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Abstract

This study presents a multimodal deep learning framework for automatic proficiency and
style classification of parallel Bilingual Tamil-Hindi learner data. The proposed system
employs a dual-headed neural architecture to simultaneously predict proficiency levels
(Basic, Advanced) and stylistic categories (Formal, Literary) using shared feature repre-
sentations. A curated dataset of bilingual text samples is utilized, along with synthetic
speech generated through text-to-speech (TTS) to enable controlled multimodal experi-
mentation. Five deep learning architectures are evaluated under text-only, audio-only,
and learnable fusion settings. Experimental findings indicate that text-based models con-
sistently achieve strong performance in both proficiency and style classification tasks.
In contrast, the audio-only model demonstrates limited effectiveness, highlighting the con-
straints of synthetic acoustic features in capturing meaningful linguistic information. The
fusion models provide only marginal improvements over text-based approaches, suggest-
ing that textual representations play a dominant role in proficiency and stylistic classifi-
cation within controlled datasets. These results emphasize the importance of linguistic
features over acoustic signals for automated language assessment in low-resource settings.
The proposed framework provides a scalable and reproducible approach and offers a foun-
dation for future work incorporating real speech data and more diverse linguistic inputs.

Keywords: multimodal learning; language proficiency classification; style classification;
deep learning; Tamil-Hindi dataset

1. Introduction

In recent years, the rapid advancement of artificial intelligence and deep learning has
significantly transformed automated language assessment systems, enabling scalable, ob-
jective, and data-driven evaluation of linguistic proficiency. This transformation is partic-
ularly important in multilingual environments such as India, where languages like Tamil
exhibit rich morphological structures, agglutinative properties, and diverse stylistic varia-
tions. These characteristics make traditional rule-based and statistical approaches inade-
quate, thereby necessitating robust deep learning-based frameworks for accurate classifi-
cation and assessment [1-3].
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Deep learning models have demonstrated remarkable success in text classification
tasks. Convolutional Neural Networks (CNNs) effectively capture local semantic patterns
and n-gram features [3], while Long Short-Term Memory (LSTM) networks model long-
range dependencies in sequential data. Furthermore, Bidirectional LSTM (BiLSTM) archi-
tectures enhance contextual understanding by processing sequences in both forward and
backward directions [4-8]. In addition, hybrid architectures such as CNN + LSTM and
CNN + BiLSTM [9-12] have been shown to outperform standalone models by combining
local feature extraction with sequential learning capabilities. Recent studies [13,14] demon-
strate that hybrid architectures improve classification accuracy by combining local and se-
quential features [13-20]. The use of subword-level embeddings such as FastText further
improves performance for morphologically rich and low-resource languages by capturing
character-level and contextual information [5].

Despite these advancements, text-only models fail to capture paralinguistic features
such as pronunciation, intonation, and speech fluency, which are critical for compre-
hensive language proficiency and stylistic evaluation. Speech-based models, particularly
those leveraging deep convolutional architectures and self-supervised learning techniques,
have demonstrated strong capability in extracting acoustic features for language-related
tasks [21-24]. However, standalone audio models often exhibit lower performance due to
noise sensitivity and limited contextual representation.

To overcome these limitations, multimodal learning has emerged as a powerful
paradigm that integrates complementary information from multiple modalities such as
text and audio. Fusion techniques, including early fusion, late fusion, and learnable fu-
sion, enable effective combination of heterogeneous features. Among these, learnable fu-
sion approaches allow adaptive weighting of modalities, thereby improving robustness
and classification accuracy [25-28]. These findings support the use of CNN-BiLSTM in
this study for capturing both local and contextual linguistic features.

The motivation for this research stems from the limitations of existing systems, which
predominantly rely on unimodal approaches and fail to jointly capture linguistic and
acoustic characteristics. In morphologically rich languages like Tamil, both textual seman-
tics and speech patterns play a crucial role in determining proficiency and stylistic varia-
tion. Therefore, this study aims to develop a unified multimodal deep learning framework
that integrates text and audio features within a dual-headed multi-task learning architec-
ture to simultaneously classify proficiency and style.

Following this brief introduction, Section 2 sets out the research method, comprising
a review of relevant literature and a controlled experiment. Section 3 then presents an
overview of relevant literature and sets out three research questions that the article ad-
dresses. Section 4 sets out the main elements of the experiment design, and Section 5 then
directly addresses the research questions. A multimodal framework is proposed for joint
classification of language proficiency and writing style using Tamil text and correspond-
ing audio features. Then, multiple deep learning architectures, including CNN, LSTM,
BiLSTM, CNN + LSTM, and CNN + BiLSTM, are systematically evaluated under a unified
setup, and an audio-based convolutional model is incorporated to extract acoustic repre-
sentations. A learnable fusion mechanism is introduced to effectively combine predictions
from text and audio modalities, and an extensive experimental analysis is conducted to
compare unimodal and multimodal approaches, demonstrating the effectiveness of the
proposed framework. Section 6 then discusses some emergent issues and Section 7 con-
cludes the study.
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2. Materials and Methods

This study consisted of two main research phases. Phase 1 comprised an integrative
literature review, underpinned by an interpretivist philosophy and a qualitative approach.
This combination is particularly appropriate for exploratory research when the researchers
are looking to find an explanation of the phenomenon under study [29]. Snyder [30] (p. 335)
notes that “for newly emerging topics, the purpose [of an integrative review] is rather to
create initial or preliminary conceptualizations and theoretical models, rather than review
old models. This type of review often requires a more creative collection of data, as the
purpose is usually not to cover all articles ever published on the topic but rather to combine
perspectives and insights from different fields or research traditions”.

The review systematically analyzes existing methods across three dimensions: (i) uni-
modal text classification, (ii) speech-based modeling, and (iii) multimodal learning frame-
works. By synthesizing findings from these domains, the study identifies key limitations
in current approaches, particularly the lack of multi-task multimodal models for low-
resource languages. This integrative perspective provides the foundation for the proposed
framework, which aims to bridge the gap between textual and acoustic analysis for com-
prehensive language assessment.

Phase 2 involved a controlled experiment to develop and evaluate a deep learning
framework for proficiency and style classification using parallel Bilingual Tamil-Hindi
data. The dataset consists of 2229 manually constructed sentence pairs, where each Tamil
sentence is aligned with its corresponding Hindi translation representing the same seman-
tic content. Unlike datasets collected from uncontrolled sources such as social media or
open corpora, the sentences were manually authored to maintain linguistic clarity, con-
sistent annotation, and controlled variation in proficiency and style. This design enables
focused evaluation of linguistic features while minimizing noise and inconsistencies. Each
record contains a Tamil sentence along with its corresponding Hindi translation, and is an-
notated with proficiency (Basic/Advanced) and style (Formal/Literary) labels. The dataset
underwent systematic preprocessing, including duplicate removal, label consistency veri-
fication, and normalization of textual content to ensure high annotation quality.

The class distribution was maintained to ensure adequate representation across pro-
ficiency levels, while stylistic categories reflect realistic but controlled variation shown
in Table 1. Although the dataset is synthetically constructed, it is designed to capture
structured linguistic patterns suitable for evaluating classification models under controlled
conditions. This approach enables the analysis of model performance based on linguis-
tic characteristics, without confounding factors such as topic variability or uncontrolled
stylistic noise.

Table 1. Distribution of Proficiency and Style.

Proficiency Style Count
Basic Formal 558
Basic Literary 564

Advanced Formal 540

Advanced Literary 567
Total 2229

Text Representation: Each sentence in the dataset is annotated along two linguistic
dimensions: proficiency level and stylistic form. The proficiency level captures the lin-
guistic complexity of the sentence. Sentences labelled as Basic typically contain simple
grammatical constructions, limited vocabulary, and short sentence structures commonly
produced by beginner learners. In contrast, Advanced sentences exhibit richer vocabulary,
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more complex syntactic structures, and greater semantic depth, reflecting higher levels
of language proficiency. The stylistic form captures the communicative style of the sen-
tence. Formal sentences represent standard language used in educational, professional,
or instructional contexts, whereas Literary sentences contain expressive or descriptive el-
ements often associated with narrative or creative writing styles. To illustrate these anno-
tations, representative examples from the dataset are provided in both Tamil and Hindi in
Appendix A. The dataset is constructed as a parallel bilingual corpus, where each sample
consists of a Tamil sentence and its corresponding Hindi translation conveying the same
semantic content. The proficiency and style labels are assigned at the sentence level and are
shared across both language representations. This dataset does not include code-switched
or mixed-language sentences.

The comparison between traditional language evaluation and the proposed Al-based
framework is illustrated in Figure 1. In the traditional approach, a learner’s sentence is
manually evaluated by human experts based on grammatical correctness, vocabulary us-
age, and stylistic appropriateness. This process is inherently subjective, time-consuming,
and difficult to scale for large datasets.

PROPOSED AI-BASED MODEL

(Parallel Tamil—Hindi Dataset for Proficiency and Style Classification)

Parallel Input Sentences Tokenization Embedding Deep Model Prediction
(FastText Subword Vectors) (CNN / LSTM / BiLSTM)
Tamil: Tamil Tokens: = Proficiency
[BLD 2 EDIWTL6D [15Lb, 2_emywiTLed, B el 1‘ 7 Basic /
. : : : 037 011 -040 .. 062 | 1] I] Advanced
Lwaneensne QméSng uwggsTesne, Aeédng] I |
™| ™| [-033 07 o005 .. -0 | [ il
Hindi: Hindi Tokens: EETE J \ Style
. q ; 5
& [ ! i &) Dense Vector Representation kcimaly/
s Literary
Aligned Tamil—Hindi Language-Specific Tokenization Captures subword information Learns Shared Representations Dual-Task Output:
Sentence Pair (Tamil & Hindi) for Tamil & Hindi from Parallel Text Proficiency & Style
TRADITIONAL EVALUATION
(Rule-Based / Manual Analysis)
Input Sentences Manual Decision
Human Evaluation ‘
Tamil: Blb 2 @I (Grammar, Vocabulary, Style) ‘ Proficiency: Basic / Advanced
3 " —> >
Lwegetargna @masEng = |
-1 @ .
Hindi: v—_ Style: Formal / Literary
; v— |
FHRT HATE TBRY 21 . ‘
Time-Consuming, Subjective,
Parallel Tamil—Hindi Experts Manually Assess and Less Scalable
Sentence Pair Proficiency and Style

Figure 1. Comparison between traditional evaluation and the proposed Al-based Model.

In contrast, the proposed Al-based system follows a fully automated pipeline. Each in-
put consists of a parallel Bilingual Tamil-Hindi sentence pair, such as the Tamil sentence
"IGLO 2 6T WML 6V LILIGTETeNHMH @N&H&IME". and its corresponding Hindi trans-
lation "HRT Tdlg ATHBRI %I" (as shown in Figure 1: English translation: “Our conver-
sation is useful”). The sentences are first tokenized into individual linguistic units for
both languages. These tokens are then transformed into dense vector representations using
FastText embeddings, which capture subword-level and semantic information and effec-
tively handle morphologically rich languages. The embedded representations are subse-
quently processed by deep learning models such as CNN, LSTM, or BiLSTM to learn struc-
tural and linguistic patterns from the combined text representation. Finally, the model
simultaneously predicts the proficiency level (Basic/Advanced) and stylistic category (For-
mal/Literary) of the input.
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This comparison highlights the key advantages of the proposed system, including
scalability, consistency, and the ability to perform real-time classification without hu-
man intervention.

Synthetic Audio Generation for Multimodal Learning: To facilitate multimodal ex-
perimentation, synthetic speech signals were generated for all 2229 text samples using a
text-to-speech (TTS) pipeline. This approach enables the creation of a parallel audio modal-
ity without relying on human speakers or real-world recordings. Synthetic speech offers
several advantages, including consistent pronunciation, controlled speaking style, elimi-
nation of speaker bias, and scalability for low-resource language research.

From the generated audio signals, Mel-Frequency Cepstral Coefficients (MFCCs)
were extracted to represent phonetic and spectral characteristics of speech. Each audio
sample was transformed into a fixed-dimensional feature representation, resulting in a
corresponding audio dataset aligned one-to-one with the textual samples. These audio
features were used exclusively for modelling and evaluation purposes and were not tran-
scribed back into text.

Multimodal Alignment: The final dataset therefore consists of:

e 2229 text samples represented as tokenized sequences for textual modeling;
e 2229 MFCC-based acoustic feature representations extracted from synthetically gen-
erated speech for audio modeling.

Both modalities share identical labels, enabling controlled evaluation of text-only,
audio-only, and multimodal fusion architectures shown in Figure 2. This design allows
for a systematic investigation of the contribution of synthetic audio features to proficiency
classification while maintaining semantic consistency across modalities.

Parallel Tamil-Hindi Dataset

(2229 Samples)
‘ Proficiency Label ‘ Style Label

e

Parallel Text + Audio Features

A
Multimodal Model

Figure 2. Overview of the Tamil-Hindi dataset and annotation pipeline.

By explicitly constructing both text and audio data, the dataset supports reproducible
experimentation and serves as a reliable benchmark for evaluating multimodal deep learn-
ing models in educational language assessment for morphologically rich languages.

All experiments were conducted using Python in the Google Colab environment.
Deep learning models were implemented using TensorFlow (version 2.19.0) and Keras (ver-
sion 3.13.2). Text preprocessing, including tokenization and padding, was performed us-
ing the Keras Tokenizer. FastText embeddings were utilized for text representation. Audio
features were extracted using Librosa (version 0.11.0), and Mel-Frequency Cepstral Coeffi-
cients (MFCCs) were computed for acoustic representation. Synthetic speech signals were
generated using a text-to-speech (TTS) system available in the Google Colab environment.

https://doi.org/10.3390/mti10050047


https://doi.org/10.3390/mti10050047

Multimodal Technol. Interact. 2026, 10, 47 6 of 26

3. Relevant Literature

Deep learning has become the dominant paradigm for language classification and as-
sessment tasks, particularly in low-resource and morphologically rich languages. Early ap-
proaches relied on traditional machine learning techniques such as Support Vector Ma-
chines (S5VMs), which were limited in capturing complex linguistic patterns [12]. With the
emergence of deep neural networks, significant improvements have been achieved in text
classification tasks.

CNN-based architectures have been widely used for text classification due to their
ability to capture local features and semantic patterns. Kim [3] demonstrated the effec-
tiveness of CNNs for sentence classification tasks. Subsequent studies extended CNN
architectures for multilingual and domain-specific applications, showing improved per-
formance in capturing contextual information [1,2,6]. A range of models are discussed in
the literature.

LSTM-based Models are designed to capture long-term dependencies in sequential
data and have been successfully applied to language modeling and classification tasks.
The foundational work by Hochreiter and Schmidhuber [4] introduced LSTM as a so-
lution to the vanishing gradient problem. Later studies demonstrated the effectiveness
of LSTM models in handling sequential text data for sentiment and language classifica-
tion tasks [7,8,15]. Bidirectional LSTM models extend LSTM by processing sequences in
both forward and backward directions, enabling better contextual representation. BILSTM
has been particularly effective for languages with complex syntax and word order varia-
tions. Studies have shown that BiLSTM significantly improves classification performance
in Tamil and other Indian languages [9-11].

Hybrid architectures combining CNN and LSTM have gained attention due to their
ability to capture both local and sequential features. CNN layers extract local patterns,
while LSTM layers model temporal dependencies. The effectiveness of CNN-LSTM mod-
els in language classification tasks demonstrated in [6,7]. Recent studies further confirmed
the superiority of hybrid architectures over standalone models [13,14]. CNN-BiLSTM
models represent an advanced hybrid approach that combines convolutional feature ex-
traction with bidirectional sequence modeling. These models have shown superior perfor-
mance in complex classification tasks due to their ability to capture both contextual and
sequential information effectively. Recent works have highlighted their effectiveness in
multilingual and low-resource scenarios [17-20].

Speech and Audio-based Models have gained significant attention with the advance-
ment of deep learning [21] introduced self-supervised learning techniques for speech repre-
sentation, enabling improved performance in speech recognition tasks. Other studies have
demonstrated the effectiveness of deep neural networks in extracting acoustic features for
classification tasks [22,24]. However, audio-only models often face challenges related to
noise and variability in speech signals.

CNN-Based Audio Models (2D Spectrogram Learning): Recent advancements in deep
learning have enabled the effective application of two-dimensional Convolutional Neural
Networks (2D CNNs) for audio classification tasks [31]. Unlike traditional approaches
that rely on handcrafted features, modern audio models transform raw audio signals into
time—frequency representations such as spectrograms or Mel-spectrograms, which can be
treated as images and processed using CNN architectures [32].

Spectrogram-based representations preserve both temporal and frequency-domain in-
formation, making them highly suitable for capturing acoustic patterns such as pitch, tone,
and energy variations. Studies have shown that converting audio signals into spectrogram
images significantly improves classification performance compared to raw waveform in-
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puts [33]. In this approach, CNNs learn hierarchical feature representations directly from
these 2D inputs, similar to image recognition tasks.

Several works have demonstrated the effectiveness of 2D CNN architectures for au-
dio classification [31] proposed a frequency-based CNN model that extracts discriminative
features from spectrogram representations, improving classification accuracy in speech-
related tasks [34]. Similarly, Ashurov et al. [32] employed multiple pre-trained CNN ar-
chitectures such as ResNet and DenseNet on spectrogram images, achieving high accuracy
in environmental sound classification tasks.

Furthermore, research by Cheng et al. [33] demonstrated the use of CNN-based
models with spectrogram inputs for vehicle sound classification, achieving high accuracy
in real-world noisy environments. Also, Log-Mel spectrogram representations improve
CNN-based audio classification by capturing perceptually relevant frequency features [35].
Other studies have also explored CNN-based architectures for environmental sound classi-
fication and acoustic scene analysis, confirming that CNNs outperform traditional machine
learning approaches when applied to spectrogram features [36,37].

In addition, modern architectures such as YAMNet and transfer learning-based CNN
models have further improved audio classification by leveraging large-scale pre-trained
networks trained on datasets like AudioSet [38]. These models utilize deep convolutional
layers to automatically extract robust acoustic features, reducing the need for manual fea-
ture engineering.

Overall, 2D CNN-based audio models have become a standard approach for speech
and sound classification tasks due to their ability to effectively model complex acoustic
patterns. In the context of this study, the use of a 2D CNN architecture on audio features
(MFCC/spectrogram-like inputs) aligns with established methodologies and enables the
extraction of meaningful acoustic representations for proficiency and style classification.

Recent advancements in artificial intelligence have demonstrated the effectiveness of
attention-based deep learning models across diverse domains, including real-time object
detection and tracking. For instance, attention-enhanced YOLO-based frameworks have
been successfully applied in complex visual environments, highlighting the importance
of feature representation and model adaptability. Similarly, deep learning approaches
for text style transfer have gained significant attention, focusing on modifying stylistic
attributes while preserving semantic content. These developments underline the growing
importance of representation learning and style modeling, which are also central to the
proposed framework [39,40].

Multimodal learning integrates information from multiple modalities to improve
model performance. Baltrusaitis et al. [25] provided a comprehensive survey on multi-
modal machine learning, highlighting the importance of fusion strategies. Ramachandram
and Taylor [26] discussed deep multimodal learning techniques, while Poria et al. [27] and
Kumar et al. [28] demonstrated the effectiveness of multimodal fusion in improving classi-
fication accuracy. These studies emphasize that combining text and audio modalities leads
to more robust and reliable language assessment systems.

In summary, existing research demonstrates that different deep learning architec-
tures contribute uniquely to language classification tasks. Convolutional Neural Networks
(CNNs) are particularly effective in capturing local lexical and stylistic patterns, making
them suitable for writing style classification [3,16]. In contrast, sequential models such as
Long Short-Term Memory (LSTM) and Bidirectional LSTM (BiLSTM) are better at model-
ing contextual dependencies and long-range relationships within text, which are essential
for proficiency assessment [4,9,15].

Hybrid architectures, including CNN-LSTM and CNN-BiLSTM, combine the strengths
of both convolutional and recurrent networks, enabling the extraction of both local and
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global linguistic features. Prior studies have shown that such hybrid models consis-
tently outperform standalone architectures in complex language processing tasks [6,7,17].
This makes them particularly suitable for multilingual and morphologically rich lan-
guage settings.

On the other hand, audio-based models, especially those using 2D CNNs on spectro-
gram or MFCC representations, have demonstrated the ability to capture acoustic features
such as intonation, rhythm, and pronunciation [21,22]. However, standalone audio models
often exhibit limited discriminative power due to noise sensitivity and lack of contextual
linguistic information, resulting in comparatively lower classification performance.

To address these limitations, multimodal learning approaches have been widely ex-
plored. Fusion strategies, particularly late fusion, have been shown to provide more sta-
ble and interpretable results by combining independent predictions from text and audio
modalities [25,26]. In such frameworks, textual features typically contribute the dominant
signal, while audio features act as complementary cues that enhance robustness and gener-
alization. This aligns with recent findings that multimodal systems outperform unimodal
approaches in educational and language assessment applications [27,28].

Based on the identified research gaps, the following research questions (RQs) guide
this study:

RQ1: How effectively can deep learning models (both standalone and hybrid) clas-
sify parallel Bilingual Tamil-Hindi learner sentences into proficiency levels and stylistic
categories using textual features?

RQ2: To what extent do acoustic features derived from synthetic speech contribute to
proficiency and style classification when compared with text-based representations?

RQ3: Does multimodal fusion of textual and audio predictions improve classification
performance compared to unimodal models?

Addressing these research questions enables a systematic investigation of multimodal
deep learning approaches for parallel Tamil-Hindi language assessment and contributes
toward the development of scalable educational language technologies for low-resource
linguistic settings. These studies collectively demonstrate the effectiveness of hybrid and
multimodal approaches, which motivates the use of a CNN-BiLSTM-based multimodal
framework in this study.

4. Experimental Design
4.1. Proposed Multimodal Classification Model Subsection

The proposed system investigates text-based, audio-based, and multimodal language
proficiency classification for parallel Bilingual Tamil-Hindi sentence pairs. Unlike tra-
ditional multimodal systems that rely on real speech and Automatic Speech Recogni-
tion (ASR), this study adopts a controlled multimodal framework in which synthetic
speech signals are generated directly from text to enable reproducible experimentation.
The framework is designed to classify sentence level inputs into proficiency levels and
stylistic categories by integrating complementary linguistic cues derived from text and
audio modalities.

For the text modality, input Tamil-Hindi sentences are first normalized, tokenized,
and padded to a fixed length. Each token is mapped to a dense vector using FastText
embeddings trained on the dataset, which are particularly effective for morphologically
rich languages due to their subword modelling capability. The embedded sequences are
then processed using multiple deep learning architectures, including CNN, LSTM, BiL-
STM, CNN + LSTM, and CNN + BiLSTM. The convolutional layers extract local n-gram
and stylistic features such as formality markers, while the subsequent bidirectional LSTM
captures long-range contextual dependencies by modelling both past and future word se-
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quences. A dropout layer is applied to reduce overfitting, followed by a fully connected
layer that learns a compact shared representation for classification.

For the audio modality, speech inputs corresponding to the same sentences are trans-
formed into two-dimensional acoustic feature representations. These features are passed
through a convolutional neural network consisting of stacked Conv2D and MaxPooling
layers, which effectively learn time—frequency patterns relevant to pronunciation and
prosodic cues. The extracted audio features are flattened and regularized using dropout
before being passed through a fully connected layer with a softmax classifier to produce
class probabilities.

To combine both modalities, a fusion strategy is employed. Instead of merging raw
features, the late fusion approach combines posterior probability scores from text and au-
dio models using weighted averaging. In contrast, the learnable fusion method integrates
modality-specific representations through a trainable layer, enabling the model to automat-
ically learn optimal fusion weights during training. This fusion approach allows the text
modality, shown to be more reliable for proficiency prediction, to contribute more strongly,
while still incorporating complementary information from speech signals. The final pre-
diction is obtained by selecting the class with the highest fused probability as illustrated
in Figure 3.

Feature Text
Extraction Classification

Tokenization ’
LSTM

Text Data Preprocessing _CNN-LSTM
Modality
Fast Text BILSTM
Embeddings

CNN-BILSTM

Bl

Input Data
Tamil-Hindi Text Dominance

Softmax
Classifier

¢
Learnable Fusion

Model
Synthetic MFCC Extraction CNN 2D Audio Model
Speech

Generation

Proficiency/Style
Classification

Figure 3. Dual-headed multimodal model architecture using text and audio.

The proposed modular architecture allows the text and audio models to be trained
and optimized independently, while still enabling their integration through a flexible fu-
sion mechanism. This design simplifies model development and makes the framework
easily extendable to future enhancements, such as incorporating real learner speech data
or supporting additional languages. By combining textual representations that capture lin-
guistic structure with acoustic features that reflect pronunciation and speech patterns, the
model provides a more comprehensive understanding of sentence-level language patterns.
This integrated approach improves the robustness and reliability of classification, particu-
larly in low-resource and parallel Bilingual Tamil-Hindi educational settings where textual
cues play a dominant role, while spoken cues provide complementary information.

4.2. Data Representation

The dataset used in this study was explicitly created by the authors to support au-
tomated language proficiency assessment and tutoring applications. As described in
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Section 2, the dataset consists of 2229 parallel Bilingual Tamil-Hindi sentence pairs repre-
senting commonly used day-to-day communication patterns. Each sentence is manually
annotated across two linguistic dimensions: (i) proficiency level (Basic, Advanced) and
(ii) stylistic form (Formal, Literary). These annotations enable the proposed framework to
perform dual classification tasks, where the model simultaneously predicts the sentence-
level proficiency and stylistic form.

To ensure the reliability and consistency of the annotation process, a structured la-
beling protocol was followed based on predefined linguistic criteria, including sentence
complexity, vocabulary richness, and stylistic expression. In addition, a consistency eval-
uation was conducted on a subset of the dataset using Cohen’s Kappa coefficient. The
results indicate substantial agreement, with a score of 0.90 for both proficiency and style
classification tasks. This demonstrates a high level of consistency in the annotation process.

Before model training, the dataset underwent several preprocessing steps to ensure
data quality and consistency. These steps included text normalization, removal of dupli-
cate entries, tokenization, and label verification. In particular, duplicate sentence detec-
tion was performed using string matching techniques to ensure that no identical sentences
were repeated within the dataset shown in Figure 4. This step was necessary to prevent
data leakage between training and validation sets and to ensure reliable evaluation of
model performance.

Removal of Special

Characters and
Text Data Whitespace
Text

> Normalization

Duplicate Fast Text
Removal <S—
Tokenization Dense Vector
Synthetic Representation

Speech

String Matching
Techniques

Word
Tokenization and

Dataset

Generation Acoustic Deep Learning
T8 Features Models
MFCC
Extraction CNN 2D audio New Learnable
Model Model using
Predicti

Figure 4. Dataset Representation and Preprocessing.

The dataset does not contain text or speech collected from human subjects. Instead,
the sentences were synthetically authored by the researchers to represent structured sen-
tence patterns commonly encountered in classroom exercises and language training ma-
terials. This controlled dataset design ensures balanced linguistic complexity and avoids
noise introduced by uncontrolled user-generated data sources.

For computational processing, the text data were converted into tokenized sequences
and padded to a fixed length to maintain consistent input dimensions across deep learn-
ing models. Each token was then mapped to a dense vector representation using FastText
embeddings trained on the dataset, which capture subword-level information and are par-
ticularly suitable for morphologically rich languages such as Tamil and Hindi. This repre-
sentation allows the neural network models to learn both lexical patterns and contextual
relationships within parallel Bilingual Tamil-Hindi sentences, supporting accurate classi-
fication of proficiency and stylistic features. To enable multimodal experimentation, syn-
thetic speech signals were generated from the text samples using text-to-speech techniques,
and corresponding acoustic features were extracted. This design allows controlled evalu-
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ation of text-only, audio-only, and multimodal learning architectures without the ethical
and privacy concerns associated with real learner speech data.

A comprehensive search was conducted across major open repositories, including
Kaggle, Hugging Face Datasets, and GitHub, to identify existing bilingual resources for
language proficiency and stylistic classification. The search was performed using key-
words such as “Tamil dataset,” “Hindi proficiency dataset,” and “multimodal language
learning dataset”. The analysis revealed that current datasets are limited to single-task
or unimodal settings and do not support joint multimodal learning for parallel Bilingual
Tamil-Hindi data. This gap motivated the creation of the proposed dataset.

4.3. Problem Formulation

The problem is formulated as a supervised multi-task learning scenario. Let the
dataset be defined as:

D = {(T, AP y9) 1Y, M
where:

e T; =text input (parallel bilingual Tamil-Hindi sentence pair represented as a single
input sequence);

e A =corresponding audio feature representation;

° yf € {0,1} = proficiency label (Basic/Advanced);

e y; € {0,1} = style label (Formal/Literary).

The objective is to learn a function:
f(T,A) = (Y% y°) )
which jointly predicts proficiency and style using multimodal inputs.

4.4. Text Representation Using FastText Embeddings

For morphologically rich and agglutinative languages such as Tamil and Hindi,
effective text representation requires models that can capture subword-level information.
To address this, FastText embeddings were employed in this study, as they model words
using character n-grams and are well suited for handling inflectional variations, compound
words, and out-of-vocabulary terms commonly found in synthetically constructed text.

Prior to embedding, the text data underwent a standard preprocessing pipeline that
included sentence normalization and tokenization. Each sentence was converted into a
sequence of integer indices using the Keras Tokenizer (TensorFlow 2.19.0, Keras 3.13.2,
executed in Google Colab), followed by padding or truncation to a fixed sequence length
of 50 tokens to ensure uniform input dimensions across all models.

For semantic representation, FastText embeddings trained on the dataset (100-dimen-
sional). These embeddings were integrated into the models through a fixed embedding
layer, allowing the networks to leverage rich linguistic information while reducing the
risk of overfitting on the relatively limited learner dataset.

Each input sentence is tokenized and converted into a sequence:

T = (w1, Wp,...,Wp) 3)
Using FastText embeddings:

x; = Embedding(w;) € R'® 4)
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Thus, the sentence is represented as:
Xtext € R50><100 (5)

(padded to fixed length 50).

4.4.1. Text Model Architectures

The embedding layer is initialized with pre-trained FastText embeddings and keep
it non-trainable to preserve pre-learned linguistic features. Tokenized and padded se-
quences (fixed to 50 tokens) are fed into the following architectures:

CNN Model:

C= COI’IVlDReLU (EX, chn,b) (6)

It captures local n-gram patterns through stacked Conv1D layers.
P = MaxPooling1D(C) (7)
It uses MaxPooling1D to reduce dimensions and highlight important features.
F = GlobalMaxPooling1D(P) (8)

Output is passed through GlobalMaxPooling1D to flatten before classification.
LSTM Model:
hr = LSTM(E,) ©)

The LSTM-based model employs a single Long Short-Term Memory layer to effec-
tively capture sequential and contextual relationships present in Tamil-Hindi text. By ex-
plicitly modelling word order and temporal dependencies, the architecture is well suited
for morphologically rich languages, enabling the network to retain and utilize long-term
linguistic information that is essential for accurate proficiency and stylistic classification.

CNN-LSTM Model:

C= COI’IVlDReLU (EX) (10)
P = MaxPooling1D(C) (11)
hr = LSTM(P) (12)

The CNN-LSTM hybrid model integrates the strengths of convolutional and recur-
rent architectures by combining local feature extraction with temporal modelling. In this
approach, the ConvlD layers first learn salient local patterns such as n-gram-level lexi-
cal and stylistic cues, and the resulting feature maps are then passed to an LSTM layer,
which models sequential and contextual relationships across the text. This design allows
the model to capture both localized linguistic features and longer-range dependencies in
an end-to-end manner.

BiLSTM Model:

hr = |:hfrorwardl, h%ackward] (13)

The Bidirectional LSTM (BiLSTM) model processes the input text in both forward and
backward directions, allowing it to capture contextual information from preceding as well
as succeeding tokens simultaneously. This bidirectional context modelling improves the
understanding of sentence structure and word dependencies, particularly in languages
such as Tamil and Hindi where meaning is strongly influenced by surrounding words.
As aresult, the model provides a more comprehensive representation of grammatical and
semantic relationships within the text.
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CNN-BiLSTM Model:

C = Conv1Dgery (Ex) (14)
P = MaxPooling1D(C) (15)
hy = BiLSTM(P) (16)

This is a hybrid model that first applies CNN to extract local patterns, followed by
BiLSTM to understand global contextual patterns in both directions.

4.4.2. Regularization and Feature Refinement

Applying dropout and dense layer to prevent overfitting by randomly dropping
(i.e., setting to zero) a fraction of the neurons during training. This forces the model to
learn more robust features that are not reliant on specific neurons.

d = Dropout(0.5) (hr), or d = Dropout(0.5)(F) (17)

Here, ht (for LSTM and BiLSTM architectures) or F (for CNN-based architectures)
represents the output feature vector obtained from the preceding layer. To reduce over-
fitting and improve generalization, a dropout layer with a rate of 0.5 is applied, meaning
that 50% of the neurons in this feature representation are randomly deactivated during
each training iteration. This regularization strategy prevents the network from becoming
overly dependent on specific neurons and encourages more robust feature learning.

Following the dropout operation, the remaining active neurons are forwarded to a
fully connected dense layer. This transformation is expressed as

z = ReLU(Wj -d +b) (18)

where W; denotes the weight matrix, b; represents the bias vector, and d corresponds
to the dropout-regularized feature vector. The Rectified Linear Unit (ReLU) activation
function introduces non-linearity into the model, enabling it to learn complex decision
boundaries while maintaining computational efficiency and mitigating the vanishing gra-
dient problem.

ReLU(x) = max(0,x) (19)

Dropout prevents overfitting by randomly disabling 50% of neurons. Dense layer
transforms the features into a compact 64-dimensional space.

4.4.3. Dual Output Heads
Two softmax output heads are used for classification:
e  Proficiency Head:
yp}of = softmax (Wprof -Z+ bprof) (20)

O Output: Class probabilities for {Basic, Advanced}.
e  Style Head:
YStAyle = softmax (Wstyle Z+ bstyle) (21)

O Output: Class probabilities for {Formal, Literary}.

4.4.4. Loss Function

Loss function is a mathematical function that quantifies the difference between the
predicted output and the true target value. The total loss is the sum of two sparse categor-
ical cross-entropies one for proficiency and one for style.
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L= Lprof + Lstyle (22)

Each head uses:
N X
Lcross-entropy = _Zizl Yi- log (Yi) (23)

4.5. Audio Feature Extraction Using Synthetic Speech
4.5.1. Synthetic Speech Generation

To enable an audio modality without relying on real speakers, synthetic speech sig-
nals were generated for all text samples using a Text-to-Speech (TTS) pipeline.

This approach ensures controlled pronunciation and a consistent speaking style
across all audio samples, which helps reduce unwanted variability during model train-
ing. The absence of speaker variability allows the system to focus on learning linguistic
and acoustic patterns rather than speaker-specific traits. Moreover, such a setup is highly
scalable and particularly suitable for low-resource languages, where collecting large vol-
umes of naturally recorded speech data can be challenging. The synthetic audio is used
only for feature extraction, not for transcription.

4.5.2. MFCC-Based Audio Representation

From each synthetic audio signal, Mel-Frequency Cepstral Coefficients (MFCCs) were
extracted to capture spectral and phonetic characteristics.
Each sample is represented as a fixed-size feature map:

Xaudio € R (24)

where there are:

e 40 MFCCs;
e 300 temporal frames.

Unlike real speech, synthetic audio lacks hesitations, pronunciation errors, disfluen-
cies, and prosodic variability, which are critical indicators of spoken proficiency. As a re-
sult, MFCC-based representations derived from synthetic speech encode limited proficiency-
related information.

4.6. Audio-Only CNN Model

The audio-only model employs a Convolutional Neural Network (CNN) to learn spa-
tial patterns from MFCC feature maps.

4.6.1. CNN Feature Extraction

C = Conv2Dgeru (Xaudio) (25)
P = MaxPooling2D(C) (26)
F = Flatten(P) (27)
4.6.2. Classification Layer
Yaudio = (Wa - F+Da) (28)
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Due to the synthetic nature of the audio and the absence of speaker-dependent
prosodic cues, the audio-only model exhibits near-random performance, highlighting the
limited discriminative power of synthetic speech for proficiency classification.

4.7. Multimodal Fusion Model

Multimodal integration can be achieved using different fusion strategies, among
which late fusion and learned fusion are widely adopted. In traditional late fusion, predic-
tions from individual modalities are combined using fixed or manually assigned weights.
Let Piext and Py 450 denote the probability outputs from the text and audio models, respec-
tively. The final prediction in late fusion is computed as:

¥ = ot Peext + B - Paudio, Where ax + 3 =1 (29)

Here, x and {3 are predefined constants that determine the contribution of each modal-
ity. While this approach is simple and computationally efficient, it assumes equal or man-
ually tuned importance of modalities and does not adapt to varying data characteristics.
Consequently, it may fail to capture complex interactions between modalities, especially
when one modality (e.g., text) is significantly more informative than the other (e.g., audio).

In contrast, the proposed framework employs a learned fusion strategy, where
modality-specific predictions are combined through a trainable neural network. In this
approach, feature representations extracted from the text and audio branches are concate-
nated and passed through fully connected layers with trainable parameters. This enables
the model to learn optimal fusion weights during training and adaptively integrate multi-
modal features. The outputs from both modalities are thus first concatenated:

Ptusion = [Ptext/ I)audio] (30)
This combined representation is then passed through fully connected layers:
h = ReLU (W1 - Pgysion + b1) (31)

¥ =0(Wy-h+by) (32)

where W1, W, and by, b, are learnable parameters. Unlike late fusion, this approach
enables the model to automatically learn optimal weighting and interactions between
modalities during training. As a result, learned fusion can dynamically prioritize more
informative features and suppress less relevant ones, leading to improved classification
performance.

Overall, while late fusion provides a straightforward baseline, learned fusion offers a
more flexible and adaptive mechanism for multimodal integration. This makes it particu-
larly suitable for complex language assessment tasks where textual and acoustic features
contribute differently to proficiency and stylistic classification.

4.8. Loss Function and Training Configuration

Each model is trained independently using Sparse Categorical Cross-Entropy:

L=-Y"" yilog(y;) (33)

Training Parameters

e Optimizer: Adam.
e  Learning rate: 0.001.
e  Batch size: 32.
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e Epochs: 30.
e  Train—validation split: 80-20.
e Framework: TensorFlow/Keras.

4.9. Evaluation Metrics

The performance of the proposed models is evaluated using standard classification
metrics, namely Weighted F1-score is used to account for class imbalance, which provide
a comprehensive assessment of model effectiveness. Accuracy measures the proportion of
correctly classified instances among the total number of predictions and is defined as

TP +TN

A =
CCUTaY = TP I TN + FP + FN

(34)

In addition to accuracy, the F1-score is used to provide a balanced evaluation of model
performance, particularly in the presence of class imbalance. The F1-score is defined as the
harmonic mean of precision and recall:

__ 2 Precision - Recall

Fl1 =
Precision + Recall (35)

where precision and recall are computed based on true positive, false positive, and false
negative predictions. While accuracy offers an overall measure of correctness, it may be
insufficient when class distributions are imbalanced. In such cases, the F1-score provides
a more reliable assessment of classification performance.

As well as accuracy and Fl-score, statistical significance testing was performed to
assess whether differences between model performances are meaningful. McNemar’s test
was applied to compare paired predictions of multimodal fusion models evaluated on the
same test set. This test evaluates whether two classifiers differ significantly in their error
distributions. The results of this analysis are presented in Section 5.

5. Results

This section presents the experimental results obtained from text-only, audio-only,
and multimodal fusion models for parallel Bilingual Tamil-Hindi sentence pairs for profi-
ciency and style classification. All experiments were conducted using an 80:20 train—test
split on Google Colab with GPU acceleration. Text models were trained using FastText
embeddings (100-dimensional, trained on the dataset), while audio representations were
derived from MFCC features and modeled using a CNN architecture. Performance is re-
ported using accuracy and weighted F1-score.

5.1. RQ1: How Effectively Can Deep Learning Models (Both Standalone and Hybrid) Classify
Parallel Bilingual Tamil-Hindi Learner Sentences into Proficiency Levels and Stylistic Categories
Using Textual Features?

The performance of five text-based deep learning architectures—CNN, LSTM, CNN
+ LSTM, BiLSTM, and CNN + BiLSTM —on proficiency and Style classification is summa-
rized in Table 2. It presents the performance of various deep learning architectures for text-
only proficiency and style classification. Among the evaluated models, the CNN+BiLSTM
architecture achieves the highest proficiency accuracy, indicating its effectiveness in cap-
turing sequential dependencies in bilingual Tamil-Hindi sentences. Similarly, the CNN
model demonstrates competitive performance, highlighting its ability to extract local n-
gram features relevant for classification.
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Table 2. Performance comparison of text-based deep learning models for proficiency and stylistic

classification.
Text Model Prof_Accuracy Prof_F1_Score Style_Accuracy Style_F1_Score
1 CNN 0.8229 0.8228 0.7691 0.7645
2 LSTM 0.8296 0.8278 0.6704 0.6400
3 CNN + LSTM 0.8206 0.8182 0.6996 0.6827
4 BiLSTM 0.8094 0.8081 0.8117 0.8107
5 CNN + BiLSTM 0.8610 0.8610 0.8094 0.8082

The results show that the CNN + BiLSTM model achieves the highest performance for
both proficiency and style classification, indicating the effectiveness of combining convo-
lutional feature extraction with bidirectional sequential modelling.

Unlike earlier observations with smaller datasets, the current results exhibit more re-
alistic performance levels, suggesting reduced overfitting and improved generalization.
Style classification accuracy is no longer near-perfect, indicating that models are learning
more generalized patterns rather than relying on explicit lexical cues.

Overall, hybrid architectures demonstrate better performance compared to stan-
dalone models, highlighting the importance of combining local and contextual features
for classification.

Figure 5 illustrates the performance comparison of text-based models for proficiency
and style classification using accuracy and F1-score. It can be observed that there are no-
ticeable variations in performance across different models for both tasks. The CNN + BiL-
STM model achieves the highest performance in proficiency classification, indicating the
effectiveness of combining convolutional feature extraction with bidirectional sequential
modeling.

Performance Comparison of Text Models (Accuracy & F1-score)

W Prof Accuracy
. Prof F1
B Style Accuracy
. Style F1

0.8

0.6 1

Score

0.4

0.0~

CNN+LSTM CNN+BILSTM
Models

Figure 5. Comparison of text-based models for proficiency and style classification accuracy.

For style classification, the performance is comparatively lower and more varied
across models, suggesting that stylistic patterns are more challenging to capture than
proficiency-related features in the updated dataset. Among the evaluated models, BiL-
STM and CNN + BiLSTM demonstrate relatively better performance in style classification,
highlighting the importance of contextual modeling.

Training and validation accuracy and loss curves for the CNN + BiLSTM model
for proficiency and style classification are presented to illustrate its learning behavior in
(Figure 6). For proficiency classification, the model demonstrates a steady increase in train-
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ing accuracy across epochs, indicating effective learning of linguistic features. The vali-
dation accuracy also improves initially and stabilizes after a few epochs, suggesting that
the model generalizes well to unseen data. The small gap between training and validation
curves indicates minimal overfitting, although a slight divergence toward later epochs sug-
gests mild overfitting as training progresses.

CNN+BILSTM - Proficiency Accuracy CNN+BiLSTM - Proficiency Loss
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Validation Validation
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Figure 6. CNN-BiLSTM Text Model Curves.

As regards style classification, the model achieves high accuracy at an early stage of
training, with both training and validation curves quickly converging toward near-perfect
performance. This indicates that stylistic patterns such as Formal and Literary categories
are easier to distinguish using textual features. The close alighment between training and
validation curves further confirms strong generalization and stability of the model.

Overall, the learning curves demonstrate that the CNN-BiLSTM model effectively cap-
tures both local linguistic features and stylistic patterns from text data, with faster conver-
gence observed for style classification compared to proficiency classification.

5.2. RQ2: To What Extent Do Acoustic Features Derived from Synthetic Speech Contribute to
Proficiency and Style Classification When Compared with Text-Based Representations?

The audio-only model, based on a CNN architecture using MFCC-derived features,
demonstrates limited effectiveness in both proficiency and style classification. The model
achieves an accuracy of approximately 49% for proficiency classification and 50% for style
classification, indicating near-random performance.

These results suggest that acoustic features derived from synthetic speech do not cap-
ture sufficient linguistic or stylistic information required for accurate classification. In par-
ticular, proficiency-related characteristics such as vocabulary richness and syntactic struc-
ture are not adequately reflected in the audio modality.

Furthermore, the lack of natural variability, speaker-specific characteristics, and ex-
pressive nuances in synthetic speech significantly reduces its discriminative power. As a
result, audio-only models are insufficient for reliable classification in this setting, highlight-
ing the dominant role of textual features and motivating the use of multimodal approaches.
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5.3. RQ3: Does Multimodal Fusion of Textual and Audio Predictions Improve Classification
Performance Compared to Unimodal Models?

Tables 3 and 4 present the performance of multimodal fusion models that combine
textual and audio features using late fusion and learnable fusion strategies, respectively.
The results provide important insights into the contribution of acoustic features when in-
tegrated with strong text-based representations.

Table 3. Late Fusion (Text + Audio) Classification Results.

Model Prof_Accuracy Prof_F1_Score Style_Accuracy Style_F1_Score
1 CNN + Audio (Late Fusion) 0.827354 0.826723 0.753363 0.753537
2 LSTM + Audio (Late Fusion) 0.831839 0.831699 0.724215 0.717708
3 CNN + LSTM + Audio (Late Fusion) 0.820628 0.820111 0.730942 0.728505
4 BiLSTM + Audio (Late Fusion) 0.860987 0.860964 0.771300 0.769429
5 CNN + BiLSTM + Audio (Late Fusion) 0.818386 0.815588 0.825112 0.824545
Table 4. CNN-BiLSTM with Learnable Fusion.
Task Class Precision Recall F1_Score Support
Proficiency Basic (0) 0.86 0.88 0.87 221
Advanced (1) 0.88 0.86 0.87 225
Accuracy 0.87 (446 Samples)
Macro Avg 0.87 0.87 0.87 446
Weighted Avg 0.87 0.87 0.87 446
Style Formal (0) 0.81 0.83 0.82 211
Literary (1) 0.84 0.82 0.83 235
Accuracy 0.83 (446 Samples)
Macro Avg 0.82 0.83 0.82 446
Weighted Avg 0.83 0.83 0.83 446

In the case of late fusion, where predictions from text and audio models are combined
using a fixed weighted averaging scheme, the results remain largely comparable to those
of text-only models. While certain architectures demonstrate relatively better performance
than others, the improvements over text-only models are marginal. This indicates that the
inclusion of audio features does not substantially enhance classification performance. The
limited effectiveness of late fusion can be attributed to the relatively weaker discriminative
capability of the audio modality, particularly when derived from synthetic speech.

In contrast, the learnable fusion approach demonstrates more consistent and stable
performance across both proficiency and style classification tasks. By incorporating train-
able parameters to combine modality-specific representations, the model is able to adap-
tively learn the relative importance of textual and acoustic features. This enables more
effective integration compared to fixed fusion strategies.

The results further suggest that the learnable fusion model achieves balanced perfor-
mance across different classes, indicating good generalization capability. However, the
overall improvement remains moderate, highlighting that the textual modality continues
to play a dominant role in classification. The contribution of the audio modality, although
present, remains limited, as synthetic speech lacks sufficient variability and expressive
characteristics to provide strong discriminative features.

Overall, the comparison between late fusion and learnable fusion demonstrates that
adaptive fusion mechanisms are more effective than static combination strategies, particu-
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larly in multimodal settings where the modalities differ in representational strength. These
findings emphasize the importance of modality-aware fusion techniques for improving ro-
bustness and reliability in multimodal language assessment systems.

Figure 7 illustrates the comparative performance of text-only, audio-only, late fusion,
and learnable fusion models for both proficiency and style classification tasks. The results
clearly show that text-based models achieve strong performance across both tasks, high-
lighting the effectiveness of linguistic features in capturing proficiency and stylistic vari-
ations. In contrast, the audio-only model demonstrates significantly lower performance,
indicating that acoustic features derived from synthetic speech provide limited discrimi-
native information for these tasks. This reinforces the observation that audio signals alone
are insufficient for reliable classification in the current setup.

Model Comparison

Em Proficiency

I Style
0.8 -
0.6 -
0.4-
0.2-
0.0-
Text

Audio Late Fusion Learnable Fusion
Models

Accuracy

Figure 7. Performance Comparison of Text, Audio, and Fusion Models for Proficiency and Style
Classification.

The late fusion approach, which combines predictions from text and audio models
using a fixed weighting scheme, produces results comparable to those obtained using text-
only models. This suggests that the contribution of audio features remains limited when
integrated using static fusion methods. In contrast, the learnable fusion model achieves the
best overall performance, demonstrating the effectiveness of adaptive fusion mechanisms.
By learning optimal weights for combining textual and acoustic representations, the model
is able to leverage complementary information while maintaining the dominant contribu-
tion of textual features. Overall, Figure 7 highlights that while multimodal approaches
can enhance performance, the effectiveness of fusion is influenced by the relative strength
of individual modalities and the ability of the fusion mechanism to adaptively integrate
their contributions.

The experimental results indicate that the contribution of audio features varies across
model architectures, with some models showing improved performance and others ex-
periencing minor degradation. In cases where audio features lack sufficient variability,
they may introduce noise into the prediction process. However, when combined effec-
tively with strong textual representations, they can provide complementary information
that contributes to improved classification performance.

The training and validation curves for the CNN-BiLSTM learnable fusion model are
presented to illustrate its learning behavior across epochs for both proficiency and style
classification tasks. In the proficiency accuracy plot, the model demonstrates a steady
improvement in training performance, indicating effective learning of linguistic patterns.
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The validation accuracy follows a similar upward trend and remains closely aligned with
the training curve, suggesting good generalization with minimal overfitting.

For style classification, both training and validation accuracies show gradual improve-
ment over epochs, although the progression is comparatively slower than proficiency clas-
sification. The validation curve remains slightly higher than the training curve in later
epochs, indicating stable learning and effective regularization. This reflects the increased
complexity of capturing stylistic features compared to proficiency.

The loss curve further supports these observations, showing a consistent decrease in
both training and validation loss over time. The close proximity of the two curves indi-
cates that the model is learning efficiently without significant divergence, confirming the
absence of severe overfitting illustrated in Figure 8.
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Figure 8. Fusion Model Curves.

Overall, the curves demonstrate that the proposed fusion model achieves stable
convergence, maintains good generalization capability, and effectively balances learning
across both classification tasks.

Figure 9 presents the confusion matrices for the text-based CNN-BiLSTM model and
the CNN-BiLSTM learnable fusion model for both proficiency and style classification tasks.
These matrices provide a detailed view of class-wise prediction performance and misclas-
sification patterns.
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Figure 9. Confusion Matrix (CNN + BiLSTM) for text and Fusion Model.

For proficiency classification, both models demonstrate strong performance, indicat-
ing high classification accuracy across both classes. The text-based model shows a small
number of misclassifications between Basic and Advanced categories, indicating slight con-
fusion between adjacent proficiency levels. The learnable fusion model further improves
this behaviour by reducing misclassification, particularly in distinguishing Advanced in-
stances, suggesting that the integration of audio features provides complementary infor-
mation that enhances class separation.

In the case of style classification, the text-based model exhibits comparatively higher
misclassification, especially for the Literary class, where a notable number of instances are
incorrectly predicted as Formal. This reflects the inherent complexity and subtlety of stylis-
tic distinctions. The learnable fusion model shows improved performance by reducing
these misclassifications and increasing correct predictions for both classes. The improve-
ment indicates that the fusion model is better able to capture stylistic nuances through the
combined use of textual and acoustic representations.

Overall, the confusion matrices highlight that while the text-based model already per-
forms effectively, the learnable fusion approach enhances classification reliability, particu-
larly by reducing class confusion and improving the prediction of more challenging cate-
gories. These results reinforce the advantage of adaptive multimodal fusion in achieving
more robust and balanced classification performance.

To further evaluate whether the observed differences between fusion strategies are
statistically significant, McNemar’s test was conducted to compare the predictions of late
fusion and learnable fusion models. The test results indicate that the difference between
the two approaches is not statistically significant (p > 0.05). This suggests that although the
learnable fusion model demonstrates slightly improved performance, the observed gain
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may not be substantial enough to confirm a statistically meaningful improvement over
late fusion.

6. Discussion

The experimental results provide important insights into the effectiveness of deep
learning models for parallel Bilingual Tamil-Hindi proficiency and style classification un-
der the revised experimental setup. Consistent with earlier observations, text-based mod-
els remain the most reliable source of linguistic information, demonstrating strong and
stable performance across both tasks. This confirms that features such as lexical choice,
syntactic structure, and contextual patterns play a dominant role in classification.

Among the evaluated architectures, the CNN-BiLSTM model achieves the most bal-
anced performance, effectively combining local feature extraction with sequential context
modeling. The confusion matrix analysis further supports this observation, showing re-
duced misclassification between classes compared to other models. This indicates that
the hybrid architecture is better suited for capturing both stylistic cues and proficiency-
related patterns.

The inclusion of audio features provides additional insights into multimodal learn-
ing. The audio-only model continues to show limited effectiveness, primarily due to the
use of synthetic speech, which lacks natural variability in pronunciation and prosodic fea-
tures. As a result, audio representations alone are insufficient for reliable classification.
In the case of late fusion, the results confirm that combining predictions using fixed weight-
ing does not improve performance over text-only models. This suggests that static fusion
strategies are unable to account for the imbalance in modality strength, where textual fea-
tures dominate.

In contrast, the learnable fusion approach demonstrates clear improvements, partic-
ularly in reducing class confusion as observed in the confusion matrices. By adaptively
weighting modality-specific representations, the model is able to utilize complementary
information from the audio modality while preserving the dominant contribution of tex-
tual features. This results in more stable and balanced classification across both tasks.

However, the improvement remains moderate rather than substantial. This reinforces
the observation that the effectiveness of multimodal systems is highly dependent on the
quality of individual modalities. Since synthetic audio lacks expressive richness, its con-
tribution remains limited even when integrated through learnable fusion. Overall, the
consistency observed across performance metrics, confusion matrices, and learning curves
indicates that the proposed framework achieves stable convergence and reliable general-
ization. The results validate the effectiveness of adaptive fusion mechanisms while also
highlighting the limitations of synthetic multimodal data.

7. Conclusions

This study presents a refined multimodal deep learning framework for proficiency
and style classification using parallel Bilingual Tamil-Hindi data. The proposed approach
integrates text-based representations and audio features within a dual-task learning archi-
tecture, enabling simultaneous prediction of linguistic proficiency and stylistic variation.
The updated experimental results confirm that text-based models remain the most effective
approach for both tasks, with the CNN-BiLSTM architecture achieving the most consis-
tent performance. The inclusion of multimodal learning further demonstrates that while
audio features alone are insufficient, they can provide complementary information when
integrated through adaptive fusion strategies.

A key finding of this study is that learnable fusion outperforms traditional late fu-
sion, as it allows the model to dynamically adjust the contribution of each modality. This
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leads to improved classification stability and reduced misclassification, particularly in
more challenging categories. However, the overall contribution of the audio modality re-
mains limited due to the use of synthetic speech data. The study also highlights an im-
portant methodological consideration: the use of a controlled, parallel Bilingual dataset
ensures consistent evaluation but may not fully capture the variability of real-world bilin-
gual learner language. While this design supports reproducibility and clarity of analysis,
it limits the diversity of linguistic and acoustic patterns.

Despite these limitations, the proposed framework provides a scalable and inter-
pretable solution for automated language assessment in low-resource bilingual settings.
The integration of deep learning architectures with adaptive fusion mechanisms demon-
strates strong potential for educational applications, including automated evaluation and
feedback systems. Future work could focus on incorporating real speech data to improve
the quality of acoustic features, as well as exploring more advanced fusion techniques such
as attention-based or transformer-based models. Expanding the dataset to include more
diverse linguistic patterns and additional proficiency levels would further enhance the ro-
bustness and applicability of the system.
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Appendix A. Representative Examples from the Dataset in Tamil
and Hindi

Basic—Formal

Tamil:

BIT60T @ 6oTm LieTerfle:8; Q& 6ot Gmeor.

(English meaning: I went to school today.)

Hindi:

T TS THd T

(English meaning: I went to school today.)

These sentences contain simple vocabulary, short structure, and straightforward com-
munication, typical of beginner language learners.

Basic—Literary

Tamil:

e QUUISIMS, BITEOT 260G L0SIPEF UL 60T LITT & 851Gm6uT.

(English meaning: It is raining, and I watch it happily.)

Hindi:

TR §1 38T 8 3R H 39 g2t 4 2w @I §|

(English meaning: It is raining and I watch it happily.)
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Although still simple in structure, these sentences include mild descriptive or expres-
sive elements, representing a basic literary style.

Advanced —Formal

Tamil:

@eremml &Hevall emnLliL] nmeoTalTserfleT FlmeTsener GOLNLILGS
NG LB 618 &&HIME.

(English meaning: The modern education system plays a crucial role in improving
students’ skills.)

Hindi:

ada e ol et & emrarait @) faemRia #3 § Tyl yffer Aurd 31

(English meaning: The present education system plays an important role in develop-
ing students’ abilities.)

These sentences show greater vocabulary richness and more complex grammatical
structures, reflecting higher language proficiency.

Advanced —Literary

Tamil:

DTV CHIHHI0 afFLD G&H6E0TM6V LNETENS emnglulmey BIFLiLiluwg.

(English meaning: The gentle evening breeze filled the heart with calmness.)

Hindi:

il &1 e gaT - A 1 Wit F 4R |

(English meaning: The soft evening breeze filled the heart with peace.)

These sentences demonstrate expressive vocabulary, descriptive imagery, and stylis-
tic richness characteristic of literary language.
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