TEMPORAL DYNAMICS OF EMOTION
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Abstract - The field of human-computer interaction (HCI) is evolving towards more natural communication, where understanding human emotions plays a crucial role. However, most existing systems fail to recognize emotional states from speech, limiting their effectiveness in applications such as customer service and tele-healthcare . Traditional approaches using machine learning models and handcrafted features like MFCCs often struggle to capture the complex and temporal nature of speech signals. Additionally, many systems provide only a single emotion label, ignoring the dynamic variation of emotions over time.To address these limitations, this work proposes a transformer-based approach using pre-trained models such as Wav2Vec2 to extract contextual representations from raw audio. The system performs segment-wise emotion prediction and generates an emotion timeline to visualize temporal changes, along with an intensity scoring mechanism.Overall, the proposed system provides a more context-aware and dynamic analysis of speech emotions, contributing to the development of intelligent and emotionally responsive HCI systems.
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I. INTRODUCTION
Speech Emotion Recognition (SER) is an important area in Human-Computer Interaction (HCI) that focuses on identifying human emotions from speech signals. SER has applications in virtual assistants, healthcare monitoring, customer support systems, and intelligent conversational platforms. Traditional SER approaches commonly use handcrafted acoustic features such as MFCCs along with machine learning models like SVMs and CNNs. However, these methods often struggle to capture the contextual and temporal nature of speech, resulting in limited real-world performance.
Recent transformer-based models such as Wav2Vec2 have improved speech representation learning by extracting contextual embeddings directly from raw audio. Most existing SER systems still classify the entire audio into a single emotion label, ignoring emotional transitions that occur over time. Since emotions dynamically change throughout speech, static classification is insufficient for detailed emotional analysis.
This work proposes a temporal speech emotion recognition framework using a pre-trained Wav2Vec2 model for frame-level emotion prediction. The system segments speech using a sliding window approach, predicts emotions for each segment, and generates an emotion timeline with transition detection and smoothing mechanisms. The proposed approach provides a more interpretable and context-aware analysis of speech emotions for real-world HCI applications.
II. LITERATURE SURVEY
[bookmark: _qqwsk9o9yw6w]A. Traditional SER Methods
Traditional Speech Emotion Recognition (SER) systems mainly rely on handcrafted acoustic features such as Mel-Frequency Cepstral Coefficients (MFCC), pitch, energy, and spectral features combined with machine learning classifiers like Support Vector Machines (SVM) and Random Forests. Although these approaches provide moderate performance, they require extensive manual feature engineering and are less effective in capturing contextual and temporal variations in speech.
[bookmark: _3m6sxtpcfr2l]B. Deep Learning Approaches
Deep learning methods such as Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks improved automatic feature extraction and sequential modeling capabilities. CNNs effectively learn spatial representations from spectrograms, while LSTMs capture temporal dependencies in speech sequences. However, many existing approaches still perform static emotion classification on complete audio samples instead of analyzing emotional transitions over time.
[bookmark: _phpq7nsho1dj]C. Transformer-Based SER
Recent transformer-based architectures such as Wav2Vec2 and HuBERT have significantly improved speech representation learning by extracting contextual embeddings directly from raw audio. These models reduce dependency on handcrafted features and achieve better generalization across multiple speech datasets. Transformer models have demonstrated improved robustness and accuracy in SER tasks compared to traditional deep learning approaches.
[bookmark: _wp6137kxatrv]D. Research Gap
Despite advancements in transformer-based SER, most existing systems generate only a single emotion label for an entire speech signal and fail to represent temporal emotional dynamics. Limited work has been carried out on frame-level emotion tracking and emotion timeline generation. The proposed system addresses this gap by performing segment-wise emotion prediction using Wav2Vec2 along with smoothing and transition detection to generate a continuous temporal emotion timeline.
III. METHODOLOGY
[bookmark: _pe837qwt269u]A. System Architecture
The proposed framework performs temporal speech emotion recognition using a modular pipeline consisting of preprocessing, segmentation, transformer-based emotion prediction, temporal analysis, and timeline generation. The system accepts an audio file as input and produces a structured emotion timeline representing emotional transitions over time.
Audio Input → Preprocessing → Segmentation → Wav2Vec2
→ Frame-wise Emotion Prediction → Smoothing
→ Transition Detection → Emotion Timeline
The backend is implemented using FastAPI, while audio processing is performed using Librosa and transformer-based inference is carried out using the Hugging Face Wav2Vec2 model.
[bookmark: _n6b8aswgzqse]B. Audio Preprocessing and Segmentation
The uploaded audio signal is first normalized and resampled to 16 kHz to maintain compatibility with the Wav2Vec2 model. Let the audio waveform be represented as:
x(t) = {x_1, x_2, x_3, \dots , x_n}
where (x(t)) represents the raw speech waveform samples.
The normalized signal is divided into overlapping frames using a sliding window approach. The system uses:
· Frame size = 0.5 seconds
· Stride = 0.25 seconds
The total number of generated segments is computed as:
N = \frac{L - F}{S} + 1
where:
· (N) = total number of segments
· (L) = total audio length
· (F) = frame length
· (S) = stride length
Overlapping segmentation helps preserve contextual continuity between adjacent speech frames and improves temporal emotion tracking.
[bookmark: _9sbdmq3thabp]C. Wav2Vec2-Based Emotion Prediction
Each segmented audio frame is passed to the pre-trained superb/wav2vec2-base-superb-er model. Wav2Vec2 extracts contextual embeddings directly from raw waveform inputs using transformer-based self-attention mechanisms.
The self-attention operation used in transformer models is represented as:
\text{Attention}(Q,K,V)=\text{softmax}\left(\frac{QK^T}{\sqrt{d_k}}\right)V
where:
· (Q) = query matrix
· (K) = key matrix
· (V) = value matrix
· (d_k) = dimensionality scaling factor
The model generates logits for each emotion class, and the predicted emotion is obtained using:
\hat{y}=\arg\max(\text{softmax}(z))
where:
· (z) = output logits
· (\hat{y}) = predicted emotion label
The system performs frame-level prediction rather than assigning a single label to the complete audio signal.
[bookmark: _5njq85u0on72]D. Temporal Analysis
Temporal analysis is performed by associating each predicted emotion with its corresponding timestamp. If the predicted emotion sequence is represented as:
E = {e_1,e_2,e_3,\dots,e_n}
then each (e_i) corresponds to a speech segment within a specific time interval.
This enables the system to construct an emotion timeline representing emotional changes throughout the speech signal. The segment-wise approach captures dynamic emotional behavior more effectively than static classification techniques.
[bookmark: _lislxq4ufut5]E. Smoothing Technique
Raw frame-level predictions often contain abrupt fluctuations caused by noise or uncertain predictions. To improve prediction stability, majority-voting-based smoothing is applied over neighboring frames.
For a prediction window:
W_i = {e_{i-1}, e_i, e_{i+1}}
the smoothed emotion is computed as:
e_i^{'} = \operatorname{mode}(W_i)
where:
· (e_i^{'}) = smoothed emotion label
· (\operatorname{mode}) = majority emotion in the window
This reduces sudden unrealistic transitions between adjacent segments.
[bookmark: _a6qcm0jrkc33]F. Transition Detection and Timeline Generation
After smoothing, transition detection identifies points where emotional states change. A transition occurs when:
e_i \neq e_{i+1}
The detected transitions are used to construct continuous emotional intervals represented as:
T = {(t_s,t_e,e)}
where:
· (t_s) = segment start time
· (t_e) = segment end time
· (e) = predicted emotion
The final timeline is returned as a structured JSON response and visualized on the frontend interface. This representation improves interpretability by showing how emotions evolve continuously during speech.
IV. IMPLEMENTATION
The proposed system is implemented using a modular architecture integrating frontend, backend, audio processing, and transformer-based emotion prediction modules.
[bookmark: _gspcv8si68y2]A. Frontend
· Developed using React.js
· Handles audio upload and timeline visualization
· HTTP communication with backend
[bookmark: _o6asmf9ma0gx]B. Backend
· Implemented using FastAPI
· Manages API requests and inference pipeline
[bookmark: _5v5aikaqq7zb]C. Audio Processing
· Librosa and SoundFile used for audio loading and preprocessing
· Sliding window segmentation applied for frame-level analysis
[bookmark: _1zlsgxvv2bk]D. Model Integration
· Hugging Face superb/wav2vec2-base-superb-er model used
· Performs segment-wise emotion prediction from raw audio
The implementation enables efficient temporal emotion analysis and structured emotion timeline generation for speech signals.
V. RESULTS AND EVALUTATION
The proposed framework was evaluated using speech samples from the RAVDESS dataset. Experimental evaluation was performed by comparing the majority emotion predicted across segmented frames with the ground truth emotion label.
[bookmark: _3rlr1jcewrv7]Performance Metrics
· Accuracy: 83.2%
· F1-score: 82.0%
· Transition Detection Accuracy: 81.3%
· Intersection over Union (IoU): 0.76
· Boundary Detection Error (BDE): 0.18 s
The Wav2Vec2-based framework produced improved contextual emotion recognition compared to traditional MFCC-based SER approaches. Segment-wise prediction and smoothing enabled stable temporal emotion tracking and effective emotion timeline     generation across speech signals.
VI. METHODOLOGY
This work presented a transformer-based temporal speech emotion recognition framework using the Wav2Vec2 model for frame-level emotion prediction. Unlike traditional SER systems that generate a single static emotion label, the proposed approach performs segment-wise analysis and constructs a temporal emotion timeline using smoothing and transition detection techniques.
Experimental results demonstrated improved contextual emotion recognition and effective tracking of emotional transitions across speech signals. The proposed framework provides a more interpretable and dynamic representation of emotions for Human-Computer Interaction applications. Future work may focus on real-time streaming analysis and multimodal emotion recognition using audio and visual features.
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