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PAPER

Developing a Chatbot for Soft Skills Education: 
Comparing ReLU-LSTM and GloAT-Transformer Models

ABSTRACT
Recently, soft skills, such as communication, teamwork, and problem-solving, have become 
more important in higher education. In Moroccan universities, fostering these skills is essential 
to better prepare students for the demands of the job market and modern work environments. 
However, traditional educational methods often lack interactive and personalized approaches 
to develop these competencies. This led us to develop a conversational AI system to support 
soft skills learning through intent classification using natural language processing (NLP) and 
neural networks (NN). Two deep learning models were developed and evaluated; a ReLU-
Enhanced long short-term memory (LSTM), optimized for stable sequential processing, and a 
GloAT-Transformer model leveraging global self-attention to capture contextual relationships.

KEYWORDS
artificial intelligence (AI), deep learning, natural language processing (NLP), chatbots, education, 
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1	 INTRODUCTION

Conversational artificial intelligence (AI) bots represent a significant advance-
ment in information technology, designed to enhance user interaction by simplifying 
communication between services and end-users through chat interfaces. These bots 
use natural language processing (NLP) to understand user queries. They can provide 
text-based answers or perform actions such as booking flights or checking emails. 
Industries such as customer service and banking are increasingly adopting this tech-
nology to streamline operations and improve user experience [1, 2].

In the educational sector, chatbots hold immense potential as virtual assistants 
supporting academic and administrative activities from students and staff alike. In 
the Moroccan higher education context, the National Pact for Higher Education 
Acceleration (PACTE ESR 2030) emphasizes the digitalization of learning and the rein-
forcement of soft skills [38]. However, Moroccan universities face structural and peda-
gogical challenges, including large and heterogeneous class sizes, multilingual learning 
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environments (Arabic, French, and English), and limited opportunities for individual-
ized learner support. These constraints hinder effective soft skills development.

The massive influx of students increases student-to-teacher ratios, reinforcing the 
need for scalable and adaptive educational solutions. The integration of AI-based 
tools becomes particularly relevant for enhancing student engagement and support-
ing personalized learning pathways (see Figure 1). This study addresses this gap by 
providing an automated, scalable, retrieval-based chatbot solution tailored to the 
informational and pedagogical needs of Moroccan university students.

Artificial intelligence replicates human-like intelligence, including learning, rea-
soning, and understanding natural language. The journey of AI began in the 1950s 
with early programs such as ELIZA, which simulated human conversation. Over the 
decades, advances have led to sophisticated chatbots capable of handling complex que-
ries across various domains including healthcare, consumer services, and education [3].

Fig. 1. Benefits of AI in personalized learning

The use of intelligent chatbot systems, often based on frameworks such as infor-
mation technology infrastructure library (ITIL), is increasingly being explored to 
improve information technology governance in universities [35].

The development of a conversational agent capable of supporting the learning 
of soft skills represents a complex engineering challenge, the first crucial step of 
which is intention modeling. We consider intention to be the generation of a seman-
tic label that determines the final response. The goal of our research is to identify the 
most effective neural network (NN) architecture for mapping a textual query to this 
semantic label, thereby conditioning the retrieval of an appropriate response from 
a structured knowledge base.

The specific contributions of this article are structures as follows:

•	 Conceptualization and implementation of an intent classification system 
for a conversational agent providing information on soft skills, based on a 
retrieval-based architecture.

•	 Conducting an empirical comparative analysis between two deep NN 
architectures—a standard LSTM model and a Transformer model—to evaluate 
their respective effectiveness in the task of intent classification.

•	 Critical discussion and perspective on the methodological challenges inherent in 
the use of small, domain-specific datasets in the context of deep learning applied 
to education.

https://online-journals.org/index.php/i-jim
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The rest of the paper is structured as follows: Section 2 analyzes the existing 
approaches for building chatbots, highlighting their role in the education sector, 
with a focus on various deep learning and NLP architectures applied to the question- 
answering task. Sections 3 and 4 present the proposed system architecture and 
interpret the experimental results. Section 5 concludes the paper by summarizing 
key findings and potential future work.

2	 RELATED WORK

This section provides an overview of the current state of the various types of chat-
bots and their applications, focusing on their taxonomy, their deployment in field 
of education. It distinguishes between open-domain and closed-domain chatbots. 
Adding to that, the section discusses the potential of LSTM and transformer models 
for revolutionizing education through personalized learning, homework assistance, 
language learning, research support, and virtual mentoring.

2.1	 Taxonomy and application domains of chatbots

Conversational AI aims to create agents that converse such as humans. This 
means the generation of responses that sound natural, it also needs to ensure that 
such responses are informative and relevant to whatever the user has queried 
about. According to [6], the answers should be grounded in external knowledge to 
ensure accurate and contextually appropriate information. In addition to natural-
ness, conversational AI has to execute some degree of control over its generated out-
puts. This includes maintaining a certain style or tone throughout the responses. The 
effect of controlled style in communication will be important, particularly in areas 
related to customer care where consistency in the voice of brands is imperative.

Conversational AI systems must be capable of two things: understanding the 
user input—key questions or statements—and responding appropriately. This is 
deeper than just keyword recognition, it requires an understanding of language, 
context, and user intent. According to [7], the model should understand conversa-
tional history to engage in efficient multi-turn dialogue. That means the system has 
to remember previous utterances in a conversation so that its responses are coher-
ent and contextually relevant.

Multi-turn conversations pose a very interesting challenge in this regard for 
conversational AI. For good dialogue management, the system needs to follow the 
course of a conversation, remember how the dialogue has gone so far, and react 
accordingly. This makes it way more user-friendly since this is tantamount to having 
a natural, free-flowing conversation, such as among humans.

The area of human-computer interaction, represented by chatbots, can be regarded 
as one of the fastest-growing ones, implemented in a line of sectors: e-commerce [8, 9], 
education [10], banking [11], and healthcare [12]. They enhance the essence of such 
interactions because, working among them, an interactive response to users takes place.

Fields of application. Chatbots are mainly distinguished by their scope of application 
and their response generation mechanism [5]. Generally speaking, there are mainly 
two approaches to developing chatbots: open-domain and closed-domain (see Figure 2).

•	 Open-domain: These systems are designed to support unconstrained dialogues 
on a multitude of topics (e.g., large generative language models). They require 
sophisticated generative architectures and massive training corpora.

https://online-journals.org/index.php/i-jim
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•	 Closed domain: The thematic scope of the conversation is strictly defined 
(e.g., customer support, educational tutoring). Our work falls squarely into this 
category, targeting information on soft skills.

Fig. 2. Chatbot categorization

Response mechanisms. Chatbot systems can also be divided into rule-based 
and AI-based mechanisms. Rule-based chatbots have limited flexibility due to the 
pre-programming of their responses. Conversely, AI-based chatbots apply enhanced 
retrieval, learning, and generative techniques. A retrieval based chatbot would search 
for the best response among the entries in the dataset, whereas a learning-based 
model learns patterns from provided training data in deciding on what to reply in 
context. As its name indicates, a generative model generates responses by predicting 
sequences of words conditioned on input.

•	 Rule-based chatbots analyze the inputs provided by the user and install some 
predefined responses, which are wholly based on the recognition of particular 
variables by using pre-set rules [13]. Their methodologies can be divided into the 
techniques of pattern matching and task-oriented systems [14]. The task-oriented 
systems lead the user through various steps to enable them to perform certain 
pre-defined tasks. One of the significant weaknesses of rule-based chatbots 
includes silliness and an inability to learn anything new, depending on pre-
canned responses to answer questions.

•	 AI-based chatbots; these systems use machine learning to optimize the relevance 
of interactions. They fall into three main categories:
•	 Retrieval-based approaches that aim at an ideal response chosen among a 

previously assembled dataset of conversational knowledge [15]. It classifies 
the user input into a specific intent, then retrieves the most appropriate 
response from pre-existing knowledge base (FAQ). This is the methodological 
paradigm adopted for this study.

•	 Learning-based methods gained popularity in academia, they face difficulty in 
representing all useful information within a fixed-length vector in cases where 
either the sentence or the dialogue is longer than 20 words. Different approaches 
were suggested to solve this problem, including structural modifications, 
improvement of encoder and decoder architectures, and attention mechanisms 
[16, 17]. The best solution so far seems to be methods that use transformers, since 
they brought a lot of improvements, acting through multi-headed self-attention.

•	 Generative approaches, such as SeqGAN [18] and StepGAN [19], rely on 
reinforcement learning but face challenges such as slow speed and conver-
gence, especially for long inputs. [20] proposes an effective novel architecture 
based on cWGAN and uses a transformer model as the backbone to process the 
responses generated from a retriever component to return more context-specific 
responses. While huge progress has been achieved in models such as ChatGPT, 
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there are still many challenges in closely mimicking human conversational fea-
tures for particular domains. This is especially true for specialized domains, 
such as religious texts, where pretraining models such as BERT on specific 
translations (e.g., Qur’an and Hadith) is necessary to improve performance [36]. 
Furthermore, the development of context-based AI in chatbots is crucial for 
conveying personalized interdisciplinary knowledge to users [37].

2.2	 Chatbots in instructional design

Due to the growing influence of AI and its widespread applications across almost 
every field, it has been come increasingly important to develop an AI-focused 
curriculum. [4] sought to create an educational environment for AI and identified 
three key competencies for primary and secondary school students: knowledge, 
skills, and attitudes. AI knowledge refers to understanding fundamental concepts and 
various types of AI, AI skills emphasize the ability to use AI-based tools effectively, 
and AI attitudes reflect an awareness of AI’s societal impact and a willingness to col-
laborate with intelligent systems. This framework aims to enhance students’ overall 
understanding of AI, as even those who do not intend to pursue careers in technology 
should possess a basic comprehension of how AI systems function and are applied.

Current efforts to promote AI literacy at the primary and secondary school levels 
mainly focus on algorithmic reasoning and practical uses of AI. Tools such as Google’s 
“Teachable Machine” are frequently used to illustrate how AI models acquire knowl-
edge from datasets, while learners are introduced to everyday AI applications such 
as YouTube’s recommendation algorithm [5]. Although these methodologies assist 
students in developing a foundational comprehension of AI, a gap remains between 
the educational content provided and the expectations of AI practitioners.

At the higher education level, the integration of AI into learning environments is 
expanding rapidly, offering solutions for cognitive assistance, language learning, and 
personalized mentoring [8]. Recent studies confirm the potential of conversational 
agents to personalize learning paths and provide immediate, formative feedback [9].

In the specific context of soft skills, the objective extends beyond the simple trans-
mission of definitions toward the simulation of complex and contextual interaction. 
Although our proposed system is retrieval-based, it represents a critical initial step 
in structuring domain knowledge and validating intent classification, which is the 
foundation of any structured dialogue system. The explicit incorporation of pedagog-
ical frameworks (e.g., Bloom’s taxonomy and Kolb’s experiential learning cycle) is a 
necessary perspective for evolving chatbots into effective active learning tools [10].

2.3	 Chatbot types deep learning architectures for NLP

Owing to the advancements in Deep Learning, NN have established themselves 
as the preeminent methodology across a multitude of fields, encompassing Image 
Recognition and NLP. Within the domain of NLP, NN are employed for a diverse 
array of functions, including text classification, machine translation, and named 
entity recognition (NER).

Recurrent Neural Networks (RNN) & Long Short-Term Memory (LSTM). 
Neural networks utilized in NLP can be delineated into two fundamental opera-
tional categories: they may serve for end-to-end system training, as evidenced by 
generative chatbot models, or they may be incorporated into discrete components 
of a system. For example, recurrent neural networks (RNNs) possess a distinguished 
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capability for managing sequential data, rendering them particularly effective for 
applications such as text generation and sentiment analysis [21, 22].

Furthermore, contemporary innovations have underscored the efficacy of 
transformer-based architectures, including BERT and GPT, which have profoundly 
transformed the capabilities of language comprehension and generation within 
conversational agents [23]. These models not only augment the efficacy of chatbots 
but also enable more sophisticated interactions by assimilating knowledge from an 
extensive corpus of text data.

This incorporation of NN within NLP has markedly altered the mechanisms by 
which machines interpret and comprehend human language, facilitating a broad 
spectrum of applications that persist in advancing through ongoing scholarly inquiry 
and technological development in this area.

The long short-term memory (LSTM) model is a specialized type of recurrent 
neural network (RNN) designed to handle sequential data. It employs gate mecha-
nisms to regulate the flow of information, effectively addressing the issues of vanish-
ing and exploding gradients commonly found in traditional RNNs [24].

The basic LSTM architecture, depicted in Figure 3, consists of three types of gates: 
input gates, forget gates, and output gates. These gates selectively control the passage 
of information through the network, enabling the LSTM to manage long sequences 
and retain recurring patterns over extended periods.

This unique feature makes LSTM particularly well suited for financial price mod-
eling, as it can capture long term dependencies present in market data. Numerous 
researchers and industry professionals have applied this foundational architecture 
in the financial domain. For instance, several studies (e.g., [25], [26], [27], and [28]) 
have used LSTM for predicting financial market trends. In some cases, such as [27], 
the basic LSTM structure was enhanced by combining it with stacked autoencod-
ers, yielding improved results. Other approaches, such as [29], have employed 
bidirectional LSTM (BiLSTM) to boost prediction accuracy by learning temporal 
dependencies in both forward and backward directions within time series data. 
This LSTM variant is especially useful when the problem requires a comprehensive 
understanding of the entire time series at various iterations.

Fig. 3. A basic LSTM structure

https://online-journals.org/index.php/i-jim
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Transformer-based model. While RNNs and LSTMs have been recognized for a 
long time as powerful paradigms in language modeling, they have the disadvantage 
of relying on computation along the symbol positions of input and output sequences 
in a serial manner. This, by nature, inherently prevents parallelization of training 
across samples, which slows down the learning process. To tackle this issue, there 
have also been bidirectional variants developed for such models, allowing sentences 
to be encoded both from left to-right and from right-to-left. However, according to the 
study by [30], such an action does not help in showing any significant improvement 
when one is dealing with long-range dependencies. Attention mechanisms [31] 
were developed to model word dependencies without length constraints. Then, the 
transformer architecture cropped up as a revolutionary model that solely relies on 
attention mechanisms without recurrent neural networks.

The model consists of two main components: the encoder and the decoder (see 
Figure 4), which can be used independently for specific tasks. For instance, encoder-only 
models, which can be pre-trained with a few more training or fine-tuning, are ideal 
for tasks that require insight with deeper input analysis, such as sentence classifica-
tion and NER. Decoder-only models are for generative tasks, including text generation. 
These applications, such as translation or summarization, rely on understanding the 
input and generating the output, which is enabled by the encoder-decoder models, also 
called sequence-to-sequence models. Most of these models have been used to improve 
performance in the GLUE bench mark tests, which test natural language understanding 
on ten tasks, including sentiment analysis and question answering, among others [32].

Fig. 4. The transformer model architecture [31]

Some transformers, such as GPT-3, are trained on massive datasets such as 
Common Crawl and have hundreds of billions of parameters [33], others, such 
as DistilBERT, were designed on a much smaller scale and for more convenient 
application in real world scenarios [34]. This great variety of transformer architec-
tures allows for a wide range of applications to be provided within NLP, serving both 
the most complex and simple tasks with ease.

3	 METHODOLOGY

This section explains the functional architecture of our system, details how we’ll 
deploy our chatbot application, and outlines the workflow of the entire solution. 
It begins by addressing the problem of building a chatbot designed to understand and 
respond to user queries. The dataset used for training and evaluation is described, 
including its structure and source. The system’s roadmap involves comparing two 
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neural architectures—ReLU-Enhanced LSTM and Global Attention Transformer 
(GloAT-Transformer)—to enhance performance in classification tasks.

3.1	 Problem definition

The study suggests an alteration of the architectures and parameters associated 
with these deep learning models, with the objective of enhancing outcomes. The inves-
tigation was systematically executed in four phases. Initially, the collection of data was 
initiated, resulting in the acquisition of the dataset from multiple sources. Secondly, the 
procedure of data preprocessing is crucial for the enhancement of the gathered data, 
ensuring its conformity with the criteria established by the specified models. Third, the 
architectures of ReLU-Enhanced LSTM and GloAT-Transformer were designed, imple-
mented, and trained through parameter optimization to achieve optimal results. 
Finally, predictions are made based on the trained models, and their performance is 
evaluated in terms of accuracy, efficiency, and contextual understanding for NLP tasks.

This paper conducts a comparative study between LSTM and Transformer-based 
models to build a chatbot capable of understanding user queries and retrieve a corre-
sponding response through intent classification. The chatbot is trained on a dataset of 
predefined intents, each intent represents a category of user queries associated with 
examples of patterns and corresponding responses. The study aims to evaluate the 
effectiveness of sequential modeling using LSTM architectures versus the ability of 
Transformer-based models to capture long-range dependencies and contextual rela-
tionships in textual data. To improve performance, architectural modifications and 
parameter optimization were applied to both models, namely the Relu-Enhanced 
LSTM and the Global Attention Transformer.

The research methodology was done in four stages. First, data collection, where 
the dataset was obtained from various sources. Second, data preprocessing ensures 
that the collected data is cleaned, structured and prepared to meet the input require-
ments of the defined models. Third, the modified architectures of ReLU-Enhanced 
LSTM and GloAT-Transformer are designed, implemented, and trained through 
parameter optimization to achieve optimal results. Finally, predictions are generated 
used the trained models, and their performance is evaluated in terms of accuracy, 
efficiency, and contextual understanding for NLP tasks.

3.2	 System architecture

The developed system is a Retrieval-based chatbot with a strictly sequential 
processing flow:

•	 User input: Receipt of the text query.
•	 Preprocessing: Tokenization and preparation of the sequence for model input.
•	 Intent classification: The query is processed by the deep learning model (LSTM 

or Transformer), which predicts one of N = 38 predefined intents.
•	 Response retrieval: The classified intent is used as a key to retrieve a corre-

sponding response from the knowledge base (JSON file).
•	 Response delivery: Display of the response to the user.

As illustrated in Figure 7, the system architecture is designed to handle NLP tasks, 
with a focus on intent extraction and response retrieving. At its core, the system 
relies on a NN model trained to process and understand text data, performing tasks 
such as intent classification and language parsing.

https://online-journals.org/index.php/i-jim
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The training process uses a dataset that enables the model to handle diverse 
inputs effectively. The NLP component extracts the intent from user input, which is 
then analyzed to give appropriate responses. If the system cannot find a suitable 
answer internally, it may search external sources such as Wikipedia using tools such 
as Selenium Web Driver, as shown in the figure. User communication is managed 
through an HTTP server, and fallback responses are provided when the system fails 
to interpret the input correctly.

3.3	 Data corpus and preprocessing

The data corpus constitutes a central component of our study, as its characteris-
tics directly affect the validity and applicability of the experimental results. To train 
the NN models used in the chatbot, a dataset containing predefined intents and 
corresponding responses was required.

Corpus origin and structure. The initial dataset was aggregated from heteroge-
neous sources, including technical forums and online educational resources, notably 
e-learning FAQ data derived from Stack Overflow and related platforms available 
on Kaggle. Raw data was then collected and converted from CSV to JSON format 
to ensure compatibility with the system architecture. The dataset is structured as 
JSON file, comprising a list of objects. Each object represents an intent and contains 
three main fields: tag (intent label), patterns (a list of sample phrases associated with 
the intent), and responses (a list of predefined corresponding responses). An over-
view of this structure is illustrated in Figure 5.

Following data aggregation, a rigorous manual filtering and adaptation process was 
conducted to content with 38 predefined soft skills related intents. The resulting corpus 
contains approximately 300 question-answer pairs, corresponding to 1278 user ques-
tions and 300 responses, distributed across the 38 intent classes, as shown in Figure 6.

Preprocessing and data partitioning. Prior to model training, the text data 
underwent a preprocessing phase consisting primarily of tokenization and sequence 
preparation. The corpus was then divided into training, validation, and testing sub-
sets using a standard split of 80%, 10%, and 10%, respectively. This partitioning 
strategy is essential for assessing the models’ ability to generalize to unseen data 
and for ensuring reliable performance evaluation.

Fig. 5. Dataset overview

https://online-journals.org/index.php/i-jim
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Fig. 6. Class distribution

3.4	 Classification model specifications

The proposed system relies on two deep learning architectures for intent clas-
sification: a LSTM-based model, well suited for sequential data modeling, and a 
Transformer-based model, which excels at capturing long-range dependencies and 
complex relationships in textual data. This comparative approach ensures as objec-
tive evaluation of the strengths and limitations of recurrent and attention-based 
approaches in the context of soft skills classification. Figure 7 provides a visual 
representation of the system’s workflow and components, highlighting the interac-
tion between user input, model inference, and response providing.

Fig. 7. The system architecture

https://online-journals.org/index.php/i-jim


	 14	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 20 No. 17 (2026)

Bouafoud et al.

ReLU-enhanced LSTM. The proposed model architecture extends the standard 
LSTM framework by integrating fully connected layers and ReLU activation func-
tions, as illustrated in Figure 8. While the LSTM layer retains its core components—
Input Gate, Forget Gate, Cell State, and Output Gate—ensuring effective modeling of 
sequential dependencies. The term ReLU-Enhanced refers to the inclusion of dense 
intermediate layers with ReLU activations, a widely adopted and non-novel practice 
in deep learning aimed at introducing non-linearity, improving learning dynamics, 
and mitigating vanishing gradient effects.

The model is implemented in PyTorch using a custom NeuralNet class, which 
defines key parameters such as input size = vocabulary size = 1247, hidden size = 128, 
and output size = 38 (number of classes). This architecture integrates one LSTM layer 
followed by two fully connected layers, each activated by ReLU function, the final 
layer uses Softmax activation for probability output over the 38 intents. The training 
process employs the Adam optimizer (lr = 10-3) and Cross-Entropy loss. Figure 8 
clearly provides a visual representation of the interaction between the LSTM and 
fully connected layers within the model.

Fig. 8. LSTM neural network with ReLU activation

GloAT-Transformer. The second architecture GloAT-Transformer is based on 
the standard Transformer Encoder model [12], as illustrated in Figure 9. Its opera-
tion employs a multi-head self-attention mechanism that assigns different levels of 
importance to each token in the input sequence relative to all other tokens, enabling 
the model to capture complex contextual dependencies.

This architecture operates as follows: (1) input tokens are first mapped to 
128-dimentional dense embedding; (2) these embedding are processed through 
two transformer encoder layers, each using 8-head multi-head self-attention which 
assigns different importance weights to all token pairs and captures complex 
contextual dependencies; (3) the resulting contextualized token representations 
are aggregated via global average pooling, which compresses the variable-length 
sequence into a fixed-size vector by averaging across all token positions-this “global” 
pooling is the key innovation giving the model its name (GloAT = Global Attention 
Transformer); (4) the pooled vector is passes through a linear layer and Softmax to 
produce a probability distributions over the 38 intent classes.

https://online-journals.org/index.php/i-jim
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The key design advantages are simplicity, parameter efficiency, and robustness to 
variable query phrasing-properties particularly suited to our small, domain-specific 
dataset. Training uses the Adam optimizer (lr = 10-4) and Cross-Entropy Loss.

Fig. 9. Global Attention Transformer (GloAT) architecture

Training specifications and reproducibility. To ensure reproducibility of 
results, training hyperparameter are recorded in Table 1. The remaining hyperpa-
rameters were selected empirically to ensure a fair comparison between the ReLU-
Enhanced LSTM and GloAT-Transformer models while maintaining training stability 
and computational efficiency.

Table 1. Training hyperparameters

Hyperparameter ReLU-Enhanced LSTM Model GloAT-Transformer Model

Vocabulary size 1247 1247

Embedding size 128 128

Batch size 32 32

Number of epochs 100 100

Learning rate 10-3 (Adam) 10-4 (Adam)

Attention heads N/A 8

Encoder layers N/A 2
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4	 RESULT AND DISCUSSION

This section presents the quantitative evaluation results and a detailed analysis 
of the proposed ReLU-Enhanced LSTM and GloAT-Transformer models for intent 
classification, their performance, robustness and limitations. The evaluation focuses 
on key metrics such as precision, recall, F1-score, and accuracy. Additionally, we 
discuss the impact of varying hyperparameters on model performance and provide 
insights into the trade-offs between model complexity, training time, and generaliza-
tion of the obtained.

4.1	 System implementation overview

Experimental Setup The chatbot system was implemented using PyTorch, an 
open-source, high-level Python library. The following steps outline the process of 
creating and training the models:

a)	 Neural network class definition;
•	 For the LSTM-based model; we created a class named NeuralNet with 

parameters such as input_size, hidden_size, and output_size. The model con-
sists of two hidden layers with the ReLU activation function, which helps train 
the NN and reduce model error. Each linear layer determines the inputs and 
outputs for the model.

•	 For the Transformer-based model; we implemented a Transformer class that 
includes multi-head attention mechanisms and a global average pooling layer. 
The model leverages the MultiHeadAttention class to capture long-range 
dependencies in the input data, making it more effective for complex sequen-
tial tasks.

b)	 Optimizer and loss function;
•	 For both models; we used the Adam optimizer to minimize the error and 

improve model performance. For loss calculation, we employed the Cross-
Entropy Loss function, which is optimized during training. The primary 
objective is to minimize this loss function, as lower loss indicates a better- 
performing model.

c)	 Training and saving the model;
•	 For both models; were trained and saved as a “data.pth” file. Once trained, the 

models can be used to make predictions. To test the chatbot’s performance, we 
provided inputs such as queries about soft skills advices. For the LSTM-based 
model, we inherited a class from torch.nn.Module to define the architecture. 
For the Transformer-based model, we implemented additional components 
such as multi-head attention to enhance its ability to process sequential data.

d)	 User interaction workflow;
•	 The user sends a query to the system, asking the bot for specific information. 

This input message serves as the basis for the chatbot’s response.
•	 The system filters the class/tag for the user input based on a probability thresh-

old of 0.75. It creates a list of all filtered tags and sorts them in reverse order, 
ensuring that the class/tag with the highest probability appears first. Finally, 
the function returns the list, including classes and their corresponding prob-
ability values.

•	 The system identifies the class/tag with the highest probability, as returned 
by the previous function. It then compares this tag to the ones defined in the 
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“intents.json” file and selects a response associated with the identified class/
tag at random.

•	 The bot’s response is displayed on the UI bot interface. Thanks to the Q&A 
system implemented using the Flask framework.

4.2	 Interpretation of model performance

The chatbot uses two advanced models: ReLU-Enhanced LSTM and GloAT-
Transformer, both trained in PyTorch. These models replace the previously used 
Feedforward NN, offering improved performance in NLP tasks.

When a user submits a query, the chatbot processes the input using NLP techniques 
and retrieves the most relevant response. The ReLU-Enhanced LSTM excels in 
sequential data modeling, while the GloAT-Transformer leverages multi-attention 
mechanisms to capture long range dependencies, making it highly effective for com-
plex queries. The system evaluates the confidence level of the predicted response, 
ensuring that only answers with a confidence threshold above 0.75 are returned 
to the user.

The chatbot’s architecture is built using the following frameworks and libraries:

•	 PyTorch; for implementing and training the ReLU Enhanced LSTM and GloAT-
Transformer models.

•	 NumPy; for numerical computations and data manipulation
•	 Flask; for handling user interactions.
•	 Scikit-learn; for additional data preprocessing and evaluation metrics.

Figures 10 and 11 are screenshots of the chatbot in action, demonstrating its 
user interface and interaction capabilities using both the ReLU-Enhanced LSTM and 
GloAT-Transformer models.

Fig. 10. Interaction with a Soft Skills Chatbot
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Fig. 11. Leadership and problem-solving advice

4.3	 Evaluation and performance metrics

The performance of the two architectures was evaluated on the test set using 
multi-class classification metrics; Accuracy, Precision, Recall, and F1-score, which 
are widely used in NLP tasks to assess both classification correctness and class-level 
balance. The quantitative results are summarized in Table 2 illustrating the key 
differences in performance between the two architectures.

•	 GloAT-Transformer Model Evaluation; the Transformer model achieves an accu-
racy of 0.9776, a precision of 0.9848, a recall of 0.9776, and an F1 score of 0.9777.

•	 ReLU-Enhanced LSTM Model Evaluation; the LSTM model achieves an accuracy 
of 0.9731, a precision of 0.9690, a recall of 0.9731, and an F1 score of 0.9693.

Table 2. Comparison between ReLU-Enhanced LSTM and GloAT-Transformer Models

Metric ReLU-Enhanced LSTM Model GloAT-Transformer Model

Accuracy 0.9731 0.9776

Precision 0.9690 0.9848

Recall 0.9731 0.9776

F1 Score 0.9693 0.9777

The results indicate that the GloAT-Transformer model outperforms the ReLU-
Enhanced LSTM model across all metrics, demonstrating its superior ability to 
handle complex language tasks. These GloAT-Transformer’s higher scores reflect 
better contextual understanding and slight enhancement in balanced classification 
performance.
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4.4	 Confusion matrix analysis

To further analyze classification behavior, confusion matrices were examined for 
both models (see Figures 12 and 13), the GloAT-Transformer and the ReLU-Enhanced 
LSTM models and they illustrate their performance in intent classification.

The GloAT-Transformer model exhibits a stronger diagonal pattern, indicating a 
high rate of correct predictions with minimal misclassifications. This suggests that 
the GloAT-Transformer effectively captures contextual dependencies and enhances 
classification accuracy. The ReLU-Enhanced LSTM model also shows a well-defined 
diagonal structure but with slightly more off-diagonal entries, suggesting occasional 
misclassifications between closely related intents. Specifically, the off-diagonal 
entries in Figures 12 and 13 highlight the challenge of distinguishing between 
semantically similar soft skills (e.g., ‘Leadership’ vs ‘Teamwork’), a common issue in 
intent classification on domain-specific datasets.

A detailed confusion matrix analysis is essential to identify systematically mis-
classified intents and determine whether errors arise from semantic ambiguity, class 
overlap, or dataset imbalance. Such analysis provides deeper insight into model 
weaknesses beyond aggregate performance metrics.

Fig. 12. Confusion matrix of ReLU-enhanced LSTM
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Fig. 13. Confusion matrix of GloAT-Transformer

4.5	 Hyperparameter sensitivity and robustness

Experimental observations indicate that the GloAT-Transformer demonstrates 
greater robustness to hyperparameter variations compared to the ReLU-Enhanced 
LSTM as illustrated in Figure 14. The ReLU-Enhanced LSTM model is simpler to 
train, shows more variability in performance, particularly with suboptimal hyper-
parameter configurations. While the transformer maintains stable performance 
across tested settings, showing up its architectural resilience. This visual evidence 
reinforces the conclusion that the GloAT-Transformer architecture is not only mar-
ginally more accurate but also significantly more reliable for deployment in a real-
world educational environment where optimal tuning may be challenging.

This robustness comes at the cost of higher computational complexity and 
increased inference time, which may impact deployment decisions in resource- 
constrained environments.
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4.6	 Discussion and limitations

The results underscore the advancements achieved by integrating Transformer-
based and enhanced LSTM approaches in providing users with predefined responses 
based on recognized intents for soft skills informational support.

The Transformer model’s superior performance in capturing long-range depen-
dencies and contextual nuances makes it particularly effective for chatbot appli-
cations. On the other hand, the ReLU-Enhanced LSTM architecture represents a 
significant advancement in sequential data processing, particularly for educational 
applications. By combining the strengths of LSTM—its ability to model long-term 
dependencies—with the flexibility of fully connected layers and ReLU activation 
functions, the model achieves a balance between complexity and efficiency.

Fig. 14. GloAT-Transformer vs. ReLU-Enhanced LSTM performance comparison with different 
hyperparameters setting

Despite these advantages, several limitations must be acknowledged, regarding 
generalization capability, the high performance achieved is likely dataset-specific, 
and scalability to larger, more diverse corpora remains unverified. The current sys-
tem is primarily focused on intent recognition and predefined response selection, 
which constrains, its ability to support more dynamic, context-aware, and person-
alized interactions. In terms of computational cost, although slightly more accurate, 
the transformer model introduces higher computational overhead compared to the 
LSTM model, which is critical factor for real-time or large-scale deployment.

However, these challenges remain areas for further research. Future work 
could focus on refining the model’s efficiency, expanding the dataset for improved 
generalization, and integrating external knowledge sources to enhance chatbot 
responses.

Figure 14 compares the performance of both models across different hyperpa-
rameter settings. The GloAT Transformer model consistently outperforms the ReLU 
Enhanced LSTM model in all configurations, achieving higher accuracy and better 
contextual understanding. This figure highlights the robustness of the Transformer-
based architecture, which is less sensitive to hyperparameter variations com-
pared to the LSTM-based model, while simpler to train, shows more variability in 
performance, particularly with suboptimal hyperparameter settings.
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5	 CONCLUSION

This study highlights the potential of AI-powered chatbots to enhance student 
engagement and soft skills development through the implementation and eval-
uation of two deep learning models: the ReLU-Enhanced LSTM and the GloAT-
Transformer. The results revealed that the Transformer-based model achieves 
marginally superior performance compared to the LSTM-based approach, at the 
level of accuracy, recall, and F1-score. That demonstrate its ability to capture long-
range dependencies and contextual nuances in conversations. This underscores the 
effectiveness of Transformer chatbots in delivering interactive and personalized 
learning experiences.

The ReLU-enhanced LSTM architecture also represents a significant advance-
ment in sequential data processing, particularly for educational applications. 
By combining sequential modeling with ReLU-based non-linearity, the model 
achieves a balance between complexity and efficiency, making it suitable for real-
time educational applications.

This architecture is promising for Moroccan universities, especially for AI-driven 
chatbots focused on soft skills. Such chatbots can provide personalized feedback to 
students, helping them improve essential skills such as communication, teamwork, 
and problem-solving.

The model’s ability to understand context and provide nuanced responses 
makes it an ideal tool for fostering student growth in both academic and profes-
sional settings. But a substantial augmentation and diversification of the dataset is 
required to enhance model generalization and mitigate overfitting. Then the system 
will evolve from intent classification toward a more comprehensive pedagogical 
chatbot, by leveraging Transformer-based text generation to enable richer, more 
context-aware interactions and scenario-based learning. Additionally, we plan to 
deploy this chatbot in an e-learning platform for computer science students, pro-
viding access to educational content and personalized recommendations. We also 
aim to extend the system, including voice-based interactions using speech recogni-
tion APIs and a recommendation system that suggests modules and advice based on 
user profiles.

Overall, this study contributes to the development of intelligent educational 
assistants that support students in acquiring and strengthening soft skills, preparing 
them for future academic and professional challenges. By integrating advanced AI 
technologies, we aim to create a more engaging and effective learning environment, 
ensuring that students have access to the resources they need to succeed.
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