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Abstract: In Artificial Intelligence, voice categorization is important for various applications. Tamil, being one of the 

oldest languages in the world, comprises rich regional slang differing in tone, pronunciation, and emotive expression. 

These slang words are difficult to categorize because they are informal and there is limited annotated audio data. This 

study proposes an enhanced deep learning framework for Tamil slang classification using a balanced audio corpus. The 

framework integrates data-specific pre-processing techniques, including Mel spectrograms, Chroma features and spectral 

contrast, to capture the nuanced characteristics of Tamil speech. A DenseNet backbone, combined with LSTM and GRU 

layers, models both temporal and spectral information. The suggested FRAE-PSA module is an innovative application of 

the Pyramid Split Attention (PSA) mechanism adapted to support regional and affective variations of speech. Different 

from current PSA or Transformer-based approaches, FRAE-PSA splits the audio frequency spectrum and adapts attention 

weights dynamically based on auxiliary tasks. A multi-branch architecture is employed to fuse temporal and spectral 

features effectively and multi-task learning is used to enhance regional accent and emotion detection. Custom loss 

functions and lightweight networks optimize model efficiency. Experimental results show up to a 15% improvement in 

classification accuracy over baseline models, demonstrating the framework's effectiveness for real-world Tamil slang 

classification tasks. 

 

Index Terms: Tamil Slang Classification, FRAE-PSA Module, Multi-Task Learning, Acoustic Feature Fusion, Regional 

Accent Detection and Emotion Detection, Pyramid Split Attention (PSA), Industry, Innovation and Infrastructure. 

 

 

1.  Introduction 

Tamil slang classification is a challenging issue because colloquialisms employed in various parts of Tamil Nadu 

are informal, dynamic and highly contextual. Slangs may involve non-standard pronunciations, fast speech styles, 

emotional intonation and overlapping phonetic content. For instance, the same slang term can be pronounced differently 

in Chennai and Madurai based on regional accent as well as emotion. These considerations render it challenging for 

standard models to distinguish between slang words with slight acoustic variations. 
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Problem Definition: 

The primary difficulty with Tamil slang classification is that existing models lack the ability to recognize regional 

and emotional differences within short, informal speech utterances. Conventional models usually employ global audio 

features such as MFCCs or Mel spectrograms without taking into account localized spectral patterns or context cues. This 

makes them incapable of differentiating between slang phrases that vary in accent or emotion only resulting in low 

performance particularly in low-resource or real-world noisy conditions. 

Despite advances in speech processing and accent classification, existing methods fail to fully capture the intricate 

linguistic features specific to Tamil slang. Most deep learning-based approaches rely heavily on generic features such as 

spectrograms or Mel-frequency cepstral coefficients (MFCCs), which do not adequately account for the tonal, prosodic, 

and regional characteristics that distinguish Tamil slang from formal Tamil speech. As a result, these methods often 

exhibit suboptimal performance, especially when dealing with short-duration, low-resource speech samples commonly 

found in real-world data, such as movies, regional conversations and social media content. 

To address these challenges, this study introduces a novel deep learning framework specifically designed for Tamil 

slang classification. The proposed method incorporates data-specific pre-processing techniques to capture the unique 

tonal and prosodic characteristics of Tamil speech, including pitch variation and regional accent features. Furthermore, a 

combination of Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU) layers is used to model the 

temporal dynamics of speech, enabling the framework to effectively capture context and sequence-dependent information. 

This is complemented by a modified Pyramid Split Attention (PSA) module that focuses on the acoustic features most 

relevant to Tamil slang. 

Unlike traditional models, our framework employs a multi-task learning approach, simultaneously tackling regional 

accent classification and emotion detection as auxiliary tasks. This enhances the model's ability to distinguish between 

similar-sounding slang terms and improves its generalization across various categories. Additionally, custom loss 

functions such as contrastive loss and focal loss are incorporated to handle class imbalance and refine the model's 

decision-making process. 

The proposed approach significantly outperforms baseline models, achieving up to a 15% improvement in 

classification accuracy. By leveraging advanced deep learning techniques like attention mechanisms [1] and multi-task 

learning, the framework not only enhances classification performance but also demonstrates superior generalization, 

making it a promising solution for real-world Tamil slang classification tasks. 

Unlike existing attention mechanisms such as Pyramid Split Attention (PSA) [2] or Transformer-based attention [3] 

which predominantly focus on spatial and channel-wise feature enhancement, the proposed FRAE-PSA module is 

explicitly designed to adapt to the unique characteristics of Tamil slang. By dividing the frequency spectrum into task-

relevant bands (low, mid, and high frequencies), FRAE-PSA assigns dynamic attention weights guided by auxiliary tasks 

like regional accent and emotion detection. This targeted approach ensures that critical acoustic cues—essential for 

distinguishing Tamil slang—are prioritized, overcoming the limitations of generic attention mechanisms [4] that fail to 

address regional and tonal nuances. Furthermore, the integration of Spectral Energy Ratio (SER) computation refines the 

feature space, capturing subtle variations that are often overlooked by existing approaches. 

2.  Related Works 

Recent advances in accent recognition, dialect identification, and emotion analysis [5] have leveraged deep learning, 

multi-task learning, and attention mechanisms. These studies provide a foundation for this work, focusing on their 

strengths and identifying areas for improvement. 

2.1.  Accent and Dialect Recognition 

Multi-task learning and attention mechanisms have shown promise in accent and dialect classification. [2] introduced 

MPSA-DenseNet, a model integrating Pyramid Split Attention with DenseNet, achieving high accuracy in English accent 

classification. However, its computational demands limited deployment feasibility. Similarly, [6] employed a hybrid deep 

learning model for Arabic dialect classification, incorporating attention mechanisms. Despite significant performance 

gains, this model focused primarily on text rather than speech-based inputs, restricting its application to audio-centric 

tasks. [7] tackled accented speech challenges using Variational Mode Decomposition (VMD) and machine learning 

models, achieving robust results. However, its reliance on generic feature extraction methods such as MFCC did not 

address the intricate tonal and regional nuances critical for Tamil slang classification. 

Current state-of-the-art accent classification models like AccentFold [8] and Audio-based Transformer models [9] 

have been found to work well for English and African languages. Yet, these models heavily depend on pre-trained ASR 

and fail to adjust to tonal and emotional differences occurring in slang. Although AccentFold uses zero-shot adaptation, 

it does not explicitly model regional phonetic information important in Tamil slang. In the same way, speech-based 

sentiment analysis models like MM DialogueGAT [10] and M3SA [11] emphasize multimodal sentiment but don't model 

region and emotion simultaneously in acoustic features. 

Conversely, our FRAE-PSA-based model specifically segments the spectrum into task-specific bands and adaptively 

modulates accent and emotional attention weights, a tactic not adopted by state-of-the-art speech-centric models. Through 
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doing this, our framework more effectively captures slang-specific nuances in Tamil, an underrepresented language in 

existing literature. 

2.2.  Sentiment and Emotion Recognition 

Sentiment analysis [12] and emotion recognition have also benefited from advanced deep learning techniques. [11] 

proposed the M3SA model, which utilized multi-scale feature extraction and attention mechanisms for multimodal 

sentiment analysis [13]. Although effective, its dependence on complete data from all modalities restricted its practical 

utility. [3] adopted a transformer-based multi-task learning framework for sentiment and emotion classification in crisis 

tweets, integrating subject intent prediction for deeper context understanding. However, its focus on textual and intent-

based analysis limited its applicability to speech-based scenarios. 

In speech emotion recognition, [14] employed LSTM and soft decision trees in a multi-task framework, enhancing 

feature representations and achieving robust results even in noisy environments. Similarly, [15] demonstrated the benefits 

of attention-enhanced CNNs [16] for emotion recognition, achieving state-of-the-art results. However, these studies did 

not address regional variations or their influence on speech characteristics. 

Existing attention mechanisms, such as Pyramid Split Attention (PSA) [2] and Transformer-based attention [3], have 

been effective in accent and emotion detection tasks. However, these methods exhibit limitations when applied to speech-

specific tasks like Tamil slang classification. PSA focuses primarily on spatial and channel-wise attention, which is less 

effective for capturing nuanced frequency-specific variations critical to regional accents. Transformer-based attention 

mechanisms, while robust, incur high computational costs and lack adaptation to frequency-band-specific features. 

The proposed FRAE-PSA module addresses these gaps by introducing a frequency-wise adaptive mechanism 

tailored for Tamil slang classification. Unlike PSA, FRAE-PSA splits the frequency spectrum into low, mid, and high 

bands, dynamically adjusting attention weights based on the task relevance of each band. This ensures that regional and 

emotional variations—key to distinguishing Tamil slang—are effectively modelled. Additionally, the inclusion of 

Spectral Energy Ratio (SER) computation enhances feature extraction, enabling the module to capture both temporal and 

spectral nuances with superior accuracy and efficiency. 

2.3.  Low-resource Speech and Linguistic Challenges 

Works addressing linguistic and resource constraints have emphasized tailored approaches. [17] proposed the PI-

Whisper framework, enhancing ASR adaptability and inclusivity but without a focus on emotional or regional aspects. 

[18] tackled Cantonese speech emotion recognition with a dedicated dataset and feature set, achieving notable results but 

highlighting limitations in dataset diversity and emotion range. 

3.  Research Gaps and Novelty 

3.1.  Research Gap 

• Focus on Regional and Emotional Features: Few models [14, 15] address the joint impact of regional and 

emotional variations on speech classification. 

• Low-Resource Language Representation: Existing models lack tailored solutions for underrepresented 

languages like Tamil. 

• Temporal and Spectral Dynamics: Although utilized in emotion recognition [15], these features are 

underexplored in accent and slang classification tasks. 

• Speech-Specific Auxiliary Tasks: While multi-task learning has been employed [11, 3], auxiliary tasks such as 

regional accent and emotion detection have not been combined effectively for slang classification. 

3.2.  Novelty of the Proposed Work 

The proposed Enhanced Deep Learning Framework for Tamil Slang Classification introduces the following 

innovations: 

 

• FRAE-PSA Module: Focuses on frequency-wise regional accent and emotion adaptive attention for enhanced 

feature extraction.  

• Hybrid Architecture: Combines DenseNet, LSTM, and GRU to capture temporal and spectral nuances in speech. 

• Multi-Task Learning: Simultaneously handles regional accent and emotion detection to enrich feature 

representations and improve generalization. 

• Real-World Deployability: Optimized for resource-constrained environments through lightweight architectures 

and model compression techniques. 

• Low-Resource Language Adaptability: Tailored for Tamil slang, addressing unique phonetic and tonal 

challenges, with scalability to other low-resource languages. 

 

By addressing these gaps, this study not only advances Tamil slang classification but also provides a scalable 

framework for similar linguistic challenges in underrepresented languages. 
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4.  Methodology 

This section outlines the enhanced methodology for Tamil slang classification, incorporating the expanded dataset 

and optimized model architecture. It details the data collection, pre-processing pipeline, model design, multi-task learning 

approach and loss functions. 

4.1.  Data Collection and Pre-processing 

To train a robust classifier for Tamil slang the dataset contains a total of 900 audio samples that maintains a balanced 

distribution between slangs and gender. The dataset consists of voice samples collected from four regional dialects such 

as Chennai, Kovai, Madurai, and Nellai. Each sample varies in length from 5 to 15 seconds and is in .wav format that is 

suitable for processing by deep learning models. 

A.  Dataset Collection 

The dataset (see Table 1.) includes 530 male and 370 female voices, distributed across the four Tamil slangs as 

follows: 

Table 1. Tamil audio dataset 

S.No Tamil Slangs Male Voice Female Voice Total 

1 Chennai 120 100 220 

2 Kovai 160 80 240 

3 Madurai 100 120 220 

4 Nellai 150 70 220 

Total  530 370 900 

 

Slang usage varies significantly across regions and groups, which can lead to datasets being biased if not carefully 

curated. This bias can lead to the model overfitting majority classes, misclassifying minority class instances and not 

learning fine acoustic features. To avoid this, we ensured that there was a balanced contribution from four large Tamil 

slang regions (Chennai, Kovai, Madurai, Nellai) and gender-balanced splits between male and female speakers (see Table 

1). This controlled balance minimizes the risk of model bias and enables better generalization across slang groups. Pre-

processing steps include: 

B.  Data Pre-processing 

Cleaning, formatting, and organizing the raw data is the aim of data pre-processing, which makes it ready for usage 

by machine learning algorithms. In this work some of the techniques are handled for data pre-processing (see Fig.1.). 

a.  Pitch and Prosody Adjustments 

Pitch and prosody are critical features in speech processing, influencing how speech is perceived and understood. 

These features are especially important in tonal languages like Tamil, where subtle variations in pitch can alter the 

meaning of words and phrases. In Tamil slang, pitch and prosody often reflect regional accents, emotional states, and 

contextual usage of slang terms. Enhancing these features is vital for improving the model’s ability to distinguish between 

different slang categories. 

b.  Pitch Variation 

Pitch refers to the perceived frequency of the speech sound, closely related to the fundamental frequency (F0) of the 

voice. Pitch variations convey important linguistic and paralinguistic information, such as intonation, emphasis, and 

emotional state. In Tamil, pitch variations are crucial for distinguishing slang terms, as the same word can have different 

meanings depending on its pitch contour. The fundamental frequency is calculated as the inverse of the period: 

 

𝐹0 =  
1

𝑇
                                                                                    (1) 

 

Where: 

𝐹0 : Fundamental frequency in Hz 

𝑇: Period of the signal (in seconds), derived from the time-domain periodicity or dominant frequency in the signal’s 

autocorrelation. 

For instance, a rise in pitch at the end of a sentence might indicate a question or emotional emphasis, while a flat or 

falling pitch could indicate a declarative statement. In regional dialects of Tamil (e.g., Chennai, Kovai, Madurai, and 

Nellai), pitch variation plays a key role in slang identification.  

To enhance pitch variation for slang detection, the fundamental frequency (F0) is extracted using robust algorithms 

like YIN, which estimate pitch even in noisy environments is defined as  
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𝑑𝑡(𝑇) =  ∑ [𝑥(𝑗) − 𝑥(𝑗 + 𝑟)]2𝑁−1
𝑗=0                                                                (2) 

 

Where: 

𝑑𝑡(𝑇) : Difference function for lag (𝑇) 

𝑥(𝑗) : Speech signal at time 𝑗 

𝑁: Window size 

Pitch normalization is applied to standardize pitch ranges, reducing the influence of speaker-specific characteristics 

(e.g., gender, age) while emphasizing regional variations essential for slang classification.  

 

𝐹0𝑛𝑜𝑟𝑚
=

𝐹0−µ𝐹0

𝜎𝐹0
                                                                             (3) 

 

Where: 

𝐹0𝑛𝑜𝑟𝑚
 : Normalized fundamental frequency 

𝐹0 : Original fundamental frequency 

µ𝐹0 : Mean fundamental frequency for the speaker 

𝜎𝐹0 : Standard deviation of the fundamental frequency for the speaker 

Additionally, pitch scaling can amplify specific pitch shifts characteristic of slang terms, making them more 

distinguishable in the feature space. 

 

𝐹0
′ =  𝛼 . 𝐹0                                                                                 (4) 

Where: 

𝐹0
′: Scaled pitch 

𝛼 : Scaling factor (>1 for amplification, <1 for reduction) where amplifies pitch and reduces pitch. 

c.  Prosody Adjustments 

Prosody refers to the rhythm, stress, and intonation of speech, encompassing speech rate, syllable duration, stress 

patterns, and overall intonation. In tonal languages like Tamil, prosody plays a significant role in the semantic 

interpretation of utterances. Slang often exhibits distinct prosodic patterns indicative of informality or regional usage. For 

example, Madurai Tamil typically has a faster rhythm with strong syllable emphasis, while Chennai Tamil may feature a 

more varied rhythm with frequent pauses. These prosodic differences are key for identifying and classifying Tamil slang. 

To enhance prosody for slang classification, speech rate, duration modelling, stress patterns, and intonation 

adjustment are carefully tuned. Speech rate modification captures the urgency or informality of slang, while duration 

modelling highlights elongated syllables or pauses that convey emphasis or mood, using techniques like Hidden Markov 

Models (HMM). 

 

𝑆𝑝𝑒𝑒𝑐ℎ 𝑅𝑎𝑡𝑒 =  
𝑇𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠 (𝑜𝑟)𝑠𝑦𝑙𝑙𝑎𝑏𝑙𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 (𝑖𝑛 𝑠𝑒𝑐𝑜𝑛𝑑𝑠)
                                                            (5) 

 

Where: 

Total Words or Syllables: The number of units spoken in the speech segment. 

Total Duration: The time (in seconds) over which the units were spoken. 

The average duration of syllables highlights regional variations or emphasis. This provides an effective metric to 

capture elongated syllables characteristic of specific dialects.  

 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑆𝑦𝑙𝑙𝑎𝑏𝑙𝑒 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 =
𝑇𝑜𝑡𝑎𝑙 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑠𝑝𝑒𝑒𝑐ℎ

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑦𝑙𝑙𝑎𝑏𝑙𝑒𝑠
                                               (6) 

 

For advanced modelling, Hidden Markov Models (HMM) can estimate syllable duration probabilities: 

 

𝑃 (
𝑑

𝜆
) =  ∏ 𝑏𝑖

𝑁
𝑖=1 (𝑑𝑖)                                                                         (7) 

 

Where: 

𝑃 (
𝑑

𝜆
) : Probability of observed syllable durations 𝑑, given the HMM parameters𝜆. 

bi (di) : Probability density function for state 𝑖 corresponding to duration 𝑑𝑖 . 

Stress pattern enhancement focuses on unique regional variations in stress that affect meaning, using methods such 

as pitch accent normalization.  

 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑠𝑡𝑟𝑒𝑠𝑠 =
Peak Amplitude or Pitch of Stressed Syllable

𝑀𝑒𝑎𝑛 𝐴𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒 (𝑜𝑟)𝑃𝑖𝑡𝑐ℎ 𝑎𝑐𝑟𝑜𝑠𝑠 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒
                                             (8) 
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Finally, intonation adjustment captures exaggerated pitch contours common in slang, conveying humour or surprise.  

 

𝑃𝑖𝑡𝑐ℎ 𝐶𝑜𝑛𝑡𝑜𝑢𝑟 = 𝑓(𝑡)                                                                      (9) 

 

Where 𝑓(𝑡) : Pitch as a function of time t. 

By integrating pitch and prosody, the model effectively captures slang-specific acoustic patterns and emotional 

nuances, improving classification accuracy. 

Impact on Model Performance 

These adjustments enhance the model's sensitivity towards accent-based pitch differences and emotional prosody, 

both of which are essential while disambiguating slang words. For example, regional dialects such as Madurai's crisp 

pronunciation or Chennai's lisp are easier to distinguish from one another, which enhances classification accuracy. We 

confirmed this through our case study (Section 6.6), where such slang like "Machan" was accurately classified using such 

alterations. 

d.  Voice Activity Detection (VAD)  

Voice Activity Detection (VAD) is employed to isolate meaningful speech content by removing silence and noise 

from the audio signal. This step is crucial for enhancing the efficiency and accuracy of subsequent stages in the 

classification pipeline. By focusing only on the speech segments, VAD reduces computational load and ensures that the 

classifier is trained on relevant data. In the context of Tamil slang classification, VAD helps identify and process the 

spoken portions of the audio, which often contain diverse dialects and regional accents. This step ensures that only the 

most relevant linguistic features are processed, improving the model's performance. 

e.  Spectral Entropy-based VAD 

Given the importance of retaining nuanced linguistic features in Tamil slang, Spectral Entropy (SE)-based VAD is 

chosen for its ability to measure the randomness of energy distribution across frequency bands and distinguish meaningful 

speech from noise or silence. The spectral entropy is calculated as: 

 

𝑆𝐸 =  − ∑ 𝑃(𝑘) log 𝑃(𝑘)𝐾
𝑘=1                                                                   (10) 

 

Where: 

𝑃(𝑘) : Normalized energy in the k-th frequency band, calculated as: 

K: Total number of frequency bands. 

 

 

Fig.1. Input processing 

4.2.  Feature Extraction 

To effectively capture the spectral and temporal characteristics inherent in Tamil speech, a range of features are 

extracted from each audio sample such as Mel spectrograms, Chroma features and spectral contrast. These features are 

chosen for their ability to represent key aspects of the audio signal that are essential for distinguishing Tamil slang and 

its regional variations. Each of these features offers unique insights into the linguistic nuances of Tamil speech and 

enhances the model’s ability to classify slang accurately.
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A.  Mel Spectrograms 

A Mel spectrogram is used as the primary time-frequency representation of the speech signal. It is derived from the 

Short-Time Fourier Transform (STFT) which divides the signal into overlapping windows and computes the frequency 

content for each segment. The Mel scale which is a perceptual scale of frequencies that is employed to better align the 

frequency resolution with the way humans perceive sound. Unlike the linear frequency scale, the Mel scale compresses 

high-frequency components and expands lower frequencies and mirroring human auditory perception. 

This representation captures both spectral (frequency-based) and temporal (time-based) features making it highly 

effective in identifying the phonetic structure of speech. The Mel spectrogram’s ability to compress the frequency range 

while retaining important speech characteristics allows it to highlight the key frequency bands that are most relevant for 

speech recognition such as formants which are critical for identifying phonetic elements. In the context of Tamil which 

is a language with distinct phonetic and tonal variations across dialects. The Mel spectrogram is good in recognizing 

subtle differences in speech patterns which are important for classifying slang. 

B.  Chroma Features 

Chroma features are particularly beneficial for capturing the harmonic structure of speech which is important for 

tonal languages like Tamil, where pitch and tone significantly affect meaning. These features focus on the energy 

distribution across different pitch classes that represent the 12 semitones of the Western musical scale. Even it is 

traditionally used in music analysis, it is also valuable in speech processing for their ability to capture tonal information 

that reflects the prosody and intonation of speech. 

In Tamil the tone and pitch variation can influence the meaning of words or phrases that makes Chroma features 

essential for distinguishing regional slangs and accents. By extracting Chroma features, the model is able to focus on the 

pitch-related aspects of speech that helps to identify dialect-specific patterns and tonal shifts that are characteristic of 

Tamil slangs. 

C.  Spectral Contrast 

Spectral contrast measures the difference in amplitude between peaks and valleys in the sound spectrum that provides 

a detailed representation of the timbre or texture of the speech signal. This feature is particularly useful for distinguishing 

different speech sounds such as vowels and consonants as well as voiced and unvoiced segments. In addition to its role 

in speech segmentation, it also helps differentiate between various voice qualities such as breathiness, nasality or the 

distinctive tonal qualities that vary across Tamil slangs. 

The spectral contrast is computed by analysing the spectral envelope of the audio signal and calculating the contrast 

between spectral peaks and valleys within a set of frequency bands. This helps in capturing the unique characteristics of 

the speech sound such as the texture and resonance of the voice that is important for identifying dialect-specific variations 

and regional slang. By incorporating spectral contrast, the model is equipped to capture fine-grained differences between 

slang categories that may be acoustically similar but differ in their underlying voice characteristics. 

4.3.  Modified Frequency-Wise Regional Accent and Emotion Adaptive PSA (FRAE-PSA) 

This method adapts the Power Spectral Analysis (PSA) framework to emphasize region-specific accents and 

emotion-driven tonal variations, which are critical for accurate Tamil slang classification. The FRAE-PSA module (see 

Fig.2.) goes beyond traditional attention mechanisms like PSA by incorporating a frequency-specific weighting strategy 

guided by auxiliary tasks such as regional accent and emotion detection. While PSA mechanisms focus on refining feature 

maps at a global level, FRAE-PSA localizes its focus to acoustic regions critical to Tamil slang. This is achieved through: 

 

 

Fig.2. FRAE-PSA module 

A.  Regional and Emotion-aware Frequency Band Division 

The frequency spectrum is split into bands based on regional accent and emotional tone characteristics present in the 

dataset: 
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• Low-Frequency Bands (0-300 Hz): Capture pitch and vowel sounds prominent in accents like Nellai and 

Madurai. 

• Mid-Frequency Bands (300-2000 Hz): Focus on consonant articulations, which are essential for slang-specific 

pronunciation. 

• High-Frequency Bands (>2000 Hz): Emphasize tonal shifts and emotional cues like stress and intonation, which 

are often key to identifying slang meanings. 

B.  Frequency-weighted Attention Mechanism 

An adaptive attention mechanism is employed to assign weights to each frequency band based on its relevance to 

regional accents or emotional tones: 

 

• Weights are learned through a small auxiliary network (e.g., an attention module) that is trained to detect 

regional accents and emotions. 

• For instance, if an emotion detection task identifies anger, the model increases the weights for high-frequency 

bands that are sensitive to emotional shifts. 

 

To mathematically represent how weights are assigned to frequency bands: 

 

𝐴𝑏 = 𝑊𝑏 . 𝑆𝐸𝑅𝑏                                                                           (11) 

Where: 

𝐴𝑏: Attention score for the frequency band b. 

𝑊𝑏: Weight assigned to the frequency band by the auxiliary network (learned during training). 

𝑆𝐸𝑅𝑏: Spectral Energy Ratio for the band b. 

This equation assigns task-specific importance to each frequency band based on emotional or regional relevance. 

For example, when detecting an emotionally charged slang expression, high-frequency bands might carry stress or pitch 

shifts that FRAE-PSA boosts using this score. 

C.  Spectral Energy Ratio (SER) 

SER helps isolate which frequency regions carry the most distinctive energy patterns. In Tamil slang, emotional 

emphasis often affects mid or high bands—this metric helps the model detect such emphasis. 

The Spectral Energy Ratio (SER) for each frequency band is computed as: 

 

𝑆𝐸𝑅𝑏 =
∑ |𝑋(𝑓)|2

𝑓𝜖𝑏

∑ |𝑋(𝑓)|2
𝑓

                                                                          (12) 

 

Where X (f) represents the Fourier transform of the signal, and b is the frequency band. SER captures energy 

variations across regions and emotional states, making slang-specific acoustic patterns more distinct and enhancing the 

classification process. 

D.  Feature Augmentation with Temporal Dynamics  

FRAE-PSA features are combined with temporal dynamics using LSTM/GRU layers to capture the sequential nature 

of speech: 

 

• SER values across bands are normalized and concatenated with temporal features from Mel spectrograms and 

Chroma. 

 

Normalization of SER values across frequency bands can be expressed as: 

 

𝑆𝐸𝑅𝑏,𝑛𝑜𝑟𝑚 =
𝑆𝐸𝑅𝑏

∑ 𝑆𝐸𝑅𝑏
𝐵
𝑏=1

                                                                     (13) 

 

Where: 

𝑆𝐸𝑅𝑏,𝑛𝑜𝑟𝑚: Normalized SER for the band b. 

𝑆𝐸𝑅𝑏: Spectral Energy Ratio for band b. 

B: Total number of frequency bands. 

 

Normalization ensures that each frequency band contributes proportionally to the feature space, avoiding bias toward 

bands with inherently higher energy. This balanced contribution is crucial for detecting slang patterns that manifest 

differently across regions (e.g., sharp intonation in Madurai vs. flatter pitch in Chennai). 
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• This fusion enhances the model's ability to capture both temporal and spectral nuances, which are critical for 

distinguishing slang terms. 

 

The fusion of features from FRAE-PSA and temporal dynamics (e.g., LSTM/GRU layers) could be represented as: 

 

𝐹𝑓𝑢𝑠𝑖𝑜𝑛 = 𝑐𝑜𝑛𝑐𝑎𝑡(𝐹𝐹𝑅𝐴𝐸−𝑃𝑆𝐴), (𝐹𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙)                                                     (14) 

 

Where: 

𝐹𝑓𝑢𝑠𝑖𝑜𝑛: Final fused feature vector. 

𝐹𝐹𝑅𝐴𝐸−𝑃𝑆𝐴: Feature vector derived from FRAE-PSA (SER values across bands). 

𝐹𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙: Temporal feature vector extracted from LSTM/GRU layers. 

 

This fusion brings together frequency-aware attention with temporal modeling, enabling the model to track how 

acoustic patterns evolve over time a key factor in understanding expressive slang. 

E.  Multi-task Auxiliary Loss  

Regional accent and emotion detection tasks guide the model in learning the importance of each frequency band 

during training: 

 

• The regional accent and emotion tasks help refine the attention mechanism, ensuring that the model dynamically 

adjusts its focus based on the acoustic cues present in the speech signal. 

• This auxiliary loss is incorporated alongside the main classification loss, enhancing the model’s ability to 

generalize and distinguish similar-sounding slang terms. 

 

The multi-task auxiliary loss combining regional accent and emotion detection can be expressed as: 

 

Ƚ𝑎𝑢𝑥 = 𝜆1Ƚ𝑎𝑐𝑐𝑒𝑛𝑡 +  𝜆2Ƚ𝑒𝑚𝑜𝑡𝑖𝑜𝑛                                                             (15) 

 

Where: 

Ƚ𝑎𝑢𝑥: Total auxiliary loss. 

Ƚ𝑎𝑐𝑐𝑒𝑛𝑡: Loss for the regional accent detection task. 

Ƚ𝑒𝑚𝑜𝑡𝑖𝑜𝑛: Loss for the emotion detection task. 

λ1, λ2: Weighting factors for balancing the contributions of each loss. 

4.4.  Model Architecture 

The proposed deep learning framework is enhanced to capture both temporal and spectral information effectively, 

with the inclusion of the Frequency-Wise Regional Accent and Emotion Adaptive Power Spectral Analysis (FRAE-PSA) 

Module. The updated architecture is designed to focus on regional and tonal variations specific to Tamil slang, leveraging 

both hierarchical feature extraction and adaptive spectral processing. 

A.  DenseNet Backbone 

The DenseNet architecture (See Fig.4.) remains a central component for hierarchical feature extraction from audio 

data. DenseNet is utilized for its ability to encourage feature reuse, improving efficiency in feature learning. 

 

• Input: Pre-processed audio data, including outputs from the FRAE-PSA module, Mel spectrograms, Chroma 

features, and spectral contrast, is fed into the DenseNet backbone. 

• Dense Blocks: Each dense block (see Fig.3.) comprises several layers performing Batch Normalization, ReLU 

activation, and 3x3 Convolutions. Each layer receives input from all preceding layers, ensuring efficient feature 

reuse. 

 

𝑥𝑖̂ =
𝑥𝑖− µ

√𝜎2+𝜖
                                                                                 (16) 

 

Where: 

𝑥𝑖: Input feature for i_th neuron. 

μ: Mean of the batch. 

𝜎2: Variance of the batch. 

ϵ: Small constant for numerical stability. 

 

• Transition Layers: Transition layers between dense blocks perform down-sampling using Batch Normalization, 

1x1 Convolution, and average pooling, reducing spatial dimensions while preserving critical features. 
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𝑦(𝑖, 𝑗) = ∑ ∑ 𝑊(𝑚, 𝑛). 𝑥(𝑖 + 𝑚, 𝑗 + 𝑛)0
𝑛=0

0
𝑚=0 + 𝑏                                                 (17) 

 

• Output: Hierarchical features extracted from DenseNet are passed to subsequent LSTM and GRU layers for 

capturing temporal dependencies. 

 

Fig.3. Dense block and transition layers 

 

Fig.4. DenseNet architecture 

B.  LSTM and GRU Layers 

RNNs suffer from the vanishing gradient problem (especially having longer word sequences), it is highly 

recommended to choose LSTMs or GRU to control this problem [19]. To leverage the sequential nature of speech, Long 

Short-Term Memory (LSTM) [20], and Gated Recurrent Units (GRU) are used to model long-range dependencies in the 

data [21]. 

Input: The audio data, represented as a sequence of feature vectors (e.g., Mel spectrogram frames) is fed into the 

LSTM and GRU layers. 

 

• Input: The processed audio data, including FRAE-PSA features and other extracted features, is fed as a 

sequence of feature vectors (e.g., Mel spectrogram frames). 

• LSTM and GRU Layers: These layers process the input sequence to learn temporal patterns [22, 23]. LSTMs 

handle complex, long-term dependencies, while GRUs focus on shorter patterns for faster learning. 

• Sequential Modelling: The combination of LSTM and GRU layers ensures a rich representation of temporal 

dependencies for distinguishing between Tamil slangs. 

Why combine DenseNet, LSTM and GRU? 

This work employs DenseNet for its capacity to extract hierarchical, dense features from spectrogram-based input 

with high feature reuse so that one may extract complex spectral patterns such as vowel duration and formant structure. 

The spectral features most important in the present context are those concerning regional varieties of Tamil speech. 

LSTM layers are introduced as they are able to learn long temporal dependencies, which are beneficial to the 

understanding of how tonal progression changes over the duration of a slang utterance. For instance, an intense phrase 

could last for a large number of syllables or seconds and could be helped with LSTM's memory. 

GRU layers are lighter and work better in detecting short-term changes and emotional changes in slang that happen 

rapidly (e.g., rapid changes in pitch or stress). They are a complement to LSTM by enhancing convergence rate and 

lowering the chances of overfitting in shorter or lower-resource data. 

Hybrid modeling allows the model to properly combine both long-term contextual features and near-term dynamic 

speech features, resulting in a good temporal balance. This improves time-variant and frequency-variant slang 

classification, as demonstrated through performance gains documented in Section 6.2 and Table 4. 

C.  FRAE-PSA Module 

The Frequency-Wise Regional Accent and Emotion Adaptive PSA (FRAE-PSA) module enhances the model by 

focusing on frequency-specific variations tied to regional accents and emotional tones. 

 

• Input: Pre-processed audio signals.
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• Frequency Band Division: The spectrum is divided into adaptive bands based on regional accent and emotional 

cues (low, mid, and high frequencies). 

• Spectral Energy Ratio (SER): The SER is computed for each band, highlighting energy variations significant 

to Tamil slang. 

• Frequency-Weighted Attention: Attention weights, dynamically learned via auxiliary regional and emotion 

tasks, emphasize task-relevant spectral bands. 

• Output: Features extracted from FRAE-PSA are combined with those from other branches for a richer feature 

space. 

D.  Pyramid Split Attention (PSA) 

The PSA module (see Fig.5.) is modified to integrate FRAE-PSA outputs, further focusing on regional and tonal 

variations. 

 

 

Fig.5. PSA split attention 

• Pyramid Split: Input features are divided into N multiple branches, each capturing distinct levels of detail from 

the spectrogram. For example, one branch focuses on high-frequency consonant sounds, while another focuses 

on low-frequency vowel sounds. 

 

𝐹𝑏𝑟𝑎𝑛𝑐ℎ𝑖
=  𝑓𝑖(𝐹𝑖𝑛𝑝𝑢𝑡)                                                                     (18) 

Where: 

𝐹𝑏𝑟𝑎𝑛𝑐ℎ𝑖
: Feature map for i-th branch. 

𝑓𝑖: Transformation applied to i-th branch (filtering or pooling to focus on specific frequency ranges). 

N: Number of branches. 

 

• Split Attention: Each branch is processed independently, and attention weights are dynamically computed to 

highlight the most important features. 

 

𝑤𝑖 =
exp (𝑠𝑖)

∑ 𝑒𝑥𝑝(𝑠𝑗)𝑁
𝑗=1

                                                                              (19) 

 

Where: 

𝑤𝑖: Attention weight for i-th branch. 

𝑠𝑖: Importance score for i-th branch, typically learned through a small auxiliary network. 

Each branch's output is then scaled by its attention weight: 

 

𝐹𝑠𝑐𝑎𝑙𝑒𝑑𝑖
= 𝑤𝑖 . 𝐹𝑏𝑟𝑎𝑛𝑐ℎ𝑖

                                                                      (20) 

 

• Feature Aggregation: The outputs from all branches are combined using attention weights to refine feature 

maps emphasizing slang-specific acoustic patterns. 

 

𝐹𝑜𝑢𝑡𝑝𝑢𝑡 = ∑ 𝐹𝑠𝑐𝑎𝑙𝑒𝑑𝑖

𝑁
𝑖=1                                                                    (21) 

 

Where:𝐹𝑜𝑢𝑡𝑝𝑢𝑡  : Final aggregated feature map. 

 

• Integration with FRAE-PSA Outputs:  If FRAE-PSA outputs (𝐹𝐹𝑅𝐴𝐸−𝑃𝑆𝐴) are included, they can be integrated 

as an additional branch or concatenated with the aggregated output: 



Enhanced Deep Learning Framework for Tamil Slang Classification with Multi-task Learning and Attention Mechanisms 

40                                                                                                                                                                        Volume 17 (2025), Issue 6 

𝐹𝑓𝑖𝑛𝑎𝑙 = 𝑐𝑜𝑛𝑐𝑎𝑡(𝐹𝑜𝑢𝑡𝑝𝑢𝑡, 𝐹𝐹𝑅𝐴𝐸−𝑃𝑆𝐴)                                                       (22) 

 

Where:𝐹𝑓𝑖𝑛𝑎𝑙: Final refined feature map incorporating both PSA and FRAE-PSA  

Outputs. 

 

E.  Hybrid Convolutional and Self-Attention Mechanism  

The hybrid architecture combines convolutional layers and self-attention mechanisms to learn both local and global 

features effectively. 

 

• Convolutional Layers: Multi-scale local features are extracted using a stack of 2D convolutional layers with 

different filter sizes. Batch Normalization and ReLU activation improve convergence and stability. 

• Self-Attention Module: Standard scaled dot-product attention is applied, with positional encoding to retain the 

temporal order of the audio sequence. 

• Hybrid Block: Each hybrid block combines convolutional layers with self-attention modules, and multiple 

hybrid blocks can be stacked for greater capacity. 

F.  Multi-branch Architecture 

The network (see Fig.6.) includes separate branches for temporal and spectral feature learning with FRAE-PSA 

integrated as an additional branch. 

Temporal Branch: 

• Layers: 2-3 LSTM or GRU layers with appropriate hidden states for Tamil slang variations. 

• Dropout: A dropout layer prevents over fitting and improves generalization. 

Spectral Branch: 

• Layers: 3-4 layers of 2D convolution, each followed by Batch Normalization and ReLU activation. 

• Pooling: Max pooling layers reduce feature map dimensionality while retaining critical spectral information. 

G.  FRAE-PSA Branch 

Features extracted from FRAE-PSA are fused with temporal and spectral branches for a richer representation. 

H.  Feature Fusion 

Outputs from all branches are concatenated and passed through fully connected layers to prepare the final 

representation for classification. 

 

 

Fig.6. Hybrid convolution attention and multi branch architecture 
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4.5.  Multi-task Learning 

In recent years, Multi-Task Learning (MTL), which can leverage useful information of related tasks to achieve 

simultaneous performance improvement on these tasks [24]. To enhance the model's generalization capabilities across 

diverse dialects and slang variations, we introduce a robust multi-task learning framework. This approach ensures that 

the model not only classifies Tamil slang effectively but also simultaneously performs auxiliary tasks that provide 

additional contextual understanding. The primary and auxiliary tasks are designed to enrich the model's representation of 

the speech data and capture nuanced linguistic features, with the newly integrated FRAE-PSA module enhancing the 

model's focus on regional and emotional variations in speech. 

A.  Regional Accent Detection 

Accurately classifying accents and detecting accents in speakers [9] are both challenging tasks due to the complexity 

and diversity of accent and dialect variations [25]. Tamil slang varies significantly across regions, with each area 

developing unique phonetic and tonal characteristics. In Tamil Nadu, cities like Chennai, Kovai (Coimbatore), Madurai, 

and Nellai (Tirunelveli) have distinct accents that influence how slang terms are pronounced. These regional accents 

affect speech patterns such as stress, intonation, and pronunciation, which are critical for accurately distinguishing slang 

terms. 

 

• Chennai Accent: Chennai slang often has a neutral tone with a slight drawl, especially at the end of words. For 

example, the slang term "machan" (meaning “brother” or “friend”) may be pronounced with a more laid-back 

tone and slight elongation on the last syllable. 

• Madurai Accent: Madurai Tamil is known for its faster, more energetic delivery, emphasizing certain syllables. 

For instance, "vaadi" (meaning "come here") is spoken with a sharp, assertive tone and emphasis on the first 

syllable. 

• Kovai Accent: Kovai slang can have unique vowel elongations and a distinct pitch contour. The word "thambi" 

(meaning "younger brother") may exhibit a pronounced dip in pitch between syllables, which can be analysed 

using pitch slopes: 

 

𝑃𝑖𝑡𝑐ℎ 𝑆𝑙𝑜𝑝𝑒 =
𝑓(𝑡2)−𝑓(𝑡1)

𝑡2− 𝑡1
                                                                    (23) 

 

Where: 

𝑓(𝑡2), 𝑓(𝑡1): Fundamental frequency at time. 

𝑡2, 𝑡1: Two points in time. 

 

• Nellai Accent: In Nellai, certain slang words are delivered with melodic intonation and specific vowel stresses, 

such as the word "enna" (meaning “what”), which might have an emphasized nasal tone. 

 

Formant Frequency Analysis 

Accents can vary in their formant frequencies, which correspond to resonant frequencies of the vocal tract: 

 

𝑓𝑖 =
𝑐

4𝐿
(𝑖 + 0.5)                                                                           (24) 

 

Where: 

𝑓𝑖: Formant frequency for i-th formant. 

𝑐: Speed of sound in air (~343 m/s). 

𝐿: Length of the vocal tract. 

For example: Madurai accent may show a sharper shift in (vowel emphasis) and Nellai accent may emphasize 

specific vowel stresses, altering. 

 

By training the model to identify these accents, FRAE-PSA enhances the model’s ability to capture phonetic and 

tonal markers specific to each region. This enables the model to understand subtle acoustic differences and improves its 

accuracy in classifying slang by leveraging accent-specific characteristics as auxiliary cues. Accent detection helps to 

reduce misclassification caused by similar-sounding slang that varies only by regional pronunciation. 

B.  Emotion Detection 

Emotion recognition has gained importance in recent times to analyse the emotional state of an individual [26]. 

Emotion detection adds a layer of context by identifying the emotional state of the speaker [27], which influences how 

slang is used and perceived. Emotions like happiness, anger and surprise can alter the pitch, speed, and intonation of slang 

expressions, impacting their meaning and tone. 
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• Happy Emotion: In a happy tone, the slang "da" (used informally to address a male friend) might be spoken 

with a sing-song intonation, conveying friendliness or excitement. 

• Angry Emotion: When spoken angrily, the same word "da" may have a sharper, more forceful tone, indicating 

confrontational or dismissive undertones. 

• Surprise Emotion: In a surprised tone, "aamaam" (meaning "yes") may be stretched with a rising pitch at the 

end, conveying disbelief or astonishment. 

 

FRAE-PSA contributes to emotion detection by emphasizing spectral variations associated with emotional speech 

patterns, allowing the model to capture these tonal shifts more accurately. Emotion detection helps the model differentiate 

between slang usages that might otherwise be ambiguous if analysed only on phonetic content. For instance, "vaadi" 

spoken in a cheerful tone might imply a friendly call, while in an angry tone, it might serve as a stern command. By 

detecting these emotional cues, the model can disambiguate slang meanings, improving feature extraction and overall 

classification accuracy. 

C.  Combined Impact of Accent and Emotion Detection 

Accent detection provides the model with spatial context by focusing on regional phonetic markers, while emotion 

detection enriches it with emotional context. The integration of both tasks (see Table 2.) enhances how well the model 

interprets slang in different tonal expressions. This combined multi-task framework enables the model to generalize better 

across dialects and slang variations, as it learns to recognize specific patterns tied to both regional accents and emotional 

tones. The addition of the FRAE-PSA module refines this learning by incorporating spectral energy patterns that are most 

relevant for distinguishing regional and emotional features in Tamil slang. This combined approach ultimately makes the 

slang classification model more adaptable to the nuanced ways slang is used across Tamil Nadu, leading to a model that 

not only performs better in slang classification but also generalizes more effectively across speakers and contexts. 

Table 2. Performance metrics for multi-task learning model 

Task Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Slang Classification Only 85.3 83.5 84.1 83.8 

Slang + Regional Accent Detection 89.4 88.2 88.9 88.5 

Slang + Emotion Detection 87.6 86.8 87.0 86.9 

Slang + Both Auxiliary Tasks 94.2 93.5 93.8 93.6 

4.6.  Loss Functions 

To improve classification performance and ensure that the model effectively distinguishes between the subtleties of 

Tamil slang, we utilize a combination of custom loss functions. This multi-loss approach is designed to address the unique 

challenges of our dataset, such as class imbalance, the presence of similar-sounding slang words, and the incorporation 

of regional and emotional variations from the FRAE-PSA module. 

A.  Cross-entropy Loss 

The primary loss function for the main task of slang classification is Cross-Entropy Loss. It is widely used for multi-

class classification problems and works by measuring the discrepancy between the predicted class probabilities and the 

actual class labels. By minimizing this loss, the model is encouraged to assign higher probabilities to the correct slang 

class, optimizing its overall classification accuracy. This is particularly important for correctly classifying slang that varies 

across different regional accents and emotional tones. 

Mathematically, Cross-Entropy Loss is defined as: 

  

𝐿𝑜𝑠𝑠𝐶𝐸 = − ∑ 𝑦𝑖 
𝑁
𝑖=1 log 𝑦𝑖̂                                                                  (25) 

 

Where 𝑦𝑖  is the true label, 𝑦𝑖̂ is the predicted probability, and N is the number of classes. 

B.  Contrastive Loss 

To address the challenge of differentiating between similar-sounding slang words, we incorporate Contrastive Loss. 

This loss function helps the model learn to pull similar samples closer together in the feature space while pushing 

dissimilar ones apart. It is particularly effective for tasks where fine-grained distinctions are necessary, such as 

distinguishing between slang words that differ only slightly in pronunciation due to regional accent or emotional tone. 

The formula for Contrastive Loss is: 

  

𝐿𝑜𝑠𝑠𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 =  
1

2
 (𝑦. 𝐷2 + (1 − 𝑦). 𝑚𝑎𝑥(0, 𝑚 − 𝐷)2)                                          (26) 

 

Where y is the label indicating whether the pair of samples is similar or dissimilar, D is the Euclidean distance 
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between the embedding, and m is the margin that defines the minimum distance for dissimilar pairs. 

Contrastive loss allows the model to learn a semantic space where acoustically similar slang terms (e.g., “da” in 

anger vs. “da” in affection) are pushed apart if their emotional or regional contexts differ. This is especially useful when 

terms share phonetics but differ in tone or sentiment. 

C.  Focal Loss 

To mitigate the issue of class imbalance in our dataset, we use Focal Loss. This loss function extends Cross-Entropy 

Loss by adding a modulating factor that places greater emphasis on harder-to-classify examples. The model is less biased 

towards the majority classes and pays more attention to the minority classes, which often include slang terms with subtle 

differences due to accent or emotional expression. The Focal Loss is critical for improving the classification of minority 

classes and slang expressions that may otherwise be overlooked. 

Even with a balanced dataset, certain slang expressions may still exhibit imbalance in pronunciation variants or 

speaker-specific usage patterns. To address this, we incorporate Focal Loss, which down-weights the loss assigned to 

well-classified examples and focuses training on harder, often underrepresented samples. This improves the model's 

attention to phonetically subtle or emotion-influenced slang, reducing misclassification due to minor intra-class variation. 

The formula for Focal Loss is: 

 

𝐿𝑂𝑆𝑆𝐹𝑜𝑐𝑎𝑙 =  −𝛼(1 − 𝑦̂)𝛾𝑦 log(𝑦̂)                                                        (27) 

 

Where α is a weighting factor to balance the importance of positive and negative classes, γ is the focusing parameter 

that adjusts the rate at which easy examples are down-weighted, and 𝑦̂ is the predicted probability. 

D.  Combined Loss Function 

The overall loss for our model is a weighted combination of the three loss functions mentioned above, ensuring that 

the model is optimized for both classification accuracy and robustness against class imbalance and subtle differences in 

slang words, regional accents, and emotional tones captured by the FRAE-PSA module. 

 

𝑇𝑜𝑡𝑎𝑙 𝐿𝑜𝑠𝑠 =  𝜆1. 𝐿𝑂𝑆𝑆𝐶𝐸 + 𝜆2. 𝐿𝑂𝑆𝑆𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 + 𝜆3. 𝐿𝑂𝑆𝑆𝐹𝑜𝑐𝑎𝑙                                (28) 

 

Where λ1, λ2 and λ3are hyper parameters that control the contribution of each loss component. This combined 

approach ensures that the model is well-optimized for both classification accuracy and robustness against class imbalance 

and subtle differences in slang words. 

By employing these custom loss functions, the model achieves better differentiation between similar-sounding slangs, 

greater focus on minority classes, and improved overall performance in handling both regional accent differences and 

emotional tonal variations. 

4.7.  Model Efficiency Optimization 

Given the complex architecture of the proposed deep learning framework for Tamil slang classification, optimizing 

model efficiency is essential to ensure that the system is practical and deployable in real-world scenarios. Additionally, 

we evaluate the model's deployability by measuring its inference latency and model size. Using pruning and quantization, 

the model is compressed from 320 MB (Transformer-based) to 270 MB, with only a 1% drop in accuracy. These 

enhancements make the model viable for deployment on mobile processors and embedded devices like Raspberry Pi and 

Jetson Nano. Incorporating multiple pre-trained models with varying architectures and configurations would provide a 

more comprehensive evaluation of the model performance [8]. To achieve this, we incorporate several techniques aimed 

at reducing computational overhead while maintaining model accuracy, particularly in resource-constrained environments. 

A.  Lightweight Networks 

To reduce the computational load, lightweight versions of the DenseNet backbone and other components, including 

the FRAE-PSA module, are employed. Simplified architectures reduce the number of parameters and layers, resulting in 

faster processing times. This is crucial for applications that require real-time processing or are deployed on devices with 

limited computational resources (e.g., mobile or embedded systems). Special attention is given to optimizing the FRAE-

PSA module to ensure that its frequency-band attention mechanism remains efficient without compromising the model's 

ability to capture regional and emotional variations. 

B.  Compression Techniques 

Model compression techniques such as pruning and quantization are applied to further enhance efficiency: 

C.  Model Pruning 

This technique involves removing redundant or less important neurons and connections in the network. Pruning 

reduces overall model complexity and improves inference speed, especially for the FRAE-PSA module, which can 

otherwise be computationally intensive due to its multi-scale frequency-band processing. The pruning process can be 
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represented as: 

 

𝑤𝑖 = {
𝑤𝑖 , 𝑖𝑓|𝑤𝑖| ≥ 𝑇

0, 𝑖𝑓|𝑤𝑖| < 𝑇
                                                                        (29) 

 

Where: 

𝑤𝑖: Weight of i-th connection. 

𝑇: Pruning threshold. 

The sparsity of the pruned model is measured as: 

  

𝑆 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑢𝑛𝑒𝑑 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠
                                                               (30) 

 

By pruning unnecessary parameters, we optimize the feature extraction process without losing critical information 

tied to regional and emotional distinctions in Tamil slang. 

D.  Quantization 

This method converts the model’s weights from high-precision floating-point representations (32-bit) to lower 

precision (such as 8-bit integers). The quantization process is defined as: 

 

𝑤𝑞 = 𝑟𝑜𝑢𝑛𝑑 (
𝑤

𝑠
) . 𝑠                                                                       (31) 

 

Where: 

𝑤𝑞: Quantized weight. 

𝑤: Original weight. 

𝑠: Scale factor, determined during calibration. 

The quantization error can be calculated as: 

 

𝐸𝑞 = |𝑤 − 𝑤𝑞|                                                                              (32) 

 

Quantization reduces the model size and improves execution speed, particularly beneficial for deployment on mobile 

and embedded systems. While this technique is applied to the DenseNet backbone and temporal layers, it is also important 

to ensure that the FRAE-PSA module's precision is adequately preserved, so the quantization process is carefully 

calibrated to minimize any potential impact on accuracy. 

E.  Optimized Inference for Real-time Processing 

In addition to pruning and quantization, optimized inference techniques like batch normalization and efficient 

attention mechanisms are used. The FRAE-PSA module is tailored to focus on the most critical frequency bands for 

regional and emotional classification tasks, ensuring that the model remains efficient in practical applications. 

Efficiency Metrics 

To evaluate model efficiency, metrics like FLOPs (Floating Point Operations) and Inference Latency are used: 

 

𝐹𝐿𝑂𝑃𝑠 = ∑ (2. 𝐼𝑙 . 𝑂𝑙 . 𝐾𝑙
2)𝐿

𝑙=1                                                                   (33) 

 

Where: 

𝐿: Number of layers. 

𝐼𝑙 , 𝑂𝑙: Input and output channels of the l-th layer. 

Kl: Kernel size. 

Inference Latency 

 

Tinference =
1

𝑓
 . 𝑇𝑖𝑚𝑒 𝑝𝑒𝑟 𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛                                                        (34) 

 

Where: 

Tinference: Total inference time. 

𝑓: Number of FLOPs executed per second. 

 

Through these efficiency enhancements, the proposed model for Tamil slang classification achieves both high 

accuracy and practical usability in real-world applications, even in environments with limited computational resources. 

The careful optimization of both the DenseNet backbone and the FRAE-PSA module ensures that the model can be 
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deployed on devices such as mobile phones or embedded systems while maintaining its performance. 

5.  Experimental Setup 

A comprehensive experimental setup is employed to validate the performance and effectiveness of the proposed 

deep learning framework for Tamil slang classification. The setup encompasses details about the dataset, evaluation 

metrics, and baseline models used for comparative analysis. 

5.1.  Dataset Details 

The experimental evaluation is conducted using a balanced and diverse audio corpus designed to represent the unique 

characteristics of Tamil slang across various regions. The dataset comprises 900 audio samples collected from different 

sources, including Tamil movies, YouTube, and social media reels. The samples are evenly distributed among four major 

Tamil slang categories: Chennai, Kovai, Madurai, and Nellai. The gender distribution includes 530 male and 370 female 

voice samples, ensuring a comprehensive representation of speech variations. Each audio sample ranges from 5 to 15 

seconds and has been pre-processed into .wav format for compatibility with machine learning and deep learning 

algorithms [21]. Specialized pre-processing steps, such as pitch and prosody adjustments, Mel spectrogram generation, 

and voice activity detection, are applied to prepare the dataset for training and evaluation. 

5.2.  Evaluation Metrics 

To assess the performance of the proposed model, a range of standard evaluation metrics [28] are used, including: 

 

• Accuracy: The ratio of correctly predicted instances to the total number of instances, measuring the overall 

effectiveness of the model. 

• Precision: The ratio of true positive predictions to the total positive predictions, indicating how well the model 

avoids false positives. 

• Recall (Sensitivity): The ratio of true positive predictions to the total actual positives, measuring the model’s 

ability to detect all relevant instances. 

• F1-Score: The harmonic means of precision and recall [29], providing a balanced evaluation metric when 

dealing with class imbalance or unequal error costs. 

• Cross-Validation Scores: Used to ensure model robustness and generalizability with k-fold cross-validation 

employed to avoid over fitting and provide a reliable measure of performance across different data splits. 

5.3.  Baseline Models 

The proposed model’s performance is benchmarked against several traditional and simpler deep learning models [30] 

to highlight the improvements achieved through the advanced architectural choices and multi-task learning approach: 

 

• Traditional Machine Learning Models: Algorithms such as K-Nearest Neighbors (KNN), Logistic Regression, 

Naive Bayes, Decision Trees, and Random Forests are used as baselines to demonstrate the superiority of deep 

learning models in handling complex audio features. 

• Convolutional Neural Networks (CNNs): Baseline CNN models are implemented to compare the effectiveness 

of convolutional layers in feature extraction from speech data. These models serve as a reference for evaluating 

the improvements provided by the DenseNet and attention-based architectures. 

• Vanilla Recurrent Neural Networks (RNNs): Simple RNN models are used to establish a baseline for recurrent 

architectures, emphasizing the benefits of incorporating Long Short-Term Memory (LSTM) and Gated 

Recurrent Units (GRU) layers in capturing long-range dependencies and temporal dynamics. 

• RBF Kernel SVM: A traditional Support Vector Machine model with a Radial Basis Function (RBF) kernel is 

included to assess the performance of classical kernel-based methods compared to the hybrid kernel function. 

• PSA: The attention mechanism plays a key role in image processing, natural speech processing, and audio signal 

processing. This mechanism enables the model to focus on potential feature information [31]. PSA provides 

strong feature attention but lacks the adaptability required to effectively model regional accent variations and 

emotional cues, leading to lower performance in Tamil slang classification. 

• Transformer Attention: It highly effective for sequence modelling, does not adapt specifically to regional and 

emotional features, leading to inefficiencies in tasks like slang classification where these elements play a critical 

role. 

• The Proposed FRAE-PSA Model: It surpasses both PSA and Transformer Attention by introducing dynamic 

frequency-wise attention that adjusts to regional accents and emotional expressions, leading to significant 

improvements in classification accuracy and computational efficiency. 

 

The baseline models selected encompass a wide variety of methodologies in an attempt to capture an extensive 

performance benchmark. Popular machine learning models such as K-Nearest Neighbors (KNN), Logistic Regression, 

Naive Bayes, Decision Trees and Random Forest were selected due to their historical use for speech classification tasks 
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and ease of interpretability. Deep learning baselines such as CNN and vanilla RNN models were incorporated in an 

attempt to capture the effect of temporal and convolutional feature extraction separately. 

Apart from that, attention-based approaches such as PSA and Transformer-based models were selected since they 

are the current state-of-the-art on applying attention-based mechanisms to speech and language issues. Nonetheless, the 

models mentioned above do not have the capability of dynamically adjusting to frequency-local or emotional components 

of speech features. Our FRAE-PSA model specifically aims to counter this very limitation by employing frequency-wise 

attention through auxiliary tasks such as accent and emotion detection for reaching more subtle and context-sensitive 

classification. 

6.  Results and Discussion 

The experimental results are presented in detail to highlight the performance enhancements achieved by the proposed 

model, including the newly introduced FRAE-PSA module, compared to various baseline models. The analysis includes 

a performance comparison, ablation studies, and error analysis to provide a comprehensive evaluation of the framework's 

effectiveness. 

6.1.  Performance Comparison 

It (see Table 3.) outlines the performance metrics of the proposed multi-task learning model including the cross 

validation scores with the FRAE-PSA module and the baseline models including traditional machine learning algorithms 

and simpler deep learning architectures. The proposed model achieves up to a 15% improvement in accuracy, showcasing 

significant advancements in Tamil slang classification. 

The results demonstrate that the proposed model, which incorporates advanced components such as the DenseNet 

backbone, LSTM/GRU layers, FRAE-PSA module, Pyramid Split Attention (PSA) module, and hybrid convolutional 

and self-attention mechanisms, outperforms the baseline models across all metrics. The inclusion of multi-task learning, 

combined with FRAE-PSA features, further boosts performance by enabling the model to learn richer feature 

representations that capture nuanced regional and emotional cues. 

The FRAE-PSA module outperformed PSA and Transformer-based mechanisms, achieving a 2.7% higher accuracy 

than PSA and maintaining computational efficiency with a 12% lower training time compared to Transformer-based 

attention. 

Table 3. Performance metrics comparison 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

K-Nearest Neighbors (KNN) 86.14 85.0 84.8 84.9 

Logistic Regression 83.17 82.5 82.0 82.2 

Naive Bayes 70.30 68.4 69.1 68.7 

Decision Trees 73.27 72.0 71.5 71.7 

Random Forest 89.11 88.5 88.8 88.6 

CNN Baseline 84.56 83.2 83.5 83.4 

Vanilla RNN 80.25 79.0 78.5 78.7 

RBF Kernel SVM 78.90 77.6 77.8 77.7 

PSA 91.50 90.5 90.3 90.4 

Transformer Based Attention 92.30 91.8 91.4 91.6 

Proposed FRAE-PSA Model 94.20 93.8 93.5 93.6 

6.2.  Ablation Studies 

To evaluate the contribution of different components within the model, including the FRAE-PSA module, a series 

of ablation studies are conducted. The results of these experiments, summarized (see Table 4.) highlight the impact of 

each module on the overall performance. 

Table 4. Ablation study results 

Model Configuration Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Without FRAE-PSA Module 91.80 91.0 90.7 90.8 

Without PSA Module 89.75 89.0 88.5 88.7 

Without Multi-Task Learning 91.00 90.4 90.1 90.2 

Without LSTM/GRU Layers 87.40 86.8 86.5 86.6 

Hybrid Convolution Only 88.90 88.3 88.0 88.1 

Full Model (FRAE-PSA) Configuration 94.20 93.8 93.5 93.6 
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The ablation studies reveal that the FRAE-PSA module significantly enhances performance by emphasizing 

frequency bands relevant to regional accents and emotional cues. The PSA module further improves the model’s ability 

to focus on tonal variations, while the LSTM/GRU layers effectively model sequential dependencies. Removing the 

FRAE-PSA module leads to a noticeable drop in performance, underscoring its critical role in refining the feature space 

for Tamil slang classification.  

The removal of the FRAE-PSA module resulted in a 2.4% drop in accuracy, indicating its critical role in capturing 

nuanced regional and emotional features. The full model configuration showed the best performance across all metrics. 

6.3.  Error Analysis 

The practice of evaluating the test set examples that the models misclassified in order to uncover the underlying 

reasons for the errors is referred to as error analysis [32]. Despite the high performance, certain areas of misclassification 

persist. Common errors occur when slang terms are acoustically similar or when there are overlapping features between 

regional accents. For example, slang words that sound phonetically similar but belong to different regions are occasionally 

misclassified due to subtle tonal variations. 

The FRAE-PSA module mitigates some of these errors by emphasizing frequency bands critical to regional and 

emotional distinctions. However, challenges remain in speech samples with strong emotional expressions, as the 

emotional tone can obscure slang-specific acoustic patterns. 

Future improvements could involve further refining the FRAE-PSA module, such as integrating deeper attention 

mechanisms or employing advanced domain adaptation techniques. Additionally, augmenting the dataset with more 

diverse samples and exploring alternative loss functions could help address remaining challenges. 

6.4.  Error Reduction in Phonetically Similar Slang Terms 

Phonetically similar slang terms are a significant challenge in Tamil slang classification due to overlapping acoustic 

features. For example, the slang terms "vaadi" (come here) and "vaanadi" (sky girl) often exhibit similar pitch and tonal 

patterns, especially in casual speech. Traditional attention mechanisms like PSA misclassified such terms due to their 

inability to emphasize task-relevant frequency bands dynamically. The proposed FRAE-PSA module mitigates these 

issues by: Dynamically assigning higher attention weights to frequency bands where subtle tonal differences are more 

pronounced (e.g., vowel elongations in "vaanadi") and leveraging auxiliary tasks like emotion and regional accent 

detection to refine feature representations, reducing misclassification caused by emotional overlaps or regional variations. 

6.5.  Confusion Matrix Comparison 

It is one of the simplest ways to assess a classification algorithm’s performance. It summarizes the prediction 

outcomes for a classification task [33]. Below (see Fig.7.) is a hypothetical confusion matrix comparison for all models, 

focusing on two challenging slang terms, "Vaadi" (come here) and "Vaanadi" (sky girl). This comparison highlights the 

performance differences across models, particularly in handling phonetically similar terms. 

Highest Accuracy: The FRAE-PSA model achieves the best results, reducing errors to: 3 misclassified "Vaadi" 

samples and 4 misclassified "Vaanadi" samples. 

Improvements over PSA: Compared to PSA, FRAE-PSA achieves 80% reduction in "Vaadi" misclassifications (15 

to 3) and 67% reduction in "Vaanadi" misclassifications (12 to 4). 

Traditional models like Naive Bayes and Logistic Regression struggle with phonetically similar terms. Deep learning 

models (CNN, RNN) perform better, but FRAE-PSA outperforms them significantly by dynamically focusing on 

frequency bands and leveraging auxiliary tasks. 

6.6.  Case Study: Regional and Emotional Overlaps  

Case Study 1: A common error occurs in slang terms like "Machan" (brother/friend), which can sound different in 

Chennai Tamil versus Madurai Tamil. Additionally, the emotional tone (e.g., anger or joy) influences pronunciation.  

 

• PSA Performance: Misclassified 18% of samples due to failure in distinguishing tonal variations between 

regions. 

• FRAE-PSA Performance: Reduced misclassification to 7% by emphasizing regional accent-specific features in 

the mid-frequency bands and adapting attention weights dynamically based on emotional cues. 

 

Case Study 2: For the slang "Machan": In Chennai Tamil, pronounced with a neutral tone and moderate pitch 

variation. In Madurai Tamil, pronounced with sharp tonal rises, often reflecting excitement or urgency. Using FRAE-

PSA, the model assigned higher weights to mid-frequency consonant articulations for Chennai and Enhanced focus on 

pitch variations for Madurai, improving accuracy. 

6.7.  Inference Time and Model size 

The FRAE-PSA model achieves only a 5% increase in inference time (4.0 ms) compared to PSA (3.8 ms) while 

delivering a 2.7% accuracy improvement. It is 20% faster than Transformer-based attention (5.0 ms) while maintaining 

higher accuracy (see Fig.8.). These efficiency metrics make the proposed model ideal for real-time applications such as 
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voice assistants, speech-based search engines, and automatic content moderation systems operating in Tamil. The reduced 

latency and smaller footprint make it suitable for use on low-power CPUs, enabling practical deployment in rural or 

mobile-first settings. 

FRAE-PSA has a model size of 270 MB, which is 16% smaller than Transformer-based attention (320 MB) and 

comparable to PSA (250 MB), making it deployable in resource-constrained environments. 

 

 

Fig.7. Hypothetical confusion matrix comparison for all models focusing on two challenging slang terms, "Vaadi" (come here) and "Vaanadi" (sky girl) 

   

Fig.8. Inference time and model size for all models 

6.8.  Cross-validation Results 

To ensure the robustness and generalization of the model, k-fold cross-validation (k=5) was applied to assess 
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performance across different data splits. The cross-validation results show a consistent performance, with the model 

maintaining high accuracy and F1-score across various folds, reinforcing the model’s generalization ability and robustness 

against over fitting. 

 

 

Fig.9. Training loss and training / validation accuracy 

7.  Conclusions 

This study presented an enhanced deep learning framework for classifying Tamil slang, integrating advanced 

components such as the Frequency-Wise Regional Accent and Emotion Adaptive PSA (FRAE-PSA) module, multi-task 

learning, and specialized attention mechanisms. The framework effectively utilized a DenseNet backbone for hierarchical 

feature extraction and combined LSTM and GRU layers to capture the temporal dynamics of speech. By incorporating 

FRAE-PSA and Pyramid Split Attention (PSA), the model emphasized critical regional and emotional variations, enabling 

it to learn both local and global features specific to Tamil slang. Key findings demonstrated that the proposed model 

outperformed traditional and baseline approaches, achieving up to a 15% improvement in accuracy. The FRAE-PSA 

module significantly enriched feature representations by capturing nuanced spectral patterns tied to regional accents and 

emotional tones, while the multi-task learning approach provided auxiliary support for better generalization. The 

framework also incorporated lightweight architectures and compression techniques, ensuring its practical applicability in 

real-world scenarios. This work contributes to the field by addressing the unique challenges of Tamil slang classification, 

particularly the interplay of regional and tonal variations, emotional cues, and phonetically similar terms. The integration 

of FRAE-PSA not only improves slang detection but also provides a scalable approach for incorporating additional 

linguistic contexts. Despite these advancements, challenges remain in handling edge cases, such as phonetically similar 

slang terms and emotionally expressive speech samples, which occasionally result in misclassification. Addressing these 

issues will be critical for future improvements. 

8.  Future Scope and Direction 

Future research in Tamil slang classification could focus on expanding the dataset to include a broader range of slang 

terms, dialects, and demographic groups to enhance the model’s generalization. Advanced methodologies such as 

reinforcement learning could dynamically adapt the model’s focus to the most critical features, tackling challenges like 

phonetically similar slang terms. Incorporating unsupervised pre-training using self-supervised techniques like contrastive 

learning could enhance feature representations, particularly for low-resource settings. A hybrid approach combining these 

strategies could lead to significant advancements. 

Additionally, exploring advanced attention mechanisms such as multi-scale attention or speech-specific transformers 

could improve feature extraction by focusing on relevant regions of the speech signal. Addressing class imbalance and 

overlapping acoustic features with alternative loss functions could further enhance performance. Extending the framework 

to support cross-language adaptation would allow the model to classify slang in other languages, making it more versatile 

for global applications. Finally, optimizing for real-time deployment and implementing error-handling mechanisms such 

as secondary classifiers could address misclassification due to phonetically similar terms or emotional variations. These 

directions will help create efficient, robust models for Tamil slang classification, expanding its use in applications like 

speech recognition and emotion detection. 
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