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Introduction: Natural language is one of the most important tools of humans
for communication, and conversation plays a fundamental role in knowledge
transfer, the formation of social relationships, and the continuity of culture. In
linguistics, conversation analysis and speech act theory show that understanding
meaning in a dialogue depends on recognizing the speaker’s communicative
intent. With the advancement of artificial intelligence, efforts have been made to
simulate this process in conversational systems such as chatbots. In this context,
distributional semantics and word embedding models have made it possible to
represent meaning in numerical format. Building on these approaches, the
present study designs a Persian educational chatbot and compares several
machine learning algorithms for detecting users’ intents.

Methodology: To investigate the problem of intent detection in a Persian
educational chatbot in the current study, a specialized corpus is first designed
and compiled. Since no suitable benchmark dataset is available for Persian in
the areas of intent detection and slot filling, a set of sentences is created based
on the content analysis of textbooks used for teaching Persian to non-native
speakers as well as consultation with experts in this field. The collected data
consists of 3,607 sentences containing 153,054 words, which are organized into
four semantic categories: synonymy, antonymy, collocation, and idiom. After
data preparation, a preprocessing stage is carried out that included correcting
coding issues of charaters, spacing, and punctuation, as well as normalizing the
texts. The 10B labeling scheme is then applied to identify the boundaries of
semantic elements. In the next step, sentences are converted into
300-dimensional vectors using the static word-embedding models Word2Vec
and FastText to be used by machine learning algorithms. To classify user
intents, several algorithms are employed, including Support Vector Machines,
Random Forest, Decision Trees, K-nearest Neighbors, and two neural network
models, namely a single-layer perceptron and a multi-layer perceptron. In
addition, a feed-forward neural network with two hidden layers and the ReLU
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activation function are designed. Finally, the performance of the models is
evaluated using five-fold cross-validation and the metrics of precision, recall,
accuracy, and F1-score.

Main findings: The evaluation results show that the type of embedding method
has a decisive impact on the performance of machine learning models in intent
detection. In FastText-based embeddings, most algorithms demonstrated very
strong performance due to the use of subword information. Among them, the
multilayer perceptron achieves the best result among the models, reaching an
accuracy of about 99.45%, indicating that neural networks have a high
capability to capture nonlinear patterns and complex semantic relations in the
vector space. In addition, the K-nearest Neighbors and Random Forest
algorithms also show very high performance, with accuracies close to 99%. In
contrast, when Word2Vec embeddings are used, a noticeable drop in accuracy
Is observed for some models, particularly for the Support Vector Machine and
the neural network models. Error analysis further reveals that most
misclassifications occur in distinguishing synonymy and antonymy, as these
two relations share structural similarities in the vector space, making their
boundaries difficult for some algorithms to separate them. Nevertheless, the
confusion matrix results indicate that the multilayer perceptron combined with
FastText is able to classify almost all samples correctly and achieved the best
overall performance among the evaluated methods in terms of stability and
generalization.

Discussion and conclusions: The findings of this study reveal several notable
and relatively innovative points in the field of intent detection for Persian. First,
the results show that the type of semantic representation plays a decisive role in
the performance of intent detection models. In particular, the subword-based
FastText embedding model is able to represent the lexical and morphological
structures of Persian more effectively than Word2Vec, thereby significantly
improves the performance of many algorithms. More importantly, combining
this representation with the multilayer perceptron model lead to an accuracy of
nearly 99.45%, indicating that nonlinear neural networks is capable of
extracting subtle semantic patterns among linguistic intents with very high
precision. This finding is directly related to the main research question
concerning the effect of embedding type and model architecture on intent
detection. It shows that the interaction between rich semantic representations
and deep learning models can substantially improve the performance of Persian
conversational systems. In addition, the error analysis shows that the greatest
difficulty for the models lay in distinguishing between synonymy and
antonymy, which reflects the complexity of these relations in semantic space of
this language. Moreover, the development of a specialized corpus for intent
detection in the domain of Persian language education is another important



contribution of this study, which can serve as a valuable infrastructure for future
research on natural language understanding systems and Persian educational
chatbots.
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