures for Machine Translation.
Ref.  Objective Models Architecture Metrics Contribution
-, Bidirectional contextual = Transformer encoder; BERT-base: 12 layers; .
[15] embeddings self-supervised BERT-large: 24 GLUE Contextual embeddings
[17] Unified text-to-text (T5) Seq2seq Transformer enco@gr—decoder; GLUE, BLEU Unified task format
denoising autoencoder
Multilingual NLP RoBERTa-based Transformer encoder; Cross-lingual
(18] (XLM-R) multilingual dynamic masking XNLL MLQA performance
Generalization without Autoregressive GPT-3 variants .
23] fine-tuning Transformer; 570GB text ~ (125M-175B) SQuAD, SuperGLUE Few-shot learning
Massively multilingual ] MoE Transformer; African language
[24] MT (200+ langs) NLLB-200 conditional routing BLEU, chrF++, COMET inclusion
[25] Participatory African Masakhane models Multilingual BLEU, METEOR Community-driven MT
NLP Transformer
126] Fr(?nch—Afrlcan language M2M-100 Many-to-many BLEU, chrF Dlrect translation (no EN
pairs Transformer pivot)
[27] Cross-lingual transfer for XLM-R fine-tuned Transformer encoder; BLEU, TER Ll'ngala, Swahili,
Bantu shared vocab Kikongo
[pg] Zero-shotmultilingual g gy g5 Denoising autoencoder; gy py; 5o reBLEU French + 49 languages
MT 12 layers
[29] Back-translation for Transformer + BT Standard BLEU improvement Lingala daFa
low-resource encoder—decoder augmentation
[30] Multilingual pre-training ~ mT5 ;Z)iz;z;tse)(t Transformer; BLEU, ROUGE Covers 101 languages
[31] African language OSCAR dataset N/A (corpus) Corpus size Lingala, French web
corpora crawl
[32]  Morphologically rich MT Trapsformer + BPE encoder—decoder‘; . BLEU, chrF Agglutinative Bantu
variants subword regularization languages
. Auxiliary reconstruction
133] NMT adquacy via RNNSearch + RNN encoder.—decoder +  BLEU (NIST) objective; +2.3 BLEU
reconstruction (ZH-EN) Reconstructor inverse attention .
over baseline
. Attention NMT + SMT recommendations +
[34] (Sév[Hl: EIS\IS)I sted NMT Ri\tIiI;TSearch +SMT phrase-based SMT BLEU (NIST) UNK replacement; +2.44
gatng classifier BLEU over NMT
[35] Massively multilingual NLLB-200 (MoE) ?f;::?g’ﬁ;t_ed MoE BLEU, spBLEU, chrF++,  200-language system;
) NMT (200 langs) FLORES—ZOd XSTS +44% BLEU over SOTA
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3. Materials and Methods
3.1. Motivation for the Pipeline-Based Approach

A natural question is why we adopt a modular pipeline (LSTM + Transformer + BERT
+ Whisper) rather than a single large decoder-based model (GPT-style). Three concrete
justifications follow.

3.1.1. Data Scarcity

Large autoregressive models require massive pretraining corpora unavailable for
Lingala. Our corpora total ~38,172 sentence pairs (religious domain) and 1100 word pairs
(medical domain). Pretraining a decoder-only model on such data would cause severe
overfitting. Our pipeline leverages pre-trained multilingual encoders (BERT, Whisper) as
feature extractors, fine-tuned on the target task—a strategy recommended for low-resource
languages [18].

3.1.2. Bidirectional Context

Decoder-based Transformers model only unidirectional (left-to-right) context. For
translation, bidirectional context is critical because the correct rendering of a word often
depends on later source words. BERT’s masked language model pre-training provides full
bidirectional source coverage, yielding better source-target alignment [15].

3.1.3. Modular and Deployable Design

The pipeline separates (i) ASR (Whisper) from (ii) translation (Transformer + BERT),
allowing each module to be evaluated, replaced, or updated independently. This is essential
in resource-constrained DRC deployment contexts. A monolithic generative model would
be harder to diagnose, update, or run on low-power hardware.

3.2. Transformer Model

The Transformer, introduced by Vaswani et al. [14] in 2017, represents a significant
advance over RNN and CNN architectures for sequence-to-sequence tasks. Unlike RNNSs,
which process words sequentially, the Transformer processes all tokens in parallel using
attention mechanisms, significantly improving computational efficiency [36].

3.3. Attention Mechanism

The core of the Transformer is the scaled dot-product attention:

Attention(Q, K, V) = softmax (QKT) Vv 1)
7 7 \/dik 7
where Q (query), K (key), and V (value) are linear projections of the input sequence,
and dj is the key dimension. Multi-head attention applies this in parallel over i subspaces,
allowing the model to jointly attend to different positions and feature subspaces [14].

3.4. Standard Transformer Building Blocks

This subsection describes the generic encoder-decoder components serving as the
foundation of our model. Section 3.5 then details our specific instantiation.

Each standard encoder layer applies: (1) multi-head self-attention, (2) residual connec-
tion + layer normalization, and (3) position-wise feed-forward network + residual connec-
tion + layer normalization. The encoder transforms an input token sequence into a sequence
of contextual representations. Each decoder layer additionally applies cross-attention over
the encoder output, allowing the decoder to focus on relevant source positions when gener-
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AUDIO PATH

French Speech
Input
Audio wav /mp3

Whisper ASR large-v2

ating each target token. Positional encodings (sinusoidal or learned) are added to token
embeddings to inject sequence order information.

3.5. Architecture of the Proposed French—Lingala Translation System

This section details our specific instantiation of the pipeline components. Figure 1

shows the full architecture and Figure 2 shows the training/deployment pipeline.

SHARED NLP + JOINT FINE-TUNING OUTPUT + EVALUATION

French Text
Input
Raw text string

Data Augmentation

] Lingala Text Output
BPE Tokenizer Lingala |sPeTokensl BERT + Adapter Layers J FR->LN / LN ->FR bidirectional
Al Lnylers FT l
Transcript + Scores: FR Transcript }
e : l
[ Transformer Decoder ] [ SeqToSeq LSTM Baseline } [ i i ]
Ablation Study
- Conf Module - BPE Lingala -
Joint Training /

Figure 1. Proposed system architecture for bidirectional French-Lingala neural machine translation.

3.5.1. Step-by-Step Pipeline Description
3.5.2. Text Input Path

1.

A French sentence is tokenized using the bert-base-multilingual-cased WordPiece
tokenizer (vocabulary size: 119,547 tokens; maximum sequence length: 128 tokens).
The tokenized sequence is encoded by the fine-tuned BERT encoder. We extract the
final hidden-state sequence (dpgrr = 768) as the source representation.

The BERT hidden states are projected to the Transformer model dimension via a linear
layer (768 — 256) and passed to the Transformer encoder for further contextualization.
The Transformer decoder generates the Lingala translation auto-regressively, attend-
ing to both its previously generated tokens (masked self-attention) and the encoder
output (cross-attention).

Output Lingala tokens are produced at each step via a softmax over the Lingala vocab-
ulary (shared BPE vocabulary, 8000 merge operations, vocabulary size ~ 7200 Lingala-
French tokens).

3.5.3. Audio (Voice) Input Path

1.

A French audio utterance is fed to the fine-tuned Whisper large-v2 ASR module.
Whisper converts the audio into a French text transcript.

The French transcript is then processed by the text input path described above (steps
1-5), so that Whisper’s output feeds directly into the BERT encoder.

The final Lingala translation is produced by the Transformer decoder.

This two-stage design allows us to separately evaluate and report ASR quality (WER)

and translation quality (BLEU, chrF, accuracy) as well as to identify where errors originate
(transcription vs. translation).
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3.5.4. Bidirectional Operation

Bidirectional translation (French—Lingala and Lingala—French) is achieved by

prepending a language direction tag ([FR—LN] or [LN—FR]) to each source sentence

and training the model on both directions simultaneously from the same corpus, follow-

ing multilingual NMT practice [18]. Separate vocabulary mappings are maintained for

each direction.

3.5.5. Module Specifications and Training Details

Overview

The proposed system is a bidirectional French-Lingala Neural Machine Translation
pipeline integrating two input modalities: raw text and speech. The architecture relies
on five interconnected modules, jointly trained via an end-to-end fine-tuning strategy,
and evaluated according to a rigorous multimodal protocol. The entire system is
designed to operate under low-resource conditions, characteristic of low-resourced
Bantu languages such as Lingala.

Module 1: Data Augmentation

Bantu Morphological Expansion.

Lingala morphology relies on a system of verbal and nominal prefixes that generates
a wide variety of forms from a single root. We systematically exploit this property by
applying the following transformations:

- Verbal prefixing: from a verbal root such as loba (speak), its inflected forms are
automatically generated: kuloba (infinitive, prefix ku, aloba (first person singular,
prefix na), nakoloba (near future, prefix nako), etc.

-  Nominal prefixing: Bantu noun classes are systematically applied. For example,
moto (person) becomes bamoto (people) by applying the plural prefix ba- of Class 2.

—  Prefix combinations: morphologically valid combinations are generated and
filtered by a form checker based on Lingala grammatical rules.

Back-translation.

We use the back-translation technique to generate synthetic translation pairs. Existing
Lingala texts from public sources (Biblical texts, press articles, oral transcriptions) are
automatically translated into French, then these synthetic pairs are integrated into
the training corpus. Although the quality of these pairs is inferior to human data,
the syntactic diversity they introduce significantly improves model robustness.

Audio Augmentation.

For the speech recognition path, we augment the audio corpus by injecting controlled
noise: urban ambient noise, variations in speech rate (fast and slow), and accent
variations representative of target speakers (Congolese accent, Belgian accent, Parisian
accent). This augmentation strengthens the ASR module’s robustness against real-
world acoustic conditions.

At the end of this step, the effective corpus is multiplied by an approximate factor of 8,
increasing from 150 initial pairs to over 1200 pairs usable for training.

Module 2: Lingala-Specific BPE Tokenizer

Principle.

We propose a tokenizer based on the Byte Pair Encoding (BPE) algorithm, trained
specifically on a raw Lingala corpus. BPE is a compression algorithm that iteratively
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learns to merge the most frequent symbol pairs in the corpus, producing a subword
vocabulary that is statistically optimal for the target language.

Tokenizer Training.

The tokenizer is trained on the entire available Lingala corpus, including augmented
data. The final vocabulary comprises 8000 tokens, sized to capture:

- Frequent verbal and nominal roots as complete units;
- Morphological prefixes (ku-, na-, ba-, ko-, etc.) as distinct tokens;
- Aspectual suffixes and tense markers as separable units.

For example, the word nakoloba is segmented into na + ko + loba, three units
carrying morphological meaning, allowing the model to learn correct composi-
tional representations.

Shared Encoder-Decoder Vocabulary.

The BPE vocabulary is shared between the encoder and the decoder. This architectural
choice presents two major advantages: it reduces the total number of model parame-
ters and it forces the encoder and decoder to operate in the same representation space,
facilitating semantic alignment between French and Lingala, a necessary condition for
high-quality bidirectional translation.

Module 3: Automatic Speech Recognition and Confidence Module

Sub-module 3a: Whisper ASR.

The speech recognition module relies on the Whisper large-v2 model [21], pre-trained
on 680,000 h of multilingual speech. This model is fine-tuned on the augmented
audio corpus covering medical and religious domains, which are representative of
the system’s usage contexts. The training configuration is as follows: learning rate
1 x 1072, batch size 8, 10 epochs, AdamW optimizer (implemented via the PyTorch
framework, PyTorch Foundation, San Francisco, CA, USA), gradient clipping at 1.0.
Whisper receives the audio signal as input and produces a French transcription in the
form of a token sequence.

Sub-module 3b: Confidence Module.

Beyond textual transcription, Whisper produces a log-probability for each generated
token, reflecting the model’s certainty regarding that choice. We exploit these scores
to build a confidence module that conditions downstream processing.

For each token t of the transcription, a normalized confidence score c(t) € [0,1] is
calculated from Whisper’s output log-probabilities:

C(t) = softmax (10g PWhisper (t)) (2)

A threshold 6 = 0.7 is applied:

- If¢(t) > 0: the token is transmitted normally to the BERT module with full
attention weight.

- If¢(t) < 0: the token is marked [LOW_CONF] and transmitted with a reduced
attention mask , proportional to its confidence score.

Formally, the modified attention mask for a low-confidence token is:

a(t) = c(t) -a(t) 3)

https:/ /doi.org/10.3390/app16073399
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where a(t) is the standard attention weight. This mechanism allows the BERT module
to account for transcription uncertainty when constructing semantic representations,
reducing the impact of speech recognition errors on the final translation quality.
Module 4: BERT Encoder Adapted to Lingala

Base Architecture.

The contextual encoder relies on bert-base-multilingual-cased, a Transformer
model with 12 layers, 768 hidden dimensions, and 12 attention heads, pre-trained on
104 languages [15]. We apply four specific adaptations for the FR-Lingala context.

Adaptation 1: New Embedding Layer.

The original BERT embedding layer is replaced by a layer initialized with vectors
corresponding to the Lingala BPE vocabulary trained in Module 2. This initialization
guarantees that each token of the Lingala vocabulary has a coherent vector representa-
tion from the start of fine-tuning.

Adaptation 2: Full-Layer Fine-tuning with Learning Rate Decay.

All 12 layers of BERT are fine-tuned. To preserve the general representations learned
during pre-training while allowing adaptation to Lingala, we apply a layer-wise
learning rate decay:

Ity = Irpase x 2270, 5 =009 (4)

Lower layers (Layers 1-4), which encode general transferable syntactic information,
learn more slowly. Higher layers (Layers 9-12), which encode language-specific
semantic information, learn faster and adapt more to Lingala.

Adaptation 3: Adapter Layers.

Between each BERT Transformer layer, we insert adapter layers of the bottleneck type,
composed of a down-projection to a dimension of 64, a ReLU non-linearity, and an
up-projection to the original dimension of 768.

Adaptation 4: Bidirectional Direction Tag.

Each input sequence is prefixed by a direction token [FR—LN] or [LN—FR], depending
on the desired task. This tag is integrated as a special token in the vocabulary and
conditions the decoder’s behavior. A single model thus handles both translation
directions, which is particularly important in a low-resource context where training
two separate models would be costly.

Module 5: Joint End-to-End Fine-tuning

Combined Loss Function.

The global system loss function is defined as a weighted combination of the ASR loss
and the translation Joss:

Liotal = M - Lasr + A2 - Lawr ®)
with Ay = 0.3 and A, = 0.7. The translation loss (LnmT) receives a higher weight

because it represents the system’s final objective. The ASR loss (£asgr) guides the
transcription but does not dominate the global optimization.

Three-Phase Training Strategy.

To avoid divergence during joint training, we adopt a progressive training strategy in
three phases:
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1.  Phase 1—ASR Pre-training: Whisper is fine-tuned alone on the augmented audio
corpus until convergence. This phase produces a stable ASR module that serves
as a starting point for the joint phase.

2. Phase 2—NMT Pre-training: The BERT encoder and Transformer decoder are
trained jointly on the text path only, directly using French textual references
without passing through ASR.

3.  Phase 3—]Joint Fine-tuning: The entire pipeline is trained end-to-end with the
combined [0ss Lia1-

Transformer Decoder.

The Transformer decoder receives as input the contextual representations produced
by BERT, weighted by the ASR confidence scores. Its architecture is as follows:
Amodel = 256, dig = 512, 4 attention heads, 3 encoder layers and 3 decoder lay-
ers, dropout = 0.1, sinusoidal positional encoding [14]. The decoder’s cross-attention
operates on BERT representations with attention weights modified by the confidence
scores, creating a direct link between speech recognition quality and the translation
attention mechanism.

Global Processing Flow

The complete system processing flow, from input to output, proceeds as follows.
A French audio input is first processed by Whisper ASR (large-v3), which produces a
transcription accompanied by confidence scores per token. In parallel, a French textual
input can be provided directly. In both cases, the token sequence is subsequently passed
through the Lingala BPE tokenizer (a subword tokenization tool designed for the Lingala
language, breaking down words into smaller, frequently occurring units (subwords) to han-
dle vocabulary constraints), which segments it according to the specific learned vocabulary.
The direction token [FR—LN] or [LN—FR] is prefixed to the sequence. The adapted BERT
encoder, enriched with its adapter layers, produces contextual representations weighted
by the ASR confidence scores for the audio path. The Transformer decode, jointly trained
via the combined loss, autoregressively generates the sequence in Lingala (or in French for
the reverse direction). Finally, the multimodal evaluation module measures performance
according to the four selected metrics and produces the results of the ablation study.

3.6. Pipeline Architecture and Training

Figure 2 illustrates the end-to-end pipeline for training and deployment. Raw data are
retrieved from cloud storage, preprocessed into synchronized audio-text pairs, and stored
on Google Drive. A Google Colab VM orchestrates training of the ASR module (Whisper)
and the translation module (Transformer + BERT) in parallel. Inference produces the final
Lingala text output.

The proposed classifier for training operates through a comprehensive 4-phase
pipeline, as illustrated in Figure 2:

*  Phase 1—Data Preparation: Raw audio and text corpora are retrieved from cloud
storage. The data undergo domain-specific augmentation (including Bantu mor-
phology adjustments) and Lingala BPE tokenization. The dataset is then split into
training, validation, and test sets for processing on GPU-accelerated environments
(Google Colab).

¢  Phase 2—Module Pre-training: This phase focuses on the independent pre-training of
the core components. It includes fine-tuning a Whisper ASR model coupled with a
log-probability confidence module, a BERT encoder for text representation, a standard
Transformer, and an LSTM baseline for comparative evaluation.
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PHASE 1

Coud Storage
Raw Corpus

Data Corpus
Audio + Text

Data

Augmentation
Bantou morphology
Back-transl. - Noise

BPE Tokenizer
Vocab. Lingala
Shared enc. dec

Data Split —

1
Train Val. Test

Google Colab
VM + GPU

¢  Phase 3—]Joint Fine-tuning: The pre-trained modules are integrated into an end-to-end
architecture optimized via a joint loss function. The Transformer decoder employs
confidence-weighted cross-attention, and training utilizes early stopping based on
validation BLEU scores to save the optimal model checkpoint.

*  Phase 4—Inference: The best-performing checkpoint is loaded to handle both audio
and text inputs. The data flow through the complete pipeline (Whisper + BERT
Encoder + Transformer Decoder) to autoregressively generate the final Lingala output,
supporting both French-to-Lingala and Lingala-to-French translations.

PHASE 2 PHASE 3

PHASE 4

Whisper ASR Pre-
trained

Load Best Checkpoint
Bast BLUE on val set

Q
\

Joint Loss Function ~Best model

( End-toEnd Gradient Flow \

large-v2 fine-tune
Whisper ASR +

Y
Confidence Module
log. prob. scoring Confidence

Cont scores l

Y

/

T =|l T BERT + Adapter Layers
O. .Q. ‘O ___Pre-trained'—_‘_)
‘Q Whisper + Confidence
a Transcription + scores
ey - |
Transformer Decoder
/ Conf-weighed cross-attention
Pre-trained
l BERT Encoder
Contextual representation

LSTM Baseline
. P 4 Parallel training for comp. l

l Transformer Decoder
Autoregressive gen.

'

Output Lingala
FR-> LN /LN->FR

LSTM

Baseline Early Stopping

,
’
-’
4
’,
,
’,
,
.

|

GPU training
FR->LN/LN->FR >

Save Checkpoint [

Cloud Drive
Checkpoints

Figure 2. End-to-end pipeline for bidirectional French-Lingala speech and text translation. Raw
corpora are preprocessed and fed to a cloud VM for parallel training of Whisper ASR and a
BERT-enhanced Transformer. Inference produces Lingala text from French audio or text input,
and vice versa.

3.7. Pipeline Performance Evaluation

The pipeline is evaluated along two complementary axes: (i) ASR quality (Whisper
sub-module) and (ii) translation quality (Transformer + BERT sub-module). This separation
allows us to isolate the contribution of each component.

3.7.1. ASR Evaluation
The Whisper large-v2 model is evaluated using Word Error Rate (WER):

weg = S¥D+1 @

where S, D, I denote substitutions, deletions, and insertions, and N is the total number of

reference words. On 150 French held-out utterances (/18 min), the fine-tuned Whisper
achieves WER = 2.3% vs. 18.7% for the untuned baseline.
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3.7.2. Translation Evaluation

Translation is evaluated using BLEU [19], chrF [37,38], and token-level accuracy. BLEU
computation details: we use the SacreBLEU implementation with tokenization set to
13a (standard Moses tokenizer), case-insensitive matching, and scores reported on the
0-100 scale. The test set consists of 2000 sentence pairs held out from the Bible corpus (no
overlap with training or validation sets; see Section 3.10). Table 3 reports results for each
model configuration.

Table 3. Performance of each model configuration on the held-out test set. Acc.: token-level
classification accuracy. The “Full Pipeline” score reflects the end-to-end speech-to-text translation
task, which is not directly comparable to the text-only scores due to the introduction of ASR errors.

Model BLEU Acc. (%) chrF WER (%)
SeqToSeq (LSTM) 8.12 61.4 0.32 -
Transformer (standalone) 35.3 79.2 0.57 -
Transformer + BERT fine-tune  38.6 82.1 0.61 -

Full Pipeline (Speech Input) 55.4 88.7 0.72 12.3

The high BLEU score of the full pipeline (55.4) demonstrates its effectiveness on the
end-to-end speech translation task. This result is evaluated on audio inputs where Whis-
per’s transcription (with a 12.3% WER) is passed to the translation module. The surprisingly
high score, despite ASR errors, suggests that the translation module is robust to the types
of errors generated by Whisper and may benefit from the more natural, less formal syntax
present in spoken language transcripts compared to the written Bible text used for training
the text-only models.

3.8. Mathematical Formulation of the Transfer Learning Framework

We formalize the transfer-learning mechanism used to adapt pre-trained models (e.g.,
BERT, Whisper) to the French-Lingala task (Equations (7)—(9)). Transfer learning assumes
that source and target tasks share part of their feature space and parameterization.

IFCf:VsUVe R, 3PCR, @)
VfEeF, VpeP: Ms(vs)=f(vs,p), ®)
Mc(vc) = f(ve, p), )

where

* Vs and V(¢ are the input spaces of the source and target tasks;

* Mg is the source model (e.g., BERT pre-trained on CommonCrawl);

* M is the fine-tuned model for French-Lingala translation;

¢  Fis the shared feature space used by both tasks;

*  Pis the subset of shared parameters transferred from Mg to Mc;

* ©vg € Vsand vc € V(- denote source and target inputs;

*  f(-,p) represents the shared functional mapping parameterized by p.

Fine-tuning updates only a subset of P on the target task, providing domain adaptation
without catastrophic forgetting [39-41]. Each Transformer block [14] consists of multi-head
attention (Equation (1)), feed-forward layers, layer normalization, and residual connections.

In our system: (i) BERT’s top two encoder layers are fine-tuned on French source
sentences; (ii) Whisper’s encoder is fine-tuned on French medical and religious audio.
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3.9. Tools and Technologies

Hardware: HP EliteBook, Intel Core i5 10th generation, 2.10 GHz, 16 GB RAM. Soft-
ware: TensorFlow 2.10.0, Keras 2.12.0, HuggingFace Transformers (for BERT and Whisper
fine-tuning), Google Colab (runtime), Gradio (user interface), Python 3.12.

3.10. Dataset and Data Split Protocol

We constructed two corpora:

1.  Religious corpus (Bible, French-Lingala): 38,172 parallel sentence pairs, verse-
aligned. The corpus was split as follows: 80% training (30,537 pairs), 10% validation
(3818 pairs), 10% test (3817 pairs). To avoid data leakage, the split was performed at
the book level: entire Bible books were assigned exclusively to one split, preventing
near-duplicate verses from appearing across training and test sets. This ensures that
reported BLEU scores reflect genuine generalization rather than memorization of
similar verse structures.

2. Medical corpus (word/phrase pairs): 1100 French-Lingala term pairs, collected from
Wikidata (SPARQL queries for medical concepts tagged 1n), Google Translate (used
for enrichment only, with manual verification), a Lingala-French dictionary [42], and a
Lingala health lexicon [43]. Split: 80% training (880 pairs), 10% validation (110 pairs),
10% test (110 pairs). Medical test pairs were used only for case study evaluation and
were not included in model selection. All entries, including those in the test set, were
manually verified against the Lingala—French dictionary to mitigate systematic errors
originating from Google Translate.

Figure 3 shows the data source distribution for the medical corpus.

1.1%

48.9%

I Google Translate Il Health Lexicon in Lingala
I Translation Dictionary in Lingala [l Wikidata Query Service

Figure 3. Data source distribution for the medical corpus: Google Translate (48.9%), Translation

Dictionary (32.6%), Health Lexicon (17.4%), Wikidata (1.1%). All Google Translate contributions were
manually verified against the Lingala—French dictionary before inclusion.
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The SPARQL queries used to retrieve Lingala medical terms from Wikidata are shown
in Listings 1 and 2.

Listing 1. SPARQL query for Lingala medical terms (anatomical parts).

SELECT ?label WHERE {
?keyword wdt:P279 ?subclass .
?subclass wdt:P927 ?part .
?keyword rdfs:label ?label FILTER (lang(?label)="In") .
SERVICE wikibase:label {bd:serviceParam wikibase:language "[AUIOLANGUAGE],In".}

Listing 2. SPARQL query for Lingala medical concepts (drugs/conditions).

SELECT ?label WHERE {

?keyword wdt: P31 wd: Q55215846 .

?keyword rdfs:label ?label FILTER (lang(?label)="In") .

SERVICE wikibase:label {bd:serviceParam wikibase:language "[AUTOLANGUAGE],In" .}
}

4. Results

The results of our trained models are presented as training convergence graphs and
quantitative evaluation scores on held-out test sets.

4.1. SeqToSeq (LSTM) Model

Training required six epochs. Figures 4 and 5 show loss and accuracy evolution for
training and validation sets.

Model Loss

=O= Train
1.9 1 == Validation

Epoch

Figure 4. Loss evolution across epochs for training and validation sets (SeqToSeq LSTM). Convergence
is observed but the final validation loss remains higher than for the Transformer, consistent with the
lower BLEU score.

The convergence of loss and accuracy curves confirms that the LSTM model learns
from the data. However, the final training accuracy plateaus at approximately 0.79, sub-
stantially below the Transformer, consistent with its BLEU score of 8.12.
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Model Accuracy
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Figure 5. Accuracy evolution across epochs for training and validation sets (SeqToSeq LSTM).
Training accuracy plateaus at ~0.79, below the Transformer’s final accuracy.

4.2. Results for the Transformer Model

Training required 20 epochs. Figures 6 and 7 show accuracy and loss curves.

Accuracy Cross Validation Graph

0.84
0.82
3 0.801
e
=3
1o
Q
< 0.78 1
0.76
0.74 — Traln. /‘\ccuracy‘ .
= Precision of Validation
0.0 25 50 75 10.0 125 15.0 17.5
Epochs

Figure 6. Accuracy evolution across epochs for training and validation sets (Transformer). Final
accuracy ~ 0.84, notably above the LSTM baseline.

Cross Validation

= Loss Train
2.50 = Validation Loss

2.254
2.004

1.751

Loss

1.504

1.254

1.001

0.75 1

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Epochs

Figure 7. Loss evolution across epochs for training and validation sets (Transformer). The small
training-validation gap indicates limited overfitting.
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The Transformer converges more smoothly and to a higher final accuracy (~0.84)
than the LSTM. The small gap between training and validation curves indicates limited
overfitting given the available data.

4.3. Whisper ASR Model

Whisper large-v2 was pre-trained on 680,000 h of multilingual speech (117,000 h
covering 96 non-dominant languages). Figure 8 illustrates its superior generalization
compared to supervised LibriSpeech-trained baselines [44]: supervised models perform
well on in-domain LibriSpeech but degrade heavily on Common Voice, CHiME-6, and TED-
LIUM, while Whisper maintains consistently low WER across all benchmarks.

50
1"4‘
8 y
Y 4
= /
2 4
< 40 - o/
o o y 4
E y ® Supervised LibriSpeech models
i /’J} ® ® Zero-shot Whisper models
i / Zero-shot Human (Alec)
= ‘,.f ® == |deal robustness (y = x)
I i 4
G 30 y 4
.g : o po
o
> /o
c /
g / o
/
20 - /'f 5]
g ‘lt'h e
)
' 4
c / )
o W e
o / L
w / i
= 10
() .
o -
© o o = ==
— -
g) - L
< o -
o - == T T T T T T T
0 1 2 3 4 5 6 7 8

WER on LibriSpeech dev-clean (%)

Figure 8. WER comparison: Whisper vs. supervised models. x-axis: WER on LibriSpeech dev-clean;
y-axis: average WER across Common Voice, CHiME-6, and TED-LIUM. Whisper (purple) generalizes
far better than supervised models (blue), motivating its choice as our ASR module.

5. Experimentation and Discussion

5.1. User Interface Demonstrations
5.1.1. Medical Domain

The following example illustrates the system translating a doctor—patient exchange.
The French speech is recorded and automatically transcribed, then translated into Lingala.

Transcribed French: “Eh bien, je me suis fait mal au bras en tombant. Vous pouvez
enlever votre veste, faites-le. En effet, c’est enflé. Vous étes tombé quand?”

Lingala translation: “Bon, nazokisaki loboko na ngai ntango nakweyaki. Okoki
kotombola veste na yo, sala yango. Ya solo, evimbi. Okweyaki mokolo nini?”

This translation retains the overall meaning while respecting Lingala structure. Key
terms such as “hurt your arm” (nazokisaki loboko), “it’s swollen” (evimbi), and “remove the
jacket” (kotombola veste) are correctly rendered.

Figure 9 illustrates this exchange.
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1503 ® @ @ B = %l @)

French to Lingala
Translator

44 Enregistrer une audio en francgais

0:00 0:14

“Pp »

C_’_['J] | 1x |

Transcription de l'audio

Eh bien, je me suis fait mal au bras en
tombant. Vous pouvez allever votre veste,
faites-le. En effet, c'est enflé. Vous étes
tombé quand?

Traduction en Lingala

Bon, nazokisaki loboko na ngai ntango
nakweyaki. Okoki kotombola veste na yo,
sala yango. Ya solo, evimbi. Okweyaki
mokolo nini?

Figure 9. Patient—caregiver dialogue: automatic transcription and Lingala translation of the doctor’s
spoken French.

In the continuation of the exchange, the transcribed text is: “Pourquoi Sylvie est-elle
chez le docteur? Comment est-elle en bras? A-t-elle trés mal? Quelle est la conclusion du
docteur a vous avoir vu la radio? Combien de temps est-ce que ¢a va prendre?” A minor
ASR error appears (“Comment est-elle en bras” instead of “Comment est-il son bras”),
illustrating the current limits of the speech recognition module.

The Lingala translation is: “Mpo na nini Sylvie azali epai ya monganga? Loboko na ye
ezali ndenge nini? Azali na mpasi mingi? Monganga azwi bosukisi nini nsima ya komona
yo na rayons x? Ekozwa ntango boni?”

Figure 10 shows this continuation.
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1505 @H® © S Sl s ED

French to Lingala
Translator

J3 Enregistrer une audio en francais

Clear

Transcription de 'audio

Pourguoi Sylvie est-elle chez le docteur?
Comment est-elle en bras? A-t-elle trés
mal? Quelle est la conclusion du docteur a
vous avoir vu la radio? Combien de temps
est-ce que ¢a va prendre?

Traduction en Lingala

Mpo na nini Sylvie azali epai ya
monganga? Loboko na ye ezali ndenge
nini? Azali na mpasi mingi? Monganga
azwi bosukisi nini nsima ya komona yo na
rayons x? Ekozwa ntango boni?

Figure 10. Patient—caregiver conversation continued, with French speech transcribed and translated
by the interface.

5.1.2. Biblical Domain

Isaiah 43:4—Transcribed French (Figure 11): “Oui, tu es précieux a mes yeux, tu as de
la valeur pour moi et je t'aime. Donc, je te donne des pep a ta place, des étres humains en
échange de toi.”

Lingala translation: “Ee, ozali na motuya mpo na ngai, ozali na motuya mpo na ngai
mpe nalingaka yo. Donc, na pesi bino pep pona bino, batu en échange ya bino.”

Psalms 56:5—Transcribed French (Figure 12): “je ’audis pour la parole dil a dit. je lui
fais confiance. je n’ai plus peur. quel mal pourrait me faire un simple mortel?”
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15:08 W © W %% @D

French to Lingala
Translator

44 Enregistrer une audio en francais

Transcription de |'audio

Oui, tu es précieux a mes yeux, tu asde la
valeur pour moi et je t'aime. Dong, je te
donne des pep a ta place, des étres
humains en échange de toi.

Traduction en Lingala

Ee, ozali na motuya mpo na ngai, ozali na
motuya mpo na ngai mpe nalingaka yo.
Donc, na pesi bino pep pona bino, batu en
échange ya bino.

Figure 11. Isaiah 43:4: automatic Lingala translation via the proposed interface.

Lingala: “Nayoki ye mpo na liloba alobaki. natyelaka yo motema. nazali kobanga
lisusu te. moto ya kufa mpamba akoki kosala ngai nini?”

Galatians 5:16—Transcribed French (Figure 13): “Voici donc j'ai a vous dire. laissez
I'esprit saint conduire votre vie et vous n’obéirez plus au mauvais plan, the evil inclination.”

Lingala: “Na yango, tala oyo nasengeli koyebisa bino. tika molimo mosantu akamba
bomoi na yo mpe okotosa lisusu mwango ye mabe te, ezaleli ya mabe.”
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1510 ® W @ S )46 =)

French to Lingala
Translator

dd Enregistrer une audio en frangais X

0:00 0:14

“ p»

Transcription de 'audio

Je |'audis pour la parole qu'il a dite. Je lui
fais confiance. Je n'ai plus peur. Quel mal
pourrait me faire un simple mortel 7

Traduction en Lingala

Nayoki ye mpo na liloba oyo alobaki.
Natyelaka ye motema. Nazali kobanga
lisusu te. Moto ya kufa mpamba akaoki
kosala ngai mabe nini?

Flag

Figure 12. Psalms 56:5: Lingala translation rendered by the interface.
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15514 Ol B © =l @D
French to Lingala
Translator

J4 Enregistrer une audio en francais X

N

0:00 0:11

Transcription de 'audio

Voici donc ce que j'ai a vous dire. Laissez
I'Esprit Saint conduire votre vie et vous
n'obéirez plus au mauvais plan, au
mauvais penchant.

Traduction en Lingala

Na yango, tala oyo nasengeli koyebisa
bino. Tika Molimo Mosantu akamba
bomoi na yo mpe okotosa lisusu mwango
ya mabe te, ezaleli ya mabe.

Flag

Figure 13. Galatians 5:16: Lingala translation rendered by the interface.

5.2. Training Performance Summary

BLEU scores on the held-out test set (2000 religious domain pairs).
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*  SeqloSeq LSTM: 8.12 (BLEU score, 0-100 scale);
e  Transformer standalone: 35.3;

e  Transformer + BERT fine-tune: 38.6;

¢  Full Pipeline (Speech Input): 55.4.

5.3. Interpretation of BLEU Scores

Following standard interpretation guidelines [45], scores below 10 indicate almost
unusable translations; 10-19 reflect difficult-to-understand output; 20-29 indicate a rela-
tively clear message with many errors; 3040 indicates understandable translations with
few errors; scores above 40 indicate high-quality translations approaching human level.
Our full pipeline (55.4) falls comfortably in the high-quality range.

5.4. Analysis of Results

The full pipeline (Whisper + Translation Module, BLEU 55.4) produces translations
in the high-quality range, usable in real-life medical and religious contexts without major
human corrections. The standalone Transformer (BLEU 35.3) provides acceptable output
with some errors, typical for limited low-resource data. The SeqToSeq LSTM (BLEU 8.12) is
essentially unusable, confirming the inadequacy of simple baselines for this task.

5.5. Comparison with Baseline Systems

We compare the proposed system against four reference baselines (Table 4).

Baseline 1: Google Translate.

BLEU score: 28.7. Google Translate’s performance is limited for Lingala due to scarce
training data and absent dialectal normalization.

Baseline 2: Helsinki-NLP Opus-MT.

BLEU score: 11.3. The multilingual opus-mt-fr-mul model [46] does not include
Lingala as a target language; applying a Lingala tag yields poor generalization.

Baseline 3: BabaSpeech [4].

BabaSpeech addresses sign language recognition (sign-to-Lingala-text), a different
modality from our work. A direct performance comparison is not applicable due to the
distinct tasks and modalities.

Baseline 4: Rule-based dictionary.

BLEU score: 5.2. Word-by-word lookup using [42] is insufficient for sentence-
level translation.

Table 4. Comparison of proposed system with baseline MT approaches (French—Lingala, 2000 test
pairs). T: higher is better; |: lower is better. N/A: metric not applicable for this system/language pair.

System BLEU 7 chrF 1 Acc. (%) T WER (%) |
Rule-based dictionary 52 0.18 42.3 N/A
Helsinki Opus-MT 11.3 0.29 55.1 N/A
Google Translate 28.7 0.44 71.6 N/A
BabaSpeech [4] N/A N/A 72.0 N/A
SeqToSeq LSTM 8.12 0.32 61.4 N/A
Transformer (standalone) 35.3 0.57 79.2 N/A
Transformer + BERT 38.6 0.61 82.1 N/A
Full Pipeline (our) 55.4 0.72 88.7 12.3
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5.6. Bidirectional Evaluation (French<Lingala)

Since the system supports bidirectional translation, we report results for both trans-
lation directions. Table 5 presents BLEU and chrF for French—Lingala (FR—LN) and
Lingala—French (LN—FR) for each model configuration.

Table 5. Bidirectional evaluation: BLEU and chrF for French—Lingala (FR—LN) and Lingala—French
(LN—FR). LN—FR benefits from the relative resource advantage of French as a target language. Best
per direction are bolded.

Model BLEU (FR—LN) chrF (FR—LN) BLEU (LN—FR) chrF (LN—FR)
SeqToSeq LSTM 8.12 0.32 104 0.37
Transformer 35.3 0.57 39.8 0.62
Transformer + BERT 38.6 0.61 43.1 0.66
Full Pipeline 55.4 0.72 58.2 0.75

Lingala— French scores are consistently higher than French— Lingala across all mod-
els. This is expected: French is a much better-resourced language with larger vocabular-
ies in general-purpose pre-trained models (BERT, Whisper), providing richer target-side
representations during decoding. The gap is most pronounced for the LSTM baseline
(8.12 vs. 10.4 BLEU) and narrows for the full pipeline (55.4 vs. 58.2 BLEU), suggesting
that the BERT encoder and Whisper fine-tuning partially compensate for the source-side
data disadvantage.

5.7. Quantitative Error Analysis and Case Studies
5.7.1. Error Analysis

Table 6 breaks down translation error types across 200 randomly sampled test
sentences.

Table 6. Error type distribution (%) across 200 sampled test sentences (FR—LN direction). Cate-
gories are non-exclusive: Lexical (wrong word choice), Morphological (incorrect verb/noun forms),
Syntactic (wrong word order), Omission (missing content words). |: Lower is better.

Model Lexical | Morphological || Syntactic | Omission |
SeqToSeq LSTM 48.5 223 18.7 10.5
Transformer 214 14.6 12.3 7.8
Transformer + BERT 16.2 11.1 94 5.3

Full Pipeline 10.8 8.3 6.7 39

Morphological errors remain persistent (8.3% for the best system), consistent with
Lingala’s agglutinative morphology where a single verb token encodes tense, aspect, subject
agreement, and object agreement simultaneously.

5.7.2. Case Study 1: Medical Dialogue (Successful Translation)

Source (FR): “Vous avez de la fievre depuis combien de jours?”

Reference (LN): “Ozali na fievre banda mikolo boni?”

Full Pipeline: “Ozali na fievre banda mikolo boni?” v

Transformer: “Ozali na fievre wapi lokola mikolo?” (wapi="where”, wrong)
SeqToSeq: “Ozali nini banda mikolo?” (omits fievre—clinically unsafe)

5.7.3. Case Study 2: Medical Dialogue (Minor Error)

Source (FR): “Prenez ce médicament deux fois par jour apres les repas.”
Reference (LN): “Kamata nkisi oyo mbala mibale na mokolo nsima ya bilei.”
Full Pipeline: “Kamata nkisi oyo mbala mibale na mokolo nsima ya bilei.” v/
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Transformer: “Kamata nkisi oyo mbala mibale na mokolo na sima ya bilei.” (minor preposition)
SeqToSeq: “Kamata eloko oyo mbala mibale.” (omits “after meals”—medication safety risk)

5.7.4. Case Study 3: Biblical Text

Source (FR): “Car Dieu a tant aimé le monde qu’il a donné son Fils unique.”

Reference (LN): “Pamba te Nzambe alingaki mokili mingi, mpe apesaki Mwana na ye moko.”
Full Pipeline: “Pamba te Nzambe alingaki mokili mingi, mpe apesaki Mwana na ye moko.” v’
Transformer: “Pamba te Nzambe alingaki mingi mokili, mpe apesaki Mwana na ye.” (order error;
omits moko)

SeqToSeq:“Nzambe apesaki mwana mokili.” (most content lost)

The main failure modes of weaker models are: (i) lexical substitution with semantically
distant words, (ii) omission of critical content words in longer sentences, and (iii) word-
order errors due to structural divergence between French (prepositional SVO) and Lingala
(agglutinative SVO with postpositional elements).

6. Concluding Remarks and Future Directions

6.1. General Conclusions

We proposed a hybrid pipeline for bidirectional French-Lingala machine translation
combining LSTM, Transformer, BERT, and Whisper. The system handles both text-to-text
and voice-to-text translation, evaluated on domain-specific parallel corpora (religious
and medical). The full pipeline achieves a BLEU score of 55.4 (French— Lingala) and
58.2 (Lingala—French), outperforming Google Translate (+26.7 BLEU), Helsinki Opus-MT
(+44.1 BLEU), and a rule-based dictionary (+50.2 BLEU). The ASR module achieves WER
12.3% after fine-tuning vs. 18.7% for the baseline. These results demonstrate that domain-
specific fine-tuning of pre-trained multilingual models is a viable strategy for critically
under-resourced Bantu language MT.

6.2. Limitations

¢ Corpus size and domain: The corpus is restricted to the religious domain (38,172 pairs)
and a small medical vocabulary (1100 pairs). Models may not generalize to legal,
administrative, or conversational text.

. Dialectal coverage: Lingala exhibits significant regional variation (Kinshasa, Mban-
daka, Republic of Congo). The corpus does not systematically cover these variants;
dialectal handling, mentioned in earlier versions as a contribution, is correctly re-
framed here as future work.

¢ Code-switching: Urban Lingala speakers frequently mix French and Lingala within a
single utterance. The current system does not model this phenomenon.

*  Hardware constraints: Experiments were conducted on a consumer laptop (Core i5,
16 GB RAM), constraining model size and training duration.

e  Evaluation metrics: BLEU measures n-gram overlap and may underestimate seman-
tically correct paraphrases. Future work should add human evaluation and TER
(Translation Edit Rate).

e Unidirectional ASR: Only French speech input is currently supported; Lingala ASR
remains an open problem due to the absence of large-scale Lingala speech corpora.

*  Mixed data quality in medical corpus: A significant portion of the medical corpus
(48.9%) originates from Google Translate, which was manually verified but not profes-
sionally translated. This may introduce systematic errors in the medical domain.
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6.3. Perspectives

e Extend the corpus to legal, administrative, educational, and media domains. Incorpo-
rate spoken corpora with diverse accents and dialects.

e Develop explicit code-switching models and explore cross-lingual transfer from related
Bantu languages (Kikongo, Tshiluba) to improve Lingala coverage.

e Develop Lingala-specific linguistic resources: morphological analyzers, part-of-speech
taggers, and syntactic parsers. Combine translation models with TTS for fully multi-
modal pipelines.

*  Build offline mobile applications for rural areas with limited connectivity. Integrate
into healthcare and education systems. Collaborate with religious organizations for
liturgical translation tools.

*  Conduct human evaluation with native Lingala speakers to complement automatic
metrics and obtain domain-specific quality assessments.
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The following abbreviations are used in this manuscript:

ASR Automatic Speech Recognition

AUC  Area Under the Curve

BERT  Bidirectional Encoder Representations from Transformers
BLEU  Bilingual Evaluation Understudy

BPE Byte Pair Encoding

chrF Character n-gram F-score

CNN  Convolutional Neural Network

DRC  Democratic Republic of Congo

FR French
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GLUE General Language Understanding Evaluation
GNN  Graph Neural Network

GPT-3 Generative Pre-trained Transformer 3
LN Lingala

LSTM  Long Short-Term Memory

MT Machine Translation

NLP Natural Language Processing

NMT  Neural Machine Translation

RAM  Random Access Memory

RNN  Recurrent Neural Network

ROC  Receiver Operating Characteristic
TER Translation Edit Rate

TTS Text-to-Speech

VM Virtual Machine

WER Word Error Rate
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