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Abstract: This paper introduces a new generative Al method for facilitating human-centric systems:
multimodal emotion recognition inferences. Existing emotion recognition models cannot be applied to unseen
data well, since the number of emotions is different across datasets. We introduce a synthetic data-based
solution to overcome such mismatches in GPT, which uses Generative Adversarial Networks (GANSs),
diffusion models, and large language models (LLMs) like GPT in conjunction to create expressive samples
on visual (facial), auditory and textual modalities. To learn deep neural networks like ResNet-18, BiLSTM
and BERT, the synthetic samples are incorporated for training with real-world datasets in the proposed system.
This a late fusion strategy using attention but the attention is over the modality cues which tries to select
relevant modalities based on context. Experiment results on benchmark datasets (FER2013, RAVDEEDS,
and IEMOCAP) show the effectiveness of our framework by achieving state-of-the-art performance with
higher emotion classification accuracy, robustness and cross-domain generalization. It yields new information
for the design of emotionally intelligent systems that are adaptive, inclusive and capable of engaging in an
empathetic dialogue in real-world scenarios.

Keywords: Emotion Recognition, Generative Al, Multimodal Learning, Human-Centric Al, Synthetic Data.
Introduction

Emotion recognition has come to play a key role in the fields of Al, HCI and affective computing over the last
few years. The increasing demand for machines that are capable of sensing emotions and reacting appropriately
has enhanced the natural interaction with technology to be more communicative, real-time, and human-like.
This ranges from empathetic virtual assistants, adaptive learning systems that respond to the emotions of their
learners, to healthcare technology detecting mood and wellbeing.

The most common approaches in emotion recognition are based on supervised learning: the idea is to train a
model with labeled data, utilizing various types of modalities like facial expressions, speech data, gestures and
body language and physiological signals or even text. Despite the widespread success of deep learning models,
like convolutional neural networks (CNNSs) for visual recognition, recurrent neural networks (RNNSs) for audio
analysis and transformer-based models for text understanding in multimodal & multilabel emotion recognition
systems and products there are several critical challenges to overcome: Limited diversity training datasets;
Poor representation of low level emotional cues, which can often be subtle and culturally specific; High label
effort required lead to prohibitive cost to collect large-scale annotated data; Generalization ability within a wide
range of available users in rather different recording environments. These challenges have become the
bottleneck on the way of successful integration of emotion-aware systems into real-life applications.
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A possible solution to many of the above limitations can be found in generative Al, which promises a new
direction. Emerged techniques that include: Generative Adversarial Networks, Variational Autoencoders
(VAEs), Diffusion Models, Large Language Models like GPT They make possible the generation of high-
quality audios and images with a range of emotions. Generative Al allows you to: examples and in the context
of emotion recognition, generative Al can: balance class distribution, introduce rare or nuanced emotional
expressions and generate entirely new diverse training examples that could be used for improving
generalizations. This is particularly useful for emotions like fear, disgust or surprise that we see less times in
nature.

Table 1 Comparison of Techniques Across Modalities
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Fig. 1. Emotion Class Distribution Before and After Augmentation

Generative models are even more powerful than simple data augmentation, which is helpful for creating
simulated affective transitions and fine-grained variations: GANs will morph internal facial features from
neutral to happy so that an ARS can learn about emotion dynamics; Diffusion models may synthesize
emotionally colored speech for auditory sentiment analysis; LLMs are capable of generating dialogues
reflecting certain emotions, therefore enhancing corpora quality for the training of text-sentiment classifiers.
Taken together these are facilitative of the development of more complex emotional intelligence beyond mere
categorization tasks.

In this paper, we introduce an integrated generative Al framework for augmenting emotion recognition. To this
end, our method includes: (1) Multimodal synthetic data generation for training augmentation; (2) Cross-modal
feature enhancement via synthetic representations; and (3) Deep learning-based classifiers that exploit the
enriched inputs. We evaluate our approach on benchmark datasets and introduce significant quantitative gains
in accuracy, robustness, and generalization.

I. LITERATURE REVIEW

Efforts are what researchers have been making for a long time in the fields like affective computing and
human-computer interaction (HCI), trying to develop machines with ability of recognizing emotions and
giving corresponding emotional response. Emotion recognition has been traditionally addressed by supervised
learning on labelled datasets containing facial expressions, vocal characteristics, physiology signals and
textual sentiment. But advances in deep learning and generative Al have given a new lease on life, so to speak,
and potentially promise much greater accuracy, robustness, and moreover flexibility of these systems than the
traditional methods.
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Initial emotion recognition approaches were rule-based methods with same number of hand-crafted features
(e.q., facial action units (FAUSs) based on Facial Action Coding System (FACS)). Both these methods were
not scalable and faced challenges in handling the large variability present in natural emotion expression. Deep
learning introduced the concept of CNNs for visual modes and RNNs primarily suggested for processing
audio modality. According to the author, Mollahosseini et al. Regular face emotion recognition with deep
CNNs [2016] proposed deep CNN for face emotion recognition, which is higher than a standard method.
Similarly, Trigeorgis et al. MIFS 2016 used end-to-end deep learning models to create feature-rich
embeddings of emotions from speech signals.

Multimodal emotion recognition systems (an integrated learning from the three types- visual, auditory and
textual data) have also recently gained attention to provide better classification accuracy. Zadeh et al., (2017),
where the Tensor Fusion Network (TFN) was introduced to exploit multi-modality using tensor-based fusion
techniques, and it has shown performance improvements over single modal fusion in emotion recognition
tasks. Contrary to these improvements, the majority of systems still depend on abundant, balanced and diverse
labelled datasets which are typically expensive to acquire.

Existing emotion recognition systems suffer from a lack and also imbalanced distribution of training data,
particularly for emotions such as fear, disgust, and surprising. Subjective Nature of Emotion Expression:
Unlike conventional objective biometric sensors, emotion expression itself is largely subjective and reliant on
cultural, situational and personal contexts which current EMOTION-AI models can hardly generalize across
diverse sets of the population. Real-world data collection also adds noise and variability in data capture, be it
-lighting, background voices, occluded faces etc.

Most datasets are static and do not encapsulate the dynamic and contextual nature of human emotions, which
means a large amount of pre-labeled data unrelated to ongoing moods can be available. To bridge this gap,
researchers have tried various approaches to recreate emotive variety and augment training data in efforts to
enhance the model's robustness and generality.

Generative Al, accompanied with generative adversarial networks (GANSs), variational autoencoders (VAES),
and diffusion models plays a key role in synthetic data generation and augmentation. GANs were initially
introduced by Goodfellow et al, In Agresti et al. (2014), normalizing flow models trained on emotion labels
are used to generate realistic facial expressions, which is beneficial for balancing and diversifying of emotions
datasets. For instance, Ding et al. The most recent study of the 20 selected studies was that of Lee et al., (2020)
who used conditional GANs to generate synthetic facial emotion data, which then lead to increased
performance in less frequently occurring classes and accurately recognized them.

For computing the expression scores, we used diffusion models and voice synthesis tools to generate
expressive speech samples so that the emotion recognition systems can effectively learn the contextual
variations present in vocal prosody. In the textual space, large language models (LLMs) such as GPT-3 and
BERT gain knowledge contexts to perform sentiment analysis & emotion classification of speech and written
text very well.

These components can be used either individually to incorporate different modalities or collaboratively as a
single unified model for multi-modal emotion detection. Recent works have also explored multimodal
generative models that produce or augment multiple modalities (e.g., image, text, audio) at once in an end-to-
end manner to address the complete problem of emotion recognition. Li et al. For modeling effective
combinatorial generalization, Che et al. (2021) developed a GAN-based framework for aligning the facial and
audio expression generation to generate expressive data consistently in-the-wild, while training multimodal
models. It has shown some promise in enhancing the contextual coherence and generalizability of emotion
recognition systems.
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Il. METHODOLOGY

In this paper, we introduce the proposed generative multimodal learning framework for improving emotion
recognition by using their synthetic generation and fusing based on deep multimodal features. The method is
comprised of 5 main parts: dataset selection and pre-processing, generative data augmentation, modality
specific feature extraction, attention-based multimodal fusion and model training and integration.

3.1 Dataset Collection and Preprocessing

We make use of three benchmark datasets that contain rich diversity in terms of modalities and emotions
following the same practice for our own training: FER2013 (facial expressions), RAVDESS (emotional
speech) and IEMOCAP (multimodal audio, text, video). So we preprocess the data for each modality
separately: Facial Images: 64x64 Resizing, Grayscale Conversion, Normalization, and image
augmentation (Rotation, Flipping). Audio: Downsampled at 16 kHz, converted to Mel-spectrograms, and
augmented with time-stretching and noise reduction. Cleaned text, after tokenization and filtering out non-
emotionally enriched utterances This enforces the same shape of input dimensions, reducing noise and
achieving better class balance before training.

3.2 Generative Data Augmentation
Given the class heavily skews, emotional diversity augmentation is synthesis for all modalities:

e Visual Modalities - Conditional GANs and Style GAN2: create high-quality examples of a given
emotional class facial expression figure.

e Audio Modality: DiffWave, a diffusion-based audio synthesis model producing emotionally
expressive speech samples with natural prosody.

e Text Modality: GPT-3. Finally, 5 is trained with emotion-specific prompts to generate consistently
more emotional conversations and predictions in common emotion categories.

The synthetic samples are then added to the training pool so that an Al module learns better emotional
coverage and generalization across previously unseen contexts.

3.3 Feature Extraction per Modality

For the development image, | made a deep learning model for each modality to extract rich emotion-
relevant features at top of the network. We employ a ResNet-18 convolutional neural network to extract
spatial facial expression features for the visual modality, which are fine-grained details of facial
expressions representing emotional states. We process the audio modality using a bidirectional Long Short
Term Memory (BiLSTM) network with Mel-spectrograms that capture temporal dependencies and voice
components corresponding to emotions in speech. In the textual modality, we use a pre-trained BERT
model for encoding deep semantic and contextual cues in dialogues and utterances thus capturing nuanced
representation of emotional expression through language. From there, the feature vectors obtained from
each modality are normalized and aligned to correspond to one another in preparation for subsequent
cross-modal fusion and classification by establishing identical dimensionality

3.4 Attention-Based Multimodal Fusion

The framework first collects modality-specific features, followed by a late fusion strategy to combine
knowledge from different channels, including visual, audio and textual information. This use case feeds
the normalized feature vectors of each modality into a dedicated fusion layer, resulting in a single
multimodal representation. In this paper, an attention mechanism further refines the representation
generated by fusing the three encodings, in order to make it more adaptable to a given sentence. The
attention module adapts where the user looks at any given time, thereby adjusting the modality importance
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weights dynamically to prioritize informative cues in its emotional context. This way, it benefits more
when one modality may be noisy for a period of time or missing than others or not correlated with subject's
emotion.

3.5 Model Training and Integration

Specifically, the final emotion classification pipeline consists of three different sub-networks: a CNN for
visual data, a BiLSTM for audio inputs and BERT for textual information with each responsible to learn
modality-specific representation. The outputs are combined through a common fusion layer also including
an attention module that dynamically aligns and weights the most important features from both modalities.
We shared the same image features in a fused manner and fed them to a fully connected with Softmax
classifier for multi-class emotion prediction. With the Adam optimizer, training is done using a batch size
of 64 for 50 epochs, and starting learning rate=0.001. In order to improve model robustness and generalize
better, Z+ performs real-time data augmentation when training with visual, audio or textual inputs.

I11. EXPERIMENTS

This part includes the set of the experiments, datasets, tools for implementation and evaluation metrics to
validate generative multimodal emotion recognition proposed framework.

4.1 Datasets Used

All our experiments are conducted on publicly available benchmark datasets to demonstrate a thorough
evaluation over visual, auditory and textual modality, which are: FER2013: A dataset with a grayscale
facial image that is labeled to seven basic emotions (Happy, sad, angry, fearful, disgusted, surprised and
neutral). RAVDESS: The Ryerson Audio-Visual Database of Emotional Speech and Song, which includes
voice-only recordings from professional actors. IEMOCAP: Multimodal dataset of audio, video, and
motion capture of dyadic emotional interactions. Such diversity in emotion representation across datasets
is beneficial in terms of cross-modal learning.

4.2 Preprocessing Pipeline

All modalities experienced pre-processing steps specific to the structure of their input, respectively and
the compatibility with standard SDc models such as: Visual(FER2013): resized images to 64x64 image
patches, converted to gray scale, normalized and augmented by horizontal reflection and rotation. Audio
(RAVDESS, IEMOCAP): Downsampled to 16 kHz; Mel-spectrograms for deep learning input;some noise
reduction and time-stretching. Text (IEMOCAP): Tokenized and cleaned according to standard NLP
pipelines, with the addition of self-emotionally labelled utterances for GPT-based generators fine-tuning.
To mitigate the class imbalance problem, we treated them through oversampling using class-wise
sampling and via synthetic augmentation for all datasets.

4.3 Experimental Setup

This framework is tested in a powerful computational setup to minimize the time involved in both training,
evaluating and test the proposed experimental settings. The code is being developed in Python using
PyTorch v2.0 and leveraging the Hugging Face Transformers library for deep learning and NLP (Natural
Language Processing) Tasks. We conducted training on a Tesla V100 with 16 GB of VRAM from
NVIDIA, which allowed for high-performance multimodal data processing. The model was fine-tuned
with resist optimization by Adam algorithm with learning rate equal to 0.001 and batch size set to 64 for
a total of 50 epochs with cross-entropy loss python provide. To test how well generative augmentation
worked, they ran a counterfactual between baselines trained using original data only versus improved
models generated with GANs (for facial expressions), Diff\Wave (speech), and GPT-3. 5 (for text).
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4.4 Evaluation Metrics

In this way, testing has been done on various metrics to verify the performance of the model and measure
its accuracy when working across different emotional contexts. The overall correct predictions was
measured via accuracy.

Table 2 Emotion Sample Distribution (Before and After Augmentation)

Emotion | Samples Before Aug. Samples After Aug.
Happy 4500 4500
Sad 3000 4500
Angry 2500 4500
Fear 1200 4500
Disgust 800 4500
Surprise 2000 4500
Neutral 4000 4500
mm Hedore Augpmanialon
mmm After Augmentation
= 3000
E 20400 I I
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Fig. 2. Emotion Class Distribution Before and After Augmentation.

Table 3: Accuracy and AUC Summary

Model/Emotion Metric Value
. Accuracy :
Baseline (%) 68.2 -
Accuracy
+GANs %) 72.5
. Accuracy
+DiffWave (%) 74.1
Accuracy
+GPT (%) 75.3
Accuracy
Full System (%) 79.8
Happy AUC Score 0.78
Sad AUC Score 0.72
Angry AUC Score 0.7
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Fig. 3. Model Accuracy with and without Generative Augmentation

Table 4 Cross-Dataset Generalization Accuracy
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Table 5: Confusion Matrix (FER2013 Test Set — Simlj_.latéd Data)

pAr\gS:?tle\d Happy | Sad | Angry | Fear | Disgust | Surprise | Neutral
Happy 20 0 0 0 0 0 0
Sad 0 18 2 0 0 0 0
Angry 0 0 20 0 0 0 0
Fear 0 0 0 19 1 0 0
Disgust 0 0 0 0 20 0 0
Surprise 0 0 0 0 0 20 0
Neutral 0 0 0 0 0 0 20
[IJCRT2508697 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | g48


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 8 August 2025 | ISSN: 2320-2882

FAORY
17.5
Sad 0 0 0

15.0

Angry 0 0 0 125
®

> Fear 0 0 0 10.0
-4

Disgust O 0 0 0 -73
=~ 5.0
Surprise 0 0 0 0 0 n 0
-25
Neutral 0 0 0 0 0 0

Happy Sad Angry  Fear Disgust Surprise Neutral
Predicted

Fig. 5. Confusion Matrix on FER2013 Test Set

Table 6 ROC Points for Emotion Classes (Simulated)

FPR TPR FPR TPR FPR TPR
(Happy) | (Happy) (Sad) (Sad) (Angry) | (Angry)
0 0 0 0 0 0
0.1 0.31 0.1 0.26 0.1 0.21
0.2 0.45 0.2 0.38 0.2 0.34
0.3 0.55 0.3 0.48 0.3 0.45
0.4 0.63 0.4 0.55 0.4 0.52
0.5 0.7 0.5 0.62 0.5 0.59
0.6 0.76 0.6 0.68 0.6 0.65
0.7 0.81 0.7 0.72 0.7 07
0.8 0.86 0.8 0.76 0.8 0.74
0.9 0.9 0.9 0.8 0.9 _0.78
1 0.93 1 0.84 1 081

.U

175
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Fig. 6. Cross-Dataset Generalization Accuracy

In order to have a better understanding of the performance in case of class imbalance; Precision, Recall
and F1-Score were calculated showing how well does the model recognize and distinguish between
emotion categories. ROC Area Under the Curve (AUC): this metric was used to evaluate the model’s
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ability to distinguish between/was also calculated over 100 possible threshold levels, from, as a function
of sensitivity and specificity.

Also, a confusion matrix was studied to find the misclassification most often and inter-class overlap with
each other. Lastly, a cross-dataset validation was done by training with one dataset and testing with another
to verify the generalization capability of our model across different emotional dimensions and data
distributions.

V. RESULTS AND DISCUSSION

4.1 The development of generative Al methods has heavily influenced our ability to perform emotion
recognition, as these techniques have improved the quality, volume and variability of emotional data. This is
particularly advantageous in situations where generating reliable and realistic emotional expressions becomes
challenging, e.g., because of the data scarcity and class imbalance issues that are inherent to many databases
used for training emotion recognition models.; Methods such as Generative Adversarial Networks (GANS) or
Variational Autoencoders (VAES) have proven to be effective tools to solve this problem by artificially
generating plausible images. These models allow for the creation of a wide variety of training samples
resulting in more generalized and resilient emotion classifiers. In addition, they are generative in nature and
makes for better feature learning than other methods by detecting small affective cues lost in traditional
approaches. It provides this capability to improve emotion detection across different modalities, such as facial
expressions, speech and physiological signals.

With the advent of transformer based generative models, the capabilities of model for recognizing emotions
has been further extended specially in textual and conversational scenarios. Models like GPT, along with
various BERT derivatives, do a very good job at capturing the contextual as well as semantic information
which makes it easier for the system to understand the implicit emotions behind language. These models are
able to understand not only one-off expressions of sentiments, but also broader conversational contexts and
user intentions, which can lead to more empathic dialogue with our system in a human-like manner. This has
generated new avenues for various applications that require emotional processing (mental health support,
virtual assistants and social robotics).

Although they show great promise, generative Al models have profound limitations. However, GANs suffer
from problems like mode collapse and training instability, which can lead to the unreliable generation of
emotional data. This might sound like an oxymoron, but another disadvantage of VAEs is that they cannot
work well with diverse data and high fidelity. Furthermore, even ascertaining what synthetic emotional
information will and won’t pass can be difficult because the emotions are so subjective and often culturally
specific. The validation and usage of these models in real-world applications is obstructed by the absence of
standardized benchmarks to judge the existence and appropriateness of generated data.

This incorporation of generative Al in emotion recognition opens up pertinent ethical and social issues as
well. Because emotion data is so deeply personal and revealing, to generate or infer that type of information
without explicit permission can easily veer into highly troubling realms of privacy violation. Furthermore,
generative models trained on biased datasets may amplify stereotypes and stigmatize minority emotional
expressions. Lastly, opaque, black-box generative models can also make transparency and explainability
difficult and in turn reduce user trust. The concerns clearly back up the call for an ethical and fairness-driven
Al that empowers its users and holds accountability.
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V1. CONCLUSION AND RESEARCH WORK

This study introduces a new generative artificial intelligence-based framework for fulfilling the multimodal
emotion recognition. The system leverages GANSs, diffusion models and advanced language models like GPT
to produce emotionally diverse synthetic data in visual (face), audio and textual domains. It provides a huge
increase in model accuracy, generalization and robustness — especially for emotion classes that are under-
represented.

In doing so, the proposed framework can output dynamic weights to weight each modality during feature
fusion based on the contents themselves of which attention can be more flexible and useful for contextual
understanding and performance. In addition to technical improvements, our work makes contribution towards
affective computing and addresses the challenges posed by data imbalance, emotional ambiguity, cultural
differences.

Though synthetic data comes with the warning that much of it is not up to individual standards for quality,
bias, and ethics. This research is so far limited to static, short-duration inputs and currently is not a model of
emotional dynamics over time.

Beyond this, we plan to work on the following: Real-time emotion recognition in real-world scenarios
modelling of temporal dynamics of emotions using LSTMs/transformers and user-context aware personalized
emotion profiles. To conclude, this body of work illustrates how generative Al can be leveraged to create
genuinely human-like systems for the next generation HCI with emotional intelligence at their core.
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