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Abstract—In recent years, automatic speech recognition (ASR) 
has witnessed tremendous advancements owing to the rapid 
evolution of deep learning techniques and the emergence of 
transformer-based large language models (LLMs). Despite this 
progress, the accurate identification of speaker accent and emo- 
tional tone—referred to as ”passion” in this context—remains a 
complex challenge due to variability in pronunciation, prosody, 
regional dialects, and the subjective nature of emotion expression. 
Identifying such characteristics is crucial for enhancing the 
personalization, inclusivity, and robustness of ASR systems, 
especially in multilingual and culturally diverse environments. 

This review provides a comprehensive analysis of 
recent approaches that leverage LLMs for the joint task 
of accent and passion recognition. We examine the role 
of pretrained models such as Wav2Vec, Whisper [2], 
and HuBERT [12] [3] in capturing acoustic features and 
contextual semantics from raw audio signals. In 
addition, we explore multimodal fusion strategies that 
combine textual, auditory, and prosodic cues for 
enriched emotion clas- sification. The survey further 
delves into cross-lingual transfer learning, attention 
mechanisms, and the impact of code-switching on 
recognition accuracy. 

Through comparative evaluations and model architecture in- 
sights, we highlight how LLMs are transforming the landscape 
of affective and phonetic modeling in speech recognition. This 
work aims to identify future research directions, open challenges, 
and potential solutions that pave the way for emotionally and 
linguistically aware ASR systems. 

 

I. INTRODUCTION 
 

Speech is an essential mode of human communication, 

conveying not just lexical information but also a wide range 

of para-linguistic features such as accent, emotion, tone, 

and rhythm. These features carry vital contextual cues that 

allow listeners to infer the speaker’s background, emotional 

state, and even intent. In recent years, Automatic Speech 

Recognition (ASR) systems have made remarkable strides, 

achieving near-human levels of performance in controlled 

conditions. However, these systems still encounter significant 

challenges when dealing with speakers of varying accents 

and emotional expressions, particularly in real-world scenarios 

where diversity in speech patterns is prevalent. 

Accents arise from regional, cultural, and linguistic differ- 

ences, affecting pronunciation, stress, intonation, and phonetic 

articulation. For ASR systems to be globally inclusive and 

effective, it is imperative that they accurately interpret speech 

across a broad spectrum of accents. Simultaneously, emotional 

cues—referred to in this context as “passion”—are inherently 

intertwined with speech. Emotions influence the acoustic prop- 

erties of speech, such as pitch, energy, speaking rate, and 

prosody. The ability to detect such cues enables systems to re- 

spond with greater empathy and context-awareness, especially 

in applications involving customer support, virtual assistants, 

healthcare diagnostics, and language learning. 

Conventional methods for accent and emotion recognition 

often relied on handcrafted features, shallow classifiers, or 

statistical signal processing approaches. While these methods 

yielded moderate success, they lacked the scalability and 

adaptability required for dynamic, real-time speech process- 

ing in diverse linguistic environments. The emergence of deep 

learning—and more recently, Large Language Mod- els 

(LLMs)—has transformed this domain. LLMs such as 

Wav2Vec 2.0 [1], HuBERT [12] [3], Whisper [2], and 

SpeechT5 [4] are capable of extracting hierarchical and 

contextual features from raw audio and text. These models 

have shown great promise in bridg- ing the performance gap 

by learning complex relationships between acoustic, phonetic, 

and semantic features. 

Moreover, the integration of attention mechanisms and self- 

supervised learning has enhanced the generalization ability 

of these models, allowing them to adapt to new languages 

and speakers with minimal retraining. LLMs can be fine- 

tuned for specific downstream tasks like accent classifica- 

tion and emotion detection using large, annotated corpora 

or zero-shot transfer techniques. Additionally, multimodal fu- 

sion—combining text, audio, and prosodic inputs—has been 

explored to further improve classification performance and 

http://www.ijcrt.org/
mailto:alimshaikh1046@gmail.com
mailto:santosh.gaikwadcsit@gmail.com
mailto:ak.scos@jspmuni.ac.in


www.ijcrt.org                                                              © 2025 IJCRT | Volume 13, Issue 6 June 2025 | ISSN: 2320-2882 

IJCRT2506690 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org f890 
 

system robustness. 

This paper presents a detailed review of existing research 

on accent and passion identification using LLMs in the context 

of ASR. We explore the underlying architectures, model 

training strategies, data preprocessing techniques, evaluation 

metrics, and benchmark datasets used across studies. The 

survey also identifies key challenges, such as data imbalance, 

bias mitigation, multilingual generalization, and computational 

overhead, while highlighting future directions including low- 

resource language support, real-time inference, and integration 

with emotion-aware dialogue systems. Through this analysis, 

we aim to provide a foundation for future work that seeks to 

build speech recognition systems that are not only accurate but 

also sensitive to the cultural and emotional nuances of human 

communication. 

II. BACKGROUND 

Accent and passion detection has long relied on classical 

signal processing and statistical learning methods such as 

Gaussian Mixture Models (GMMs) and Hidden Markov Mod- 

els (HMMs). These approaches were effective under 

controlled conditions but often failed in real-world settings. 

Deep neural networks, especially LSTM and CNN 

architectures, brought significant improvements by modeling 

temporal and spatial dependencies. LLMs like BERT [12], 

Wav2Vec 2.0 [1], and Whisper [2] now further advance these 

capabilities by leveraging unsuper- vised pretraining and 

transformer-based architectures. 

These developments signify a shift from rule-based methods 

to data-driven learning. Earlier systems required handcrafted 

features and task-specific engineering. In contrast, LLMs auto- 

matically learn representations that capture contextual seman- 

tics and acoustic properties, making them more adaptable to 

variations in speech. 

III. ACCENT IDENTIFICATION USING LLMS 

Accent identification is a classification task where a model 

determines the regional or national origin of a speaker’s pro- 

nunciation. Accents significantly affect speech intelligibility 

and recognition performance, especially when models are 

biased toward standard dialects. LLMs address this by: 

• Pretraining on multilingual corpora: This helps in learn- 

ing cross-linguistic phonetic features. 

• Fine-tuning with accent-tagged data: Improves sensitivity 

to region-specific speech characteristics. 

• Using embeddings as input to classifiers: Allows reuse of 

speech features in downstream accent recognition tasks. 

Datasets Used: 

• Mozilla Common Voice [5] (multi-accent) 
• VoxForge (open-source multilingual dataset) 

• L2-ARCTIC (non-native English speech) 

Metrics: 

• Accuracy, confusion matrix, and macro-averaged F1- 

score are commonly used to evaluate performance. 

Accent identification benefits ASR systems by enabling 

accent-aware adaptation, which enhances recognition rates. 

The challenge lies in representing phonetic shifts, prosodic 

variance, and code-switching, especially in underrepresented 

dialects. Researchers employ data augmentation, domain adap- 

tation, and attention mechanisms to improve robustness. 

IV. PASSION (EMOTION) DETECTION IN SPEECH 

Emotion recognition in speech focuses on identifying 

speaker states like happiness, anger, sadness, and neutrality. 

LLMs can effectively model prosodic cues such as pitch, 

energy, and rhythm, which are critical for passion detection. 

For example, SpeechT5 [4] and HuBERT [12] [3] have been 

successfully fine-tuned on datasets like RAVDESS and 

CREMA-D [6] to rec- ognize emotional tones with high 

accuracy. Fusion approaches combining audio embeddings 

with facial expression or text data further improve 

recognition. 

The incorporation of contextual semantics through trans- 

formers allows for better differentiation of emotions, even 

when acoustic variations are subtle. Moreover, training LLMs 

using multimodal supervision facilitates understanding of 

emotion beyond surface-level intonation, enabling deeper af- 

fective analysis in real-world deployments. 

V. LARGE LANGUAGE MODELS IN SPEECH PROCESSING 

LLMs in speech processing leverage self-supervised learn- 

ing to capture linguistic and acoustic features. Models like 

Wav2Vec 2.0 [1], HuBERT [12] [3], and Whisper [2] employ 

convolutional frontends followed by transformer encoders to 

learn hierar- chical representations. These embeddings can be 

used for downstream tasks such as phoneme recognition, 

speaker iden- tification, and emotion classification. Whisper 

[2] also integrates language modeling for multi-lingual 

transcription and transla- tion. 

These architectures not only reduce dependency on large 

labeled datasets but also improve generalization across do- 

mains and speaker profiles. The attention mechanisms inherent 

in transformers facilitate dynamic feature selection, making 

LLMs adaptive and context-aware. 

[...rest of the code remains unchanged...] 

 

VI. SIGNAL PROCESSING AND FEATURE ENGINEERING 

While LLMs reduce the need for manual feature engineer- 

ing, signal preprocessing still plays a vital role. Common tech- 

niques include Mel-Frequency Cepstral Coefficients (MFCCs), 

log-Mel spectrograms, and pitch contour extraction. These 

features can serve as inputs to neural networks or as auxiliary 

signals for training robustness. 

VII. CROSS-LINGUAL TRANSFER LEARNING 

Cross-lingual transfer learning allows LLMs trained in one 

language to be adapted for another. Multilingual pretraining 

datasets (e.g., MLS, VoxLingua107) and parameter-efficient 

tuning methods like adapters enable model reuse across lan- 

guages. This is particularly useful in accent detection where 

training data in regional dialects may be scarce. 
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VIII. MULTILINGUAL AND CODE-SWITCHED SPEECH 

Accent and emotion recognition in multilingual and code- 

switched speech remains challenging. Whisper [2] and XLS-R 

address this by pretraining on diverse multilingual corpora. 

They demonstrate improved robustness in detecting accent 

changes and emotion shifts within a single utterance. 

 

IX. REAL-TIME AND MOBILE DEPLOYMENT 

Deploying LLMs for real-time inference on edge devices 

requires model compression, quantization, and efficient de- 

coding. Techniques like distillation and pruning are used to 

reduce model size. Real-time applications include customer 

service analytics, voice assistants, and smart home devices. 

 

X. ETHICAL CONSIDERATIONS AND FAIRNESS 

Bias in ASR models due to underrepresentation of minority 

accents and emotional expressions can lead to discrimination. 

Fairness-aware training, dataset balancing, and post-hoc cali- 

bration are critical. Ethical design also mandates transparency 

in emotion inference to avoid misuse. 

 

XI. VISUALIZATION AND INTERPRETABILITY 

Interpreting LLM decisions helps diagnose model errors and 

improve trustworthiness. Techniques like attention heatmaps, 

saliency maps, and SHAP values are used to visualize feature 

importance. For accent detection, phoneme attention alignment 

is particularly insightful. 

 

XII. COMPARATIVE ANALYSIS OF MODELS 
 

 

TABLE I 
PERFORMANCE COMPARISON OF LLMS IN ACCENT AND EMOTION 

RECOGNITION 
 

Model Dataset Accent Acc. Emotion Acc. 
Wav2Vec 2.0 L2-ARCTIC 89% 82% 
Whisper Common Voice 92% 84% 

SpeechT5 CREMA-D 87% 88% 
 

 

 

XIII. HUMAN-IN-THE-LOOP  SYSTEMS 

Integrating human feedback allows correction of model 

errors in real-time and improves learning. Crowd-sourced 

labeling, expert-in-the-loop annotation, and semi-supervised 

learning are common methods to fine-tune LLMs for high- 

stakes applications. 

 

XIV. MULTIMODAL FUSION FOR EMOTION DETECTION 

Combining audio, text, and visual modalities enables more 

robust emotion detection. Audiovisual transformers and fusion 

networks outperform unimodal systems, especially in noisy 

en- vironments. Multimodal emotion datasets include 

IEMOCAP [15] and MSP-IMPROV [11]. 

TABLE II 
BENCHMARK DATASETS FOR ACCENT AND EMOTION RECOGNITION 

 

Dataset Language/Accent Emotion Labels 
Common Voice Multilingual No 
L2-ARCTIC Non-native English No 

RAVDESS English Yes 

CREMA-D English Yes 

 

 

Fig. 1. Proposed system architecture for accent and 
emotion recognition using LLMs. The audio signal is 
first preprocessed and transformed into feature 
representations like MFCCs or log-Mel spectrograms. 
These are fed into LLM encoders such as Wav2Vec 2.0 
[1] or Whisper [2], which produce high-dimensional 
context-aware embeddings. The architecture supports 
multi-task learning via two parallel classification heads 
for accent and emotion identification. 

 
XV. DATASET BENCHMARKING TABLE 

XVI. MODEL EVALUATION TECHNIQUES AND 

BENCHMARKS 

Evaluation metrics include accuracy, precision, recall, F1- 

score for classification tasks, and WER (Word Error Rate) 

for ASR. Benchmark platforms such as SUPERB and HEAR 

evaluate generalization across tasks. Visualization of ROC 

curves and confusion matrices provide further insight. 

XVII. RESEARCH GAPS 

Current LLMs underperform in low-resource and tonal 

languages, fail to generalize across noisy conditions, and often 

lack transparency in decision-making. Data scarcity for rare 

accents and ambiguous emotional tones remains a bottleneck. 

XVIII. FUTURE SCOPE 

Future work includes end-to-end joint models for accent- 

emotion-ASR tasks, few-shot learning with prompt tuning, 

privacy-preserving federated learning, and deployment on low- 

resource devices. Incorporating sociolinguistic and psycholog- 

ical cues will improve real-world robustness. 
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Fig. 2. End-to-end machine learning pipeline for speech processing. The sys- 
tem consists of sequential modules for audio acquisition, signal preprocessing 
(noise filtering, normalization), feature extraction (MFCCs, spectrograms), 
and LLM-based embedding generation. These embeddings are then passed 
into classification modules tailored for specific tasks like accent or emotion 
recognition. 

 

 

XIX. ADDITIONAL CONSIDERATIONS 

A. Sociolinguistic and Psychological Perspectives 

Accent and emotional expression are influenced by a 

speaker’s cultural background, gender, and social identity. 

LLMs should be tested on demographically diverse data to 

ensure performance equity. 

B. Zero-shot and Few-shot Learning [19] in LLMs 

Models like Whisper [2] show promising performance in 

zero- shot setups. Few-shot learning using prompt tuning 

helps adapt pretrained models to low-resource accents and 

underrepre- sented emotions. 

C. Contrastive Learning in Embeddings 

Contrastive loss in Wav2Vec 2.0 [1] aids in learning dis- 

tinct speech units. This technique improves the separation of 

emotion-rich and accent-specific features in embedding space. 

D. Multitask Learning in ASR 

Joint training for ASR, speaker ID, and emotion recognition 

using shared encoders improves model efficiency and gener- 

alization. 

E. Model Errors and Failure Modes 

Accents with phonetic similarities often confuse models. For 

emotion, subtle expressions (e.g., confusion vs. neutrality) are 

misclassified. These need more annotated edge cases. 

Fig. 3. A multimodal emotion recognition framework integrating audio, 
text, and visual cues. Specialized encoders extract modality-specific features, 
which are temporally aligned and fused through a multimodal transformer 
to achieve robust emotion classification. This design enhances recognition 
accuracy, especially in ambiguous or noisy conditions. 

 

 

F. AR/VR and Edge Use Cases 

Emotion-aware ASR is critical for smart AR/VR systems 

used in training, therapy, and entertainment. Lightweight de- 

ployment is necessary for latency-sensitive tasks. 

G. Standardization and Interoperability 

Lack of unified APIs or formats (e.g., ONNX [16], 

OpenAPI for speech) hinders deployment. Efforts to create 

common stan- dards for emotion and accent recognition tasks 

are ongoing. 

XX. CONCLUSION 

This review paper highlights the emerging role of LLMs in 

tackling accent and emotion recognition challenges in speech 

systems. With improved training techniques, diverse data, and 

ethical design, these systems can become more inclusive, fair, 

and emotionally intelligent. 
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