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Abstract

Conversational agents for low-resource languages (LRLs), such as Igbo, face major challenges, including limited annotated data, code-switching,
and weak contextual coherence in multi-turn dialogue. This study proposes a multilevel-attention and hybrid-embedding framework that integrates
FastText subword representations with multilingual BERT (mBERT) to improve semantic understanding and context retention. The architecture
applies hierarchical attention at the word, utterance, and dialogue levels, enabling effective modeling of conversational dependencies and reducing
context drift. The model was evaluated on a curated Igbo—English conversational dataset and benchmarked against long short-term memory
(LSTM), Transformer, FastText, mnBERT, and XLM-R baselines. For response generation, the proposed framework achieved a bilingual evaluation
understudy (BLEU) score of 44.1%, a longest-common-subsequence recall-oriented understudy for gisting evaluation (ROUGE-L) score of 60.3%,
and a context-retention accuracy (CRA) of 81.5%. For intent classification, it attained an F1-score of 87.3% and an area under the receiver
operating characteristic curve (ROC-AUC) of 0.91; for context-dependency detection, it achieved an F1-score of 84.3%. The framework also
reduced inference latency and was robust to code-switching and noisy conversational input. Human evaluation confirmed improvements in
response clarity, cultural relevance, and multi-turn coherence. The findings show that hybrid embeddings combined with multilevel attention
provide an effective and scalable approach to conversational Al for LRLs, with potential applicability to other African languages.
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1. Introduction reasoning [2]. However, most of these developments have
been concentrated on high-resource languages [3] such as En-
glish [4], Mandarin, and Spanish [5], leaving many African lan-
guages including Igbo, significantly underrepresented in natural
language processing (NLP) research.

Low-resource languages (LRLs) face two interconnected
challenges in conversational Al [6]: the scarcity of annotated
datasets [7] and the lack of pretrained models fine-tuned for
~ *Corresponding Author Tel. No.: +2348068475798. their linguistic structures [8]. Igbo, a tonal and morphologi-

Email address: uzoarugc@clifforduni.edu.ng (Godson Chetachi cally rich language spoken by over 27 million people in Nige-
Uzoaru') ria and the diaspora, presents additional complexities such as

In recent years, conversational agents (chatbots) have
evolved from rule-based systems to highly sophisticated neu-
ral models powered by transformer architectures [1]. These
advancements have enabled chatbots to exhibit human-like
dialogue abilities, improved context retention, and adaptive
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code-switching between Igbo and English, morphological in-
flections, and limited digital presence [9]. These limitations re-
sult in poor dialogue relevance [10], incoherent responses, and
cultural inappropriateness when using state-of-the-art chatbots
originally trained on high-resource data [11].

Recent transformer-based models such as BERT, GPT-4,
XLM-R, and mT5 have demonstrated significant improvements
in contextual understanding and semantic alignment [12]. Nev-
ertheless, their direct application to Igbo suffers from weak
handling of out-of-vocabulary (OOV) words, insufficient cul-
tural grounding, and reduced performance in multi-turn con-
versations [13]. To address these gaps, research has explored
hybrid embedding strategies (e.g., combining FastText’s sub-
word modeling with BERT’s contextual encoding) and mul-
tilevel attention mechanisms that dynamically allocate focus
across word, sentence, and dialogue levels. These approaches
promise better semantic alignment, context retention, and ro-
bustness against linguistic variability in low-resource settings.

This study introduces a multilevel attention and hybrid em-
bedding framework for Igbo conversational agents. The model
integrates word-, utterance-, and dialogue-level attention with
combined FastText and mBERT embeddings to capture both
subword and contextual information. This design improves di-
alogue coherence, supports code-switching, and enhances cul-
tural relevance in low-resource settings without relying on large
annotated datasets.

The key contributions of this paper are summarized as fol-
lows:

e Model Framework: We introduce a multilevel attention
architecture integrated with hybrid embeddings (FastText
+ mBERT) to enhance contextual understanding, seman-
tic continuity, and out-of-vocabulary (OOV) handling in
Igbo conversational systems.

o System Implementation: We develop a functional end-to-
end chatbot prototype with an interactive interface, en-
abling real-time user interaction and practical evaluation.

e Comprehensive Evaluation: The proposed model is rig-
orously evaluated against multiple baselines (LSTM,
Transformer, FastText, mBERT, and XLM-R) using lin-
guistic, classification, and system-level metrics, includ-
ing BLEU, ROUGE-L, F1, CRA, and latency.

e Low-Resource NLP Advancement: The framework
is specifically designed for low-resource settings and
demonstrates adaptability to other African languages,
contributing to the development of inclusive and cultur-
ally aware conversational Al

The remainder of this paper is organized as follows: Sec-
tion 2 reviews related work on low-resource language NLP,
hybrid embeddings, and attention-based models. Section 3
presents the proposed methodology, including system architec-
ture, dataset design, and mathematical formulation. Section 4
describes the experimental setup, deployment evaluation, and
results. Section 5 discusses the findings, while Sections 6-8

outline the conclusion, limitations, and future work. The final
sections include data availability, acknowledgements, conflict
of interest statements, and references.

2. Literature review

2.1. Distributional semantics for low-resource languages

Distributional word representations such as Word2Vec,
GloVe, and FastText have been widely used in natural lan-
guage processing to capture semantic relationships between
words [14]. Word2Vec learns word representations based on
local context, while GloVe incorporates global co-occurrence
statistics [15]. FastText extends these approaches by modeling
subword information, making it particularly effective for mor-
phologically rich and low-resource languages [16].

In African low-resource languages, FastText has shown bet-
ter performance due to its ability to handle out-of-vocabulary
words and morphological variations [24]. However, these mod-
els generate static embeddings, meaning that word meanings
remain fixed regardless of context. This limitation reduces
their effectiveness in conversational systems, where meaning
depends on dialogue flow and user intent [14]. Table 1 sum-
marizes the core distributional models used in NLP and high-
lights their suitability for low-resource languages. It shows
that while Word2Vec and GloVe capture semantic relationships
effectively, they struggle with morphology and rare words,
whereas FastText provides better support for low-resource set-
tings due to its subword modeling capability.

2.2. Transformer models and contextual representation

Transformer-based models such as BERT, GPT, XLM-R,
and mT5 have significantly improved natural language under-
standing by introducing self-attention mechanisms that capture
contextual relationships [25]. Unlike static embeddings, these
models generate context-aware representations, allowing words
to adapt meaning based on surrounding text [16].

Multilingual models such as mBERT and XLM-R enable
cross-lingual transfer and have shown promising results in low-
resource scenarios. However, their effectiveness is limited
when applied to African languages due to insufficient train-
ing data, complex morphology, and frequent code-switching.
In conversational settings, these models may also struggle with
maintaining coherence across multiple dialogue turns.

Table 2 presents commonly used transformer-based models
and their performance characteristics in low-resource contexts.
Although these models provide strong contextual understand-
ing, their effectiveness is reduced in African languages due to
data scarcity, morphological complexity, and limited adaptation
to local linguistic features.

2.3. Hybrid embeddings and attention mechanisms

To overcome the limitations of both static and contextual
models, recent research has explored hybrid embedding ap-
proaches that combine subword-aware representations (e.g.,
FastText) with contextual embeddings (e.g., BERT or mBERT).
This combination aims to improve robustness in low-resource
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Table 1: Core distributional models for low-resource languages.
Core Suitability
Model . Strengths Limitations for low-resource Sources
Mechanism
languages
Word2Vec CBOW / Skip-gram  Efficient, captures lo- Poor OOV handling, Low [14]
cal semantics ignores morphology
GloVe Global co- Captures global rela- Weak on rare words Moderate [15]
occurrence matrix tionships and tonal variation
FastText Subword n-grams Handles morphology  Still static, lacks con- High [16]
and OOV effectively  textual adaptation
Table 2: Transformer models and limitations in low-resource contexts.
Key Limitations in Typical use
Model - Strengths low-resource Sources
capability cases
languages
BERT Bidirectional encod-  Strong contextualun- Limited cross-lingual Classification, named- [17]
ing derstanding generalization entity recognition
GPT Autoregressive gen- Fluent text genera- Data-intensive, weak Dialogue, text genera- [18]
eration tion in LRL adaptation tion
XLM-R Multilingual pre- Cross-lingual trans- Underperforms in Translation, NLU [19]
training fer tonal/morph-rich
languages
mT5 Text-to-text frame- Flexible across tasks  Requires large-scale Multilingual NLP [20]
work data
Table 3: Hybrid embedding and attention approaches.
Approach Description Strengths Limitations Application scope Sources
FastText + Combines subword Improves OOV and Limited dialogue in- Classification, named- [21]
BERT + contextual embed- semantic understand- tegration entity recognition
dings ing
Hierarchical ~Multi-level attention Captures long-range computationally ex- Document modeling [22]
Attention over text structure dependencies pensive
Hybrid + Fusion of embed- Better representation Rarely applied to General NLP tasks [23]
Attention dings with attention learning conversational  sys-
models layers tems

settings by capturing both morphological and contextual infor-
mation.

Similarly, attention mechanisms particularly hierarchical
and multilevel attention have been used to model relation-
ships at different levels of text, including word-level, sentence-
level, and document-level dependencies. These techniques have
shown strong performance in tasks such as text classification
and machine translation [27].

However, most existing studies apply hybrid embeddings
and attention mechanisms to isolated NLP tasks rather than in-
tegrating them into end-to-end conversational systems. As a
result, their effectiveness in multi-turn dialogue, context reten-
tion, and user interaction remains limited.

Table 3 outlines existing hybrid embedding and attention-
based approaches. It indicates that while combining embed-
dings and attention improves representation learning, most
prior work focuses on isolated NLP tasks and does not fully

address conversational or multi-turn dialogue scenarios.

2.4. Conversational Al in African low-resource languages

Conversational Al research in African languages such as
Igbo, Yorub4d, and Twi is still emerging. Existing systems are
largely limited to translation, speech processing, or basic intent
classification. Few studies address multi-turn dialogue, contex-
tual coherence, and cultural relevance.

These languages present unique challenges, including lim-
ited annotated datasets, tonal variations, morphological com-
plexity, and frequent code-switching with English. As a result,
models trained on high-resource languages often produce irrel-
evant or incoherent responses when applied directly to African
conversational contexts [28].

Table 4 highlights the major challenges affecting conver-
sational Al in African low-resource languages. These include
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data scarcity, morphological richness, tonal variation, and code-
switching, all of which contribute to reduced model perfor-
mance and poor dialogue quality.

2.5. Positioning and contribution of the proposed approach

While previous studies have explored hybrid embeddings
and attention mechanisms, their application to conversational
systems in African low-resource languages remains limited.
This study differs from existing work in several key ways.

First, it introduces a task-specific integration of FastText
and mBERT within a unified conversational architecture, rather
than applying these techniques to isolated NLP tasks. Second,
it employs multilevel attention tailored for dialogue modeling,
enabling the system to capture dependencies across word-level,
utterance-level, and conversation-level contexts.

Third, the framework is designed specifically for Igbo
conversational scenarios, addressing challenges such as code-
switching, morphological variation, and limited data availabil-
ity. Finally, the study provides a comprehensive evaluation
strategy, combining automatic metrics, error analysis, and hu-
man evaluation, along with a functional prototype for real-
world interaction.

Table 5 compares the proposed framework with closely re-
lated prior approaches. It shows that the main contribution of
this study lies in integrating hybrid embeddings and multilevel
attention within a unified conversational system, supported by
comprehensive evaluation and real-world applicability.

3. Methodology and model architecture

3.1. Overview of the framework

The proposed Igbo Conversational Agent (IgboCA) inte-
grates hybrid embeddings (FastText + mBERT) with a multi-
level attention mechanism to enhance dialogue relevance, con-
text retention, and code-switching handling in low-resource set-
tings. The model processes incoming user utterances through
four main stages:

i. Data Preprocessing — Tokenization, normalization, tone
marking, and code-switch detection.

ii. Hybrid Embedding Layer — Combination of FastText
subword embeddings and mBERT contextual embed-
dings.

iii. Multilevel Attention Mechanism — Sequential attention
layers for word, sentence, and utterance levels.

iv. Response Generation — Context-aware decoding using a
Transformer decoder.

Figure 1 illustrates the architecture of the proposed Multi-
level Attention Igbo Chatbot, designed to address the linguis-
tic and technical challenges of low-resource conversational Al.
The architecture integrates hybrid embeddings, hierarchical at-
tention mechanisms, and dialogue-level contextual memory to
ensure accurate semantic interpretation and coherent multi-turn
dialogues.

<)

Input Processing
Word-Level Attention

Dialogue Context
Memory

[ 4
82/
B
Hybrid Embedding
(FastText + mBERT)
Senken:e Encoder cantext Awars
Utterance Level Attention
Figure 1: Proposed system architecture for the multilevel-

attention Igbo chatbot.
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Figure 2: Hierarchical attention in dialogue processing.

The framework is optimized for the Igbo language, charac-
terized by tonal variations, agglutinative morphology, and fre-
quent code-switching with English. To meet these challenges,
the model applies mathematical optimization techniques that
improve semantic dependency modeling, context retention, and
response generation accuracy under low-resource constraints.

3.1.1. Application in Igbo conversational agents

The proposed Igbo chatbot applies multilevel attention
to dynamically track discourse flow and semantic alignment
across conversation layers. For instance, if a user says:

Turn 1: “T gara ah1a?” (Did you go to the market?)

Turn 2: “Ee, m zutara akwa.” (Yes, I bought some clothes.)
Turn 3: “Olee mgbe i rutere?” (When did you get home?)

A basic model may treat Turn 3 in isolation. However, hier-
archical attention allows the system to track "1 gara" (you went)
from Turn 1 and "zutara akwa" (bought clothes) in Turn 2, pro-
viding a coherent and logically consistent response in Turn 3.

Figure 2 illustrates the architecture used in the proposed
system. It begins with word-level attention, focusing on im-
portant tokens within an utterance [29]. These are processed
through a sentence encoder that structures the syntax and ag-
gregates intra-sentence meaning. At the next stage, utterance-
level attention identifies which prior sentences are most rele-
vant to the current user input [30]. The dialogue context mem-
ory captures conversational history and maintains cross-turn co-
herence. Finally, a response decoder generates fluent, context-
aware replies [31]. This layered design significantly enhances
the system’s ability to manage long-term dependencies, resolve
ambiguous references, and respond naturally in low-resource
language conversations.

3.1.2. Hybrid architecture integration
Table 6 shows that the hybrid FastText + mBERT ap-
proach outperforms all other embedding strategies for Igbo



Uzoaru et al. / J. Nig. Soc. Phys. Sci. 8 (2026) 3097 5

Table 4: Challenges in African low-resource conversational Al

Challenge

Description

Impact on
chatbots

Data scarcity
Morphological Complexity
Tonal Variation
Code-Switching
Cultural Context

Limited annotated corpora
Rich word formation and inflection
Meaning depends on tone
Mixing local languages with English
Language tied to local usage patterns

Poor model training and generalization
Incorrect tokenization and semantics
Misinterpretation of intent
Reduced contextual coherence
Inappropriate or irrelevant responses

Table 5: Comparative analysis of the proposed framework and existing hybrid-attention models.

Feature / aspect Prior hybrid NLP models

Proposed framework

Embedding strategy
Attention mechanism
Application domain
Language focus

hybrid (static + contextual)
General attention

General multilingual
Limited

Mostly automatic metrics
Model-level only

Code-switch handling
Evaluation
System implementation

Classification / machine translation

Hybrid (FastText + mBERT, task-specific)
Multilevel dialogue-aware attention

Conversational Al (multi-turn dialogue)

Igbo (framework designed for adaptation to other
African low-resource languages)

Explicitly considered

Automatic + human + error analysis

End-to-end conversational prototype

chatbot development, offering very high context awareness, ex-
cellent OOV handling, and the highest overall suitability, while
Word2Vec ranks lowest across all criteria.

3.1.3. Analysis of embedding performance

As shown in Figure 3, Word2Vec performs the weakest
across all dimensions due to its lack of subword modeling and
context encoding [32]. FastText improves OOV handling sig-
nificantly but falls short on context alignment in longer se-
quences [33]. mBERT, while strong in capturing syntactic [34]
and semantic relations, struggles with rare tokens [35], tone-
sensitive words [36], and low-resource code-switching con-
texts [37]. The hybrid approach which combines FastText’s
subword-level detail with mBERT’s deep contextual under-
standing achieves: Very high context sensitivity across long
and multi-turn utterances. Excellent robustness to unseen or
inflected words. Strong applicability in tonal, agglutinative,
and multilingual dialogue systems, this performance is shown
in Figure 3.

3.2. Dataset description and reproducibility
The dataset used in this study is composed of two comple-
mentary components:

a) large monolingual Igbo corpus for representation learn-
ing, and

b) a curated Igbo-English conversational dataset for dia-
logue modeling and evaluation.

This separation ensures methodological clarity and ad-
dresses reproducibility concerns by distinguishing between pre-
training data and task-specific conversational data.

It should be noted that the 383,449 monolingual Igbo sen-
tences were used solely for representation learning and em-
bedding construction, whereas the conversational modeling ex-
periments were conducted using the curated dataset of 21,000

Model Comparison on Key Linguistic Capabilities

mmm Context Awareness
00V Handling
= Suitability for Igho

»
o

~ w w
o ° n

N
°

Score (1-5)

15

0.5

0.0

Word2vec FastText BERT (mBERT)

Hybrid (FastText + mBERT)

Models

Figure 3: Model comparison on key linguistic capabilities.

Igbo—English dialogue pairs. All quantitative results reported
in Section 4 are based on the conversational dataset and its cor-
responding train, validation, and test partitions.

3.2.1. Data sources and composition

Table 7 presents diverse data sources combining formal text,
lexical resources, and conversational datasets, ensuring rich
language coverage and realistic dialogue modeling.

3.2.2. Conversational dataset structure

The conversational dataset consists of Igbo—English dia-
logue pairs derived from crowdsourced and manually con-
structed interactions (Table 8). The dataset captures realis-
tic conversational patterns, including multi-turn dialogue flow,
contextual dependencies, and code-switching behavior com-
monly observed in Igbho communication.

3.2.3. Data collection criteria and ethics
Data were included based on the following criteria:
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e Valid Igbo or Igbo—English linguistic content
e Natural conversational or informational structure

e Removal of duplicated, noisy, or incomplete entries

All crowdsourced data were collected with informed con-
sent, anonymized, and stripped of personally identifiable in-
formation. Public datasets were used in compliance with their
respective licenses, while copyrighted materials were either li-
censed or paraphrased.

3.2.4. Preprocessing pipeline

Table 9 outlines the preprocessing pipeline, including clean-
ing, normalization, diacritic restoration, subword tokenization,
and filtering, ensuring high-quality and consistent input for
model training.

3.2.5. Annotation schema and procedure

Annotation was conducted by two native Igbo experts fol-
lowing a predefined guideline. Inter-annotator agreement was
evaluated using Cohen’s kappa (x = 0.82), indicating strong
consistency as depicted in Table 10.

3.2.6. Dataset splitting strategy

The conversational dataset was partitioned into training,
validation, and test subsets using a stratified sampling approach
to ensure balanced representation of intents, linguistic features,
and dialogue structures as shown in Table 11.

3.2.7. Reproducibility and availability

To ensure reproducibility, the following resources are pro-
vided:

e Preprocessed conversational dataset (21,000 pairs)
e Monolingual corpus references and access instructions
e Annotation guidelines and label definitions

e Preprocessing and tokenization scripts

All materials are available in a public repository (see
Data Availability section) to enable independent validation and
reuse.

3.3. Optimization objectives

The proposed multilevel attention chatbot framework is de-
signed to achieve two core objectives: linguistic performance
and computational efficiency. These objectives guide the model
design to ensure accurate, context-aware dialogue generation
while maintaining efficient operation in low-resource environ-
ments.

3.3.1. Linguistic performance objectives

The computational component of the framework is designed
to improve low latency, memory efficiency, and scalable train-
ing, as illustrated in Figure 4. The model employs a lightweight
architecture to reduce inference time and support near real-time
response generation. Memory efficiency is achieved through
compact model representations and parameter-efficient opti-
mization, thereby minimizing computational overhead. In addi-
tion, the framework incorporates transfer learning and data aug-
mentation techniques to enable scalable training and maintain
robust performance despite the limited availability of annotated
Igbo language data.

As illustrated in Figure 4: Optimization Framework for
Multilevel Attention-Based Igbo Conversational Agent, the lin-
guistic component focuses on two key aspects: contextual con-
tinuity and hybrid embeddings.

The framework maintains contextual continuity across
multi-turn conversations by leveraging attention mechanisms
that capture dependencies between tokens, utterances, and di-
alogue history, thereby reducing contextual drift. In addi-
tion, hybrid embeddings combining FastText and mBERT are
employed to enhance semantic representation. FastText cap-
tures subword and morphological patterns, while mBERT pro-
vides contextual understanding. This integration enables effec-
tive handling of out-of-vocabulary words, tonal variations, and
Igbo—English code-switching, ensuring coherent and culturally
relevant responses.

3.3.2. Computational efficiency objectives

The computational component focuses on low latency,
memory efficiency, and scalable training, as shown in Figure 4.

The framework is optimized to achieve low inference la-
tency, enabling near real-time responses. Memory efficiency is
ensured through compact model representations and parameter-
efficient design, reducing computational overhead. Further-
more, scalable training is supported through transfer learning
and data augmentation strategies, allowing the model to per-
form effectively even with limited Igbo-specific data.

4. Mathematical formulation and implementation align-
ment

To ensure consistency between theory and implementation,
the proposed framework is formulated using unified notation,
and each component is explicitly mapped to its corresponding
module in the architecture.

4.1. Notation and input representation

Let a dialogue be represented as

D ={U,U,,...,Ur}, ey

where D denotes a dialogue session, U, represents the rth utter-
ance, and 7T is the total number of utterances. Each utterance
consists of a sequence of tokens:

Ut:{xl9-x2"'-sxn}' (2)
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Table 6: Comparison of embedding strategies for the Igbo language.
Embedding model Context awareness OOV handling  Suitability for Igbo
Word2Vec Low Poor Limited
FastText Moderate Good High
BERT (mBERT) High Moderate Moderate
Hybrid (FastText + mBERT) Very high Excellent Excellent
Table 7: Dataset sources and sizes.
Source Type Size Role Reference
BBC Igbo news Sentence corpus 3,190 sentences Formal language patterns [38]
Igbo Radio & Kaoditaa Lexical items 8,000 words Vocabulary enrichment -
IGBONLP + Literature Monolingual corpus 383,449 sentences Embedding training [37, 40]
(Ezeani et al., Tetal,
UloNche!)
Crowdsourcing & Forums Conversational data 12,600 dialogue pairs Real-world interactions [39]
Manually constructed dia- Multi-turn conversations 8,400 dialogue pairs Contextual control & An- -
logues notation
Optimization
Objectives
—_—
Linguistic Performance Computational Efficiency
S | | v . 2 i 4'_
| Contextual ; -
R H E Low Latenc Memory Efficienc
[ Continuity }_’L ybrid Embeddings ] y ry y
FastText + mBERT l
— ——+— Resource '
L FastText + mBERT \ L Optimization
——»  Scalable Training J
Figure 4: Optimization framework for the multilevel-attention-based Igbo conversational agent.
For each token x;, a hybrid embedding is constructed as 4.2. Word-level attention (token importance)
Given the embedding sequence E = {ey,es,...,e,}, the at-
L T _ 1),MBERT
€= + (1= De; ’ 3) tention weight for token i is computed as
where e/ ' is the FastText embedding, ¢"®RT is the mBERT T
contextual embedding, and A controls the contribution of each @ = exp(v tanh(We; + b)) 4)

embedding.

Py exp(vT tanh(We; + b))'
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Table 8: Conversational data characteristics.

Feature Value Unit
Total dialogue pairs 21,000 Dialogue pairs
Average turns per dialogue 34 Turns per dialogue
Total utterances (derived) 71,400 Turns
Context-dependent turns 17,850 Turns
Code-switched utterances 15,700 Utterances
Named entity mentions 10,000 Tokens
Proverbs/idioms 420 Instances

The sentence representation is then obtained as

5= Zn: a;e;, )
i=1

where a; denotes the attention weight and W, v, and b are train-
able parameters.

4.3. Sentence- and utterance-level attention

Let S = {s1,s,...,5,} represent sentence embeddings
within a dialogue. The utterance-level attention is computed
as

exp(qT tanh(W,s;, + bs))

B = . (6)
pIy exp(qT tanh(W,s; + bs)>

The dialogue representation becomes

u= Z,Bksk, @)
=l

where §; denotes the utterance attention weight and u represents
the contextual dialogue vector.

4.4. Dialogue-context memory

To preserve long-range conversational dependencies, the di-
alogue memory is updated recursively as

e =yu + (L =y)ei, ®)

where ¢; is the current dialogue context, c¢;—; is the previous
context state, and vy is the context-retention coefficient.

4.5. Response generation

The decoder predicts the response sequence as

N
PY | D)= [ | PO |y, ©)
t=1

where Y denotes the generated response and ¢, represents the
dialogue context. The model is trained using cross-entropy loss:

N
L=-)"y/log), (10)
=1

where y, is the true token andy; is the predicted probability.

5. Algorithmic implementation

Algorithm 1: Hybrid embedding integration
Input: Tokenized utterance U  QOutput: Hybrid embeddings E

for each token x in U:
eg = FastText(x)
eperr = MBERT(x)
e = Adeg + (1 — Deven
store ¢ in E

return E

Algorithm 2: Multilevel-attention encoding
Input: Hybrid embeddings E Output: Context vector ¢,

s = Attentionyeq(E)

S = SentenceEncoder(s)
u = Attentionygerance (S )
a=yu+ 1=y
return ¢,

Algorithm 3: Training pipeline
Input: Dialogue dataset D Output: Trained model parameters 6

initialize model parameters 6
for each dialogue D:
for each turnm #:
E = HybridEmbedding(U,)
¢, = MultilevelAttention(E, ¢,_1)
Yprea = Decoder(c;)
compute loss L
update 6 using the AdamW optimizer
return trained model

6. Evaluation results

This section presents the experimental setup, datasets, eval-
uation metrics, and results obtained from testing the multilevel
attention Igbo chatbot against baseline models. The evaluation
focused on dialogue coherence, context retention, intent recog-
nition accuracy, and handling of code-switching.

6.1. Experimental setup

The experimental design was structured to systematically
evaluate the proposed multilevel attention Igbo chatbot against
baseline architectures under controlled and reproducible con-
ditions. The goal was to ensure fairness in comparison, elim-
inate hardware bias, and produce replicable results for future
research.

6.1.1. Hardware and software environment

The implementation was carried out on a high-performance
computing (HPC) cluster with the configuration summarized in
Table 12.

This environment was selected to accommodate parallelized
training, large embedding models, and GPU-intensive attention
computations.
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Table 9: Preprocessing steps.

Step Description
Cleaning Removal of noise, duplicates, invalid text
Normalization UTF-8 encoding, orthographic consistency
Diacritic restoration Automatic + manual correction
Tokenization Subword segmentation (FastText, byte-pair encoding (BPE))
Filtering Removal of irrelevant/short utterances
Table 10: Annotation schema.
Category Labels
Intent Greeting, request, clarification, task, confirmation
Entities Person, location, object, time

Dialogue acts
Co-reference
Code-switching

Inform, request, respond
Pronoun-antecedent links
Igbo < English boundaries

Table 11: Data partitioning.

Split Size (pairs) Percentage
Training 14,700 70%
Validation 3,150 15%
Test 3,150 15%

6.1.2. Baseline models for comparison

To ensure a comprehensive and fair evaluation, the pro-
posed model was benchmarked against multiple baseline
architectures as shown in Table 13, including traditional,
embedding-based, and transformer-based models.

6.1.3. Baseline architecture implementation

To ensure a fair and reproducible comparison, all baseline
models were implemented within a comparable conversational
framework. FastText was used as the embedding layer and
coupled with a Bidirectional LSTM (BiLSTM) encoder and
an attention-based sequence decoder for response generation.
mBERT and XLM-R served as contextual encoders, each con-
nected to the same Transformer decoder architecture used in the
proposed framework. The standard Transformer baseline em-
ployed the conventional encoder—decoder architecture without
multilevel attention or hybrid embeddings. For classification
tasks, including intent recognition, context dependency detec-
tion, and code-switch identification, all models used an iden-
tical softmax classification layer and it is summarized in Ta-
ble 13. Furthermore, all baseline models were trained using
the same training, validation, and test splits, optimization set-
tings, decoding strategy, and evaluation protocol to ensure that
performance differences were attributable to the representation
learning methods rather than architectural or training inconsis-
tencies.

6.1.4. Baseline selection rationale

The baseline models were selected according to the objec-
tives of each evaluation task. Response generation was eval-
uated using LSTM Seq2Seq, FastText, Transformer, mBERT,

XLM-R, and the proposed model. For intent classification, the
same neural baselines were evaluated to provide a consistent
comparison across architectures. Context dependency detection
additionally included Logistic Regression as a conventional bi-
nary classification baseline. Human evaluation was performed
on all conversational models (LSTM, FastText, Transformer,
mBERT, XLM-R, and the proposed framework). This uni-
fied evaluation strategy ensures fair, comprehensive, and repro-
ducible comparison across the different experimental tasks.

6.1.5. Training configuration
Hyperparameters were tuned using Bayesian optimization
for optimal performance (Table 14).

6.1.6. Model architecture integration
The model integrates:

1. Hybrid embedding layer: FastText (subword-aware) +
mBERT (contextual embeddings).

2. Multilevel attention: Word-level — Sentence-level —
Dialogue-level.

3. Dialogue context memory: Tracks multi-turn interac-
tions.

4. Context-aware response generator: Generates coherent
and culturally relevant responses.

6.2. Context retention accuracy (CRA)

Context-retention accuracy (CRA) measures the ability of
the conversational model to correctly preserve and utilize rele-
vant contextual information across dialogue turns.

Formally, let a dialogue consist of T turns, where each turn
t depends on a set of contextual elements Ct = {cl,c2,...,cn}
derived from previous turns. Let C, denote the set of contextual
elements correctly captured by the model in its response.

CRA is defined as

, _
1 IC: N Cyl

CRA=— Y —L (11)
72 1c
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Table 12: Hardware and software environment.

Component Specification
GPU NVIDIA RTX 4090 (24 GB VRAM) x 4
CPU AMD EPYC 7742 64-Core Processor @ 2.25GHz
RAM 512 GB DDR4 ECC
Storage 8 TB NVMe SSD
0OS Ubuntu 22.04 LTS
Frameworks PyTorch 2.1, Hugging face transformers, SpaCy
Other tools CUDA 12.1, Python 3.10, tensorBoard, weights & Biases

Conversational dataset
Pretraining corpus
Embedding:

21,000 Igbo—English dialogue pairs
383,449 monolingual Igbo sentences
Hybrid (FastText + mBERT)

Table 13: Baseline models and characteristics.

10

Model Encoder / embedding Decoder / classifier Strengths Limitations
LSTM Seq2Seq BiLSTM encoder LSTM decoder Effective sequential Weak long-range context
modeling
FastText FastText embedding + Attention-based decoder Good OOV handling Static embeddings

BiLSTM encoder

Standard transformer = Transformer encoder Transformer decoder Strong contextual mod-

eling
mBERT mBERT encoder Transformer decoder Cross-lingual contextual
representations
XLM-R XLM-R encoder Transformer decoder Strong multilingual rep-
resentations
Proposed Hybrid  FastText + Transformer decoder + Excellent context reten-
mBERT +multilevel Dialogue memory tion
attention

Limited dialogue mem-
ory
High computational cost

Resource-intensive

Moderate computational
overhead

Table 14: Training configuration.

e Coreference links (e.g., pronouns referring to earlier

mentions)

Parameter Value

Batch size 32 e Dialogue state variables (e.g., topic, intent continuity)
Learning rate 2x107° .. , ,

Optimizer AdamW e Implicit context (e.g., previously asked questions)
Dropout rate 0.1 A model response is considered correct if it preserves and

Number of epochs 20 . . .
. . uses these elements appropriately in generating the next utter-
Early stopping patience 3

ance.

e where C;: Ground-truth contextual elements required at 6.2.2. Annotation protocol

turn ¢
logue samples:

e C,: Contextual elements correctly reflected in the model

output
contextual elements C,.
e |.|: Cardinality of the set 2.
each element is correctly retained.
CRA ranges from O to 1, where higher values indicate better 3. Each element is labeled as:

context retention.

o | (correctly retained)
6.2.1. Operational definition

In practice, contextual elements include:

o Entities (e.g., person, location) 4.
logues.

10

o 0 (not retained or incorrectly used)

CRA evaluation is performed using human-annotated dia-

1. For each dialogue turn, annotators identify the required

Model responses are examined to determine whether

CRA is computed per turn and averaged across all dia-
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6.3. User interface implementation

A functional web-based interface was developed to demon-
strate the usability of the proposed Igbo conversational agent
(IgboCA) as depicted in Figures 5, 6, and 7. The system sup-
ports Igbo-Igbo interaction for natural communication, with
an optional Igbo-English mode for bilingual use and code-
switching. Users can input messages, select response styles
(formal, general, casual), and receive context-aware responses
generated by the multilevel attention hybrid embedding model.
The interface provides a simple and intuitive platform for real-
time interaction, data collection, and evaluation.

IgboCA

USER

Settings
kedu maka ogo agum akwukwo gi?
Language

ot igha - Igho ~

Enwerem ogo mahadum.
Respanse Syle
USER ™

kedu ihe | na gu?
Formal General Casual

BOT

Anam agu banyere komputa. Cliar Chat

Figure 5: User interface for Igbo—Igbo conversational-agent
mode.

Figure 7 presents the analytics dashboard, which provides
an overview of chatbot performance and user interactions. It
includes key metrics such as user activity, performance indica-
tors (accuracy, latency, response quality), conversation insights,
and model monitoring statistics. This interface enables devel-
opers to track system behavior and refine the Igbo conversa-
tional agent for improved accuracy, cultural relevance, and user
experience.

6.3.1. Qualitative evaluation of dialogue responses

To complement the quantitative evaluation, representative
dialogue examples were selected from the test set to illustrate
the model's ability to maintain conversational context, han-
dle culturally grounded expressions, and process Igbo—English
code-switched inputs.

Example 1: Context Retention and Coreference Resolution

User: Ada gara ulo akwukwo taa?(Did Ada go to school
today?)

Chatbot: Ee, Ada gara ulo akwukwo n'ututu. (Yes, Ada
went to school this morning.)

User: O zutere Chidi ebe ahu? (Did she meet Chidi there?)

Chatbot: Ee, o zutere Chidi n’ulo akwukwo. (Yes, she met
Chidi at the school.)

User: Kedu ihe 0 gwara ya? (What did she tell him?)

Chatbot: Ada gwara Chidi banyere ule a ga-ede echi. (Ada
told Chidi about the examination that will be written tomorrow.)

11

11

In Figure 8, the chatbot correctly resolves the pronouns o
and ya by linking them to Ada and Chidi, respectively. This
demonstrates effective context retention and coreference reso-
lution across multiple dialogue turns.

Example 2: Cultural Appropriateness

User: Kedu ka m ga-esi kelee ndi okenye n'ulo ?(How should
I greet elders at home?)

Chatbot: I nwere ike 1s1, “Ututu oma” ma o bu “Ndeewo.”
N’omenala Igbo, a na-egosi nkwanye ugwu site n’iji okwu oma
na omume oma kelee ndi okenye. (You can say, “Good morn-
ing” or “Hello.” In Igbo culture, respect is shown by using po-
lite greetings and good manners when greeting elders.)

User: Gini mere nke a ji di mkpa?(Why is this important?)

Chatbot: Nkwanye ugwu bu akuku di mkpa nke omenala
Igbo ma na-enyere aka iwulite mmekorita oma n’etiti ndi
mmaduy. (Respect is an important part of Igbo culture and helps
build good relationships among people.)

The response in Figure 9 incorporates culturally relevant
norms and explanations rather than providing a generic greet-
ing. This indicates the model's ability to generate contextually
appropriate and culturally grounded responses.

Example 3: Igbo—English code-switch handling

User: Biko, can you help m download ngwa ahu?(Please,
can you help me download that application?)

Chatbot: Ee. [ nwere ike 1ga na Play Store ma o bu App
Store, choo ngwa ahu, wee pra “Download.” (Yes. You can go
to the Play Store or App Store, search for the application, and
click “Download.”)

User: O ga-aru work offline ?(Will it work offline?)

Chatbot: Dabere na udi ngwa ahu, ufodu udr nwere ike 1ru
offline, ebe ufodu ga-acho internet connection. (Depending on
the type of application, some versions can work offline, while
others require an internet connection.)

In Figure 10, the chatbot successfully interprets mixed-
language utterances containing both Igbo and English lexical
items. This demonstrates robustness in handling code-switched
conversations commonly observed among bilingual Igbo speak-
ers.

6.4. Role of the interface in evaluation

The interactive interface served as the primary testing
ground for real-world assessment of the chatbot. It enabled
participants to engage in free-flowing dialogues, allowing eval-
uation of conversational relevance, context retention, and natu-
ralness. Metrics such as BLEU, ROUGE-L, perplexity, and la-
tency were computed using logs from these interactions, while
qualitative feedback guided model refinement.

6.5. Deployment and system-level evaluation

The model was deployed within the same controlled envi-
ronment described in Section 4.1, with additional simulation of
resource-constrained conditions to approximate real-world us-
age scenarios. Specifically, inference was evaluated under both
high-performance GPU settings and CPU-only configurations
to assess portability. The deployment results are summarized in
Figures 11, 12, and 13.



Uzoaru et al. / J. Nig. Soc. Phys. Sci. 8 (2026) 3097

IgboCA

BOT

Ndewo! Kedu ka | mere?

BOT

How's your day?

USER

Hello

USER

I'm good.

USER

ubochi di ezigho mma.

Type your message...

Settings

Language

Igbo - English >

Response style

| |
Formal General Casual

Clear Chat

Figure 6: User interface for Igbo—English conversational-agent mode.

IgboCA

Analytics Dashboard

Admin Panel

Total Conversations Conversations
Overview

1,243 I

User Satisfaction Top Users
Chinedu
Ngozi
[feanyi
Obi

320
215
198
175

Settings

Language

[Igbo - English v

Response style

Formal General Casual
Clear Chat

Figure 7: Analytics dashboard/admin panel.

The deployment experiments evaluated the end-to-end re-
sponse latency of the proposed conversational agent under re-

12

12

alistic operating conditions. Unlike model benchmarking, this
evaluation included preprocessing, tokenization, hybrid embed-
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IgboCA

Settings

‘Ada gara vlo akwukwo taa?
Language

Igbo - Igbo. E

Response Style

Ee, Ada gara ylo akwykv n'ytuty.
User " 1

@I Formal  General  Casual

Clear Chat
Ee, o zutere Chidi n'ulo akwuikwo.

Kedu ihe o gwara ya?

‘Ada gwara Chidi banyere ule a ga-ede echi

Figure 8: Context retention and coreference-resolution exam-
ple.

Settings
Kedu ka m ga-es kelee ndi okenye nuig?

Language

Igbo - 0

| nwere ke i, “Ututy oma* ma o by “Ndoewo. Nomanala 9bo, 3 na-egosi nkwarye ugwu e i okw oma na
omume om keize nd okeye. Responss Sty

. ]
Formal  General  Casual
Gini mere ke 2 i i mkpa?
Clear Chat

Nkwanye ugwu by akuky d] mkpa nike omenala Igbo ma na-enyere aka iwulite mmekorita oma n'etiti nd] mmady.

Figure 9: Cultural-appropriateness example.

IgboCA

Settings

Biko, can you help m download ngwa ahy?
Language
so1

Igbo - Igbo ~
Ee. I nwere ike iga na Play Store ma o bu App Store,
choo ngwa ahu, wee pia “Download".
Response Style
n

USER Formal General Casual

0 ga-ary work offline?
Clear Chat
so1

Dabere na udj ngwa ahu, ufodu oru nwere ike iry offline,
ebe ufodu ga-acho internet connection.

Figure 10: Igbo—English code-switch-handling example.

ding generation, contextual memory retrieval, neural inference,
response decoding, and user interface rendering. Training was
performed on an HPC cluster with four NVIDIA RTX 4090
GPUs, while deployment latency was measured on a worksta-
tion equipped with an NVIDIA RTX A6000 GPU. The pro-
posed framework achieved an average response latency of 1.5
+ 0.42 s, compared with 2.4 s in a CPU-only environment and
3.2 s under mobile device simulation. These values represent
end-to-end user-perceived latency rather than neural inference
time alone, demonstrating the framework's suitability for real-
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Latency Across Deployment Environments
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Figure 11: Latency across deployment environments.
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Figure 12: Throughput across deployment environments.
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Figure 13: Memory usage across deployment environments.

time conversational applications.
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Table 15: Participant and task design.

Aspect Description
Participants 30 native Igbo speakers (18—45 years)
Tasks 10 dialogue tasks per participant
Scenarios Greeting, information queries, multi-turn

dialogue, code-switching

Scale 5-point Likert (1-5)
Table 16: Evaluation criteria.

Criterion Description

Response clarity
Cultural sensitivity
Multi-turn coherence
Code-switch handling
Overall satisfaction

Fluency and understandability
Appropriateness to Igbo context
Context retention across turns
Igbo—English mixing accuracy
Overall user experience

6.5.1. Human-evaluation methodology and validation

A structured human evaluation was conducted to assess
conversational quality under controlled conditions (Tables 15
and 16).

Evaluation procedure. Model outputs (LSTM, FastText,
Transformer, mBERT, XLM-R, Proposed) were randomized
and anonymized, and participants evaluated responses in a
blinded setting. Response order was randomized to minimize
bias.

Reliability and statistical validation.

o Inter-annotator agreement: Cohen’s k = 0.81, indicating
strong agreement

o Statistical test: Paired t-test (p < 0.05) confirming sta-
tistically significant differences between the proposed
model and the baseline models across the evaluated per-
formance metrics.

6.6. Results and discussion

The results presented in this section correspond to the eval-
uation tasks described in Section 4.1.2.2, namely response gen-
eration, intent classification, and binary classification (context
dependency detection). Each task is evaluated using its respec-
tive metrics and protocols.

6.6.1. Response-generation results

The results in Figure 14 show a steady improvement
across models, with LSTM Seq2Seq achieving 31.2% BLEU,
44.5% ROUGE-L, and 58.2% CRA, increasing through Fast-
Text, Transformer, mBERT, and XLM-R, while the proposed
model attains the highest performance at 44.1% BLEU, 60.3%
ROUGE-L, and 81.5% CRA.

14

14

Comparison of BLEU, ROUGE-L, and CRA Across Models

m—BLEU (%)
80 mmm ROUGE-L (%)
- CRA (%)

Transformer
Models

mMBERT

Figure 14: Comparison of BLEU, ROUGE-L, and CRA across
models.

I Accuracy W Precision B Recall I Fl-score
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Performance (%)
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FastText LSTM Transformer mBERT XLM-R

Models

Proposed

Figure 15: Classification-metric comparison across models.

6.6.2. Intent-classification results

The results for intent classification are evaluated using Ac-
curacy, Precision, Recall, F1-score, and ROC-AUC.

Figure 15 compares the intent classification performance
of the evaluated models using Accuracy, Precision, Recall,
and Fl-score. Results in Figure 15 show a steady im-
provement from FastText to LSTM, followed by Transformer,
mBERT, XLM-R, and the Proposed model, with each suc-
cessive model achieving higher performance across all evalu-
ation metrics. The proposed framework consistently records
the highest scores, attaining 88.7% Accuracy, 87.9% Precision,
86.8% Recall, and 87.3% F1-score. These findings demonstrate
that the proposed framework provides superior contextual un-
derstanding and intent discrimination, confirming the effective-
ness of integrating hybrid embeddings with advanced attention
mechanisms for conversational Al in low-resource languages.

Figure 16 presents the receiver operating characteristic
(ROC) curves for intent classification across the evaluated mod-
els. All models perform above the random baseline (AUC =
0.50), demonstrating effective discriminative capability. The
results show a progressive improvement from FastText (AUC
= 0.75) through LSTM (AUC = 0.79), Transformer (AUC =
0.82), mBERT (AUC = 0.86), and XLM-R (AUC = 0.88), with
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Figure 16: ROC-curve comparison across models.
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Figure 17: AUC comparison across models.

the Proposed model achieving the highest AUC of 0.91. This
indicates that the proposed framework provides the strongest
ability to distinguish between intent classes, confirming its su-
perior classification performance and contextual understanding
for conversational Al in low-resource African languages.

Figure 17 compares the area under the ROC curve (AUC)
for the evaluated intent classification models. The results indi-
cate a steady improvement in discriminative performance from
FastText (AUC = 0.75) through LSTM (AUC = 0.79), Trans-
former (AUC = 0.82), mBERT (AUC = 0.86), and XLM-R
(AUC = 0.88). The Proposed model achieves the highest AUC
of 0.91, demonstrating the strongest ability to distinguish be-
tween intent classes. These findings further confirm the effec-
tiveness of the proposed framework in enhancing intent recog-
nition and contextual understanding for conversational Al in
low-resource African languages.

Figure 18(a—f) present the confusion matrices for the six
evaluated models using the standardized intent categories of
greeting, request, clarification, task, and confirmation. Fig-
ure 18(a) (LSTM) exhibits the highest level of misclassifi-
cation, particularly between the request and clarification in-
tent classes, indicating limited contextual understanding. Fig-
ure 18(b) (FastText) reduces these classification errors through
its subword representation capability, leading to improved in-

15

15

tent recognition. Figure 18(c) (Transformer) further enhances
performance by effectively capturing long-range contextual
dependencies, resulting in stronger diagonal dominance and
fewer misclassifications. Figure 18(d) (mBERT) demonstrates
improved contextual representation through multilingual pre-
training, yielding higher classification accuracy across all intent
categories. Figure 18(e) (XLM-R) achieves better discrimina-
tion than mBERT, reflecting its enhanced multilingual seman-
tic modeling capabilities. Finally, Figure 18(f) (Proposed hy-
brid FastText-mBERT with multilevel attention) produces the
strongest diagonal dominance and the fewest off-diagonal er-
rors, indicating superior classification performance. These re-
sults demonstrate that the proposed framework effectively dis-
tinguishes among the five standardized intent classes and signif-
icantly improves intent recognition and contextual understand-
ing for conversational Al in low-resource languages.

6.6.3. Binary-classification results (context-dependency detec-
tion)

Figure 19 presents binary classification (context depen-
dency detection) performance across the evaluated models. The
results in Figure 19 demonstrate a consistent improvement from
Logistic Regression through FastText, Transformer, mBERT,
and XLM-R, with the Proposed model achieving the highest
Accuracy (85.6%), Precision (84.8%), Recall (83.9%), and F1-
score (84.3%). This indicates that the proposed framework pro-
vides superior context dependency detection and contextual un-
derstanding for low-resource conversational Al systems.

6.6.4. Human-evaluation results

Figure 20 presents the human evaluation results of the con-
versational models across five quality attributes: response clar-
ity, Cultural Sensitivity, multi-turn coherence, code-switch han-
dling, and Overall Satisfaction. The radar chart shows a pro-
gressive improvement in conversational quality from LSTM
through FastText, Transformer, mBERT, and XLM-R, with
the Proposed model consistently achieving the highest ratings
across all evaluation criteria. The Proposed model received
the highest user ratings, scoring 4.7 in response clarity, 4.6 in
Cultural Sensitivity, 4.8 in multi-turn coherence, 4.9 in code-
switch handling, and 4.6 in overall satisfaction. These findings
demonstrate that the proposed framework generates more co-
herent, context-aware, culturally appropriate, and natural con-
versational responses than the baseline models, confirming its
superior conversational quality for low-resource African lan-
guages.

6.7. Statistical significance, CRA definition, and additional
analyses

6.7.1. Statistical significance testing

To verify that the observed improvements were statistically
significant, different tests were applied according to the eval-
uation task. Paired bootstrap resampling (1,000 samples) was
used for the response generation metrics (BLEU and ROUGE-
L), while a paired t-test was employed for the classification
metrics (Accuracy, Precision, Recall, F1-score, ROC-AUC, and
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Figure 18: Intent-classification performance across models.
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Figure 19: Binary-classification performance across models.

CRA) using dialogue-level scores. A significance threshold of
p < 0.05 was adopted throughout the study. The resulting p-
values, presented in Table 17, confirm that the proposed model
significantly outperformed the baseline models across the eval-
uated tasks.

The observed improvements were statistically significant
(p < 0.05), confirming that the performance gains are unlikely
to have occurred by chance as shown in Table 17.

6.7.2. Context retention accuracy (CRA) analysis
context-retention accuracy (CRA), as defined in Sec-
tion 6.2, was used to evaluate the ability of each model to
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Code-Switch.

Satisfaction

Figure 20: Human-evaluation comparison across models.

preserve relevant contextual information across dialogue turns.
The CRA values reported in this section were computed us-
ing the same definition and annotation protocol described pre-
viously and were subsequently used for the statistical analyses.

Worked Example

Context:

User: Ada gara Aba. Kedu ebe o gara?

Gold Response: O gara Aba.
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Table 17: Statistical significance test results.

Metric LSTM  FastText Transformer mBERT XLM-R
BLEU (p-value) <0.001 < 0.001 0.002 0.011 0.018
ROUGE-L (p-value) < 0.001 < 0.001 0.004 0.013 0.021
F1 (p-value) <0.001 < 0.001 0.001 0.009 0.015
CRA (p-value) <0.001 <0.001 0.001 0.007 0.012
Model Response: O gara Enugu.
Ground-truth contextual elements:
Greet 0.00 0.01 0.02
G = {Ada — o, Location=Aba},
Model-retained elements:
Ask Info 4
M = {Ada — o}, -
Therefore, the CRA is computed as § Travel{ 001
1 =
CRA = - =0.50. (12)
2 _
.. . . . Complainq 000
indicating that only 50% of the required contextual infor-
mation was preserved.
firm 4  0.02
6.7.3. Confusion-matrix analysis confirm
Figure 21 presents the normalized confusion matrix for the N S N <
proposed intent recognition model using the standardized in- O&E’ ‘}\3\‘ ,\‘;s"‘e' 6&@\ 0<§<(°
tent classes of greeting, request, clarification, task, and con- ¥ & C

firmation. The strong diagonal values (> 0.90) indicate high
classification accuracy, with only minor confusion between the
closely related request and clarification classes. These results
demonstrate the effectiveness of the proposed model in accu-
rately recognizing user intents in low-resource conversational
Al

6.7.4. Precision—recall and FI analysis

To complement ROC, we report macro-averaged Precision,
Recall, and F1:

e Proposed: Precision = 87.9%, Recall = 86.8%, F1 =
87.3%

e Compared with the Transformer baseline, the proposed
framework achieved relative improvements ranging from
10.0% to 13.1% across the evaluated classification met-
rics.

Higher recall indicates better coverage of diverse intent ex-
pressions; balanced precision confirms low false positives.

6.7.5. Error-analysis summary

Figure 22 shows that the proposed model significantly re-
duces all error types compared to the Transformer, achieving
over 50% reduction across categories, with the highest im-
provements observed in code-switch failure (60.9%) and con-
text drift (59.0%).

Additional detailed evaluation results, statistical analyses,
human evaluation scores, and supplementary performance met-
rics are provided in Appendix A for completeness and repro-
ducibility.
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Predicted label

Figure 21: Confusion matrix for intent classification (normal-
ized).

7. Discussion

The superior performance of the proposed model is pri-
marily driven by the complementary interaction between hy-
brid embeddings and multilevel attention. FastText contributes
robust subword modeling, enabling effective handling of Igbo
morphology and out-of-vocabulary words, while mBERT pro-
vides deep contextual representations. When combined, these
embeddings reduce semantic ambiguity and improve response
relevance. In addition, the multilevel attention mechanism ex-
plicitly models dependencies across word, sentence, and dia-
logue levels, which explains the observed reduction in context
drift and the consistent gains in BLEU, ROUGE-L, F1, and
CRA. The improvements over baseline models are therefore not
only quantitative but structural: unlike standard Transformer or
mBERT-only approaches, the proposed framework maintains
cross-turn contextual continuity, leading to better intent dis-
crimination and more coherent multi-turn responses. This is re-
flected in stronger confusion matrix diagonals and higher clas-
sification metrics.

Beyond Igbo, the framework is scalable to other African
low-resource languages such as Yorubd, Hausa, and Swabhili.
However, adaptation requires language-specific preprocess-
ing (e.g., tone marking for Yorub4, dialect normalization for
Hausa), updated lexical resources, and additional fine-tuning
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Figure 22: Error reduction across models.

data to capture local linguistic patterns and code-switching be-
havior. From a broader perspective, the study also highlights
the importance of responsible and sustainable Al development
for low-resource settings. Ethical data collection, anonymiza-
tion, and cultural sensitivity are critical to ensuring that con-
versational systems remain inclusive and contextually appro-
priate. Furthermore, the use of hybrid embeddings provides a
resource-efficient alternative to large-scale models, making de-
ployment more feasible in constrained environments.

Finally, human evaluation results reinforce the practical im-
pact of the approach, with higher scores in clarity, cultural
relevance, and coherence. The strong inter-annotator agree-
ment and statistical significance further support the reliability
of these findings, demonstrating that the improvements trans-
late into a better user experience in real-world conversational
scenarios.

8. Conclusion

This paper presented a multilevel attention—based hybrid
embedding framework for Igbo conversational agents, de-
signed to enhance dialogue relevance, coherence, and con-
textual understanding in low-resource language settings. The
proposed architecture integrates FastText and mBERT embed-
dings to combine robust subword modeling with deep con-
textual representations, effectively addressing challenges such
as code-switching, sparse training data, and contextual ambi-
guity. The model employs hierarchical attention mechanisms

18

word-level, sentence-level, utterance-level, and dialogue-level
memory to retain semantic dependencies over extended con-
versations. This layered attention strategy ensures improved
topic continuity, reduced loss of contextual information, and
enhanced intent recognition accuracy.

Furthermore, a stochastic-optimization-driven training ap-
proach was implemented to fine-tune the hybrid embedding
space, ensuring optimal balance between contextual richness
and computational efficiency. The evaluation results, bench-
marked against LSTM, FastText, Transformer, mBERT, and
XLM-R baselines, show that the proposed system consistently
outperforms existing models across BLEU, ROUGE-L, Fl1,
CRA, and AUC metrics. In addition to quantitative gains, qual-
itative analysis reveals that the model produces more cultur-
ally relevant, code-switch aware, and semantically coherent re-
sponses, making it highly suitable for deployment in real-world
Igbo conversational platforms. The outcomes of this research
demonstrate that the architecture offers a scalable, accurate, and
context-sensitive solution for conversational Al in underrep-
resented languages, paving the way for broader low-resource
NLP adoption.

9. Limitations

Despite strong performance, several limitations remain.
The model occasionally struggles with rare idiomatic expres-
sions and highly ambiguous context in long dialogue se-
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quences. Additionally, the computational requirements, partic-
ularly memory usage, may limit deployment on low-power or
edge devices.

The evaluation, while comprehensive, is conducted under
controlled conditions, and large-scale real-world deployment
scenarios with high concurrency were not fully explored.

10. Future work

Future research will focus on optimizing the model for
lightweight deployment, including model compression and
edge-device compatibility. Expanding the dataset to include
more diverse conversational patterns and idiomatic expressions
will further improve robustness.

Additionally, integrating reinforcement learning from user
feedback and exploring more advanced multilingual models
such as mT5 or LLaMA-based architectures could enhance per-
formance. The framework can also be extended to other African
low-resource languages, supporting broader adoption of inclu-
sive conversational Al
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11. Supplementary evaluation metrics

11.1. Extended response-generation results

The latency values reported in Table Al represent the core
neural inference time measured under controlled benchmarking
conditions after data preprocessing and loading had been com-
pleted. Consequently, these values differ from those reported
in Section 4.5, which represent end-to-end deployment latency,
including preprocessing, contextual memory management, re-
sponse generation, and user interface overhead. The two mea-
surements evaluate different aspects of system performance and
should therefore not be compared directly.

11.2. Detailed intent-classification results

The detailed intent-classification metrics are reported in Ta-
ble A2.

11.3. Binary-classification results

The context-dependency detection results are reported in
Table A3.

11.4. Human-evaluation results

The complete human-evaluation scores are reported in Ta-
ble A4.

11.5. Statistical significance testing

The full significance-test results are reported in Table AS.

11.6. Error-analysis summary

The error-reduction summary is reported in Table A6.

This appendix provides extended quantitative results, de-
tailed classification metrics, human evaluation outcomes, sta-
tistical significance analyses, and error analysis summaries that
complement the main results presented in Section 4.
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Table Al: Detailed response-generation performance

Model BLEU (%) ROUGE-L(%) CRA (%) Perplexity Inference Latency (ms)
LSTM Seq2Seq 31.2 44.5 58.2 42.8 120
FastText 34.1 47.3 60.7 39.5 110
Standard Transformer 37.4 52.1 67.4 35.2 120
mBERT 40.2 54.8 70.5 324 115
XLM-R 42.0 57.3 74.1 30.6 105
Proposed Model 44.1 60.3 81.5 27.8 95
Table A2: Intent-classification metrics
Model Accuracy (%) Precision (%) Recall (%) F1 Score (%) ROC-AUC
FastText 71.5 70.2 69.8 70.0 0.75
LSTM 75.2 74.0 73.5 73.8 0.79
Transformer 78.4 77.3 76.9 77.1 0.82
mBERT 81.6 80.5 80.1 80.3 0.86
XLM-R 84.2 83.1 82.8 82.9 0.88
Proposed model 88.7 87.9 86.8 87.3 0.91

Table A3: Context-dependency detection performance.

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)
Logistic regression 65.3 64.1 63.5 63.8
FastText 70.2 69.1 68.4 68.7
Transformer 76.0 74.8 74.1 74.4
mBERT 80.3 79.1 78.5 78.8
XLM-R 82.6 81.7 81.0 81.3
Proposed model 85.6 84.8 83.9 84.3

Table A4: Human-evaluation scores (5-point Likert scale).

Attribute LSTM FastText Transformer mBERT XLM-R Proposed
Response clarity 3.2 3.6 39 4.2 44 4.7
Cultural sensitivity 2.9 34 35 4.0 4.2 4.6
Multi-turn coherence 3.1 3.8 4.0 4.3 4.5 4.8
Code-switch handling 3.3 4.0 4.1 4.4 4.6 4.9
Overall satisfaction 3.0 3.6 3.8 4.2 44 4.6

Table AS: Statistical significance of the proposed model against baselines.

Metric LSTM  FastText Transformer mBERT XLM-R
BLEU (p-value) <0.001 <0.001 0.002 0.011 0.018
ROUGE-L (p-value) < 0.001 < 0.001 0.004 0.013 0.021
F1 (p-value) <0.001 <0.001 0.001 0.009 0.015
CRA (p-value) <0.001 <0.001 0.001 0.007 0.012

Table A6: Error reduction achieved by the proposed model relative to the transformer.

Error category Reduction (%)
Intent misclassification 53.1
Context drift 59.0
Irrelevant responses 57.7
Code-switch failure 60.9
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