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Abstract—Emotion recognition has become increasingly rele- 
vant in human-computer interaction, mental health assessment, 
and social robotics. Traditional models often rely on facial expres- 
sions or speech to identify emotions, ignoring the contextual sub- 
tleties that drive real emotional states. The emergence of Large 
Vision-Language Models (VLMs), which integrate multi-modal 
input to derive semantic understanding, presents an opportunity 
to enhance the performance and contextual sensitivity of emotion 
recognition systems. This review paper explores the role of VLMs 
in contextual emotion recognition, discussing foundational 
architectures like CLIP, Flamingo, and GPT-Vision hybrids, and 
their application to understanding emotion in visual and linguistic 
settings. We also investigate key challenges, datasets, metrics, and 
future prospects in building robust, real-time, and ethically 
grounded emotion recognition models. 

Large-scale pretraining, zero-shot transfer capabilities, and 

fine-tuning on emotion-specific datasets allow these models to 

outperform traditional unimodal models in contextual emotion 

recognition [5], [6]. Vision-language models such as CLIP [1], 

Flamingo [2], and LLaVA [3] demonstrate the potential of joint 

image-text understanding for nuanced tasks like emotion 

classification. 
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Fig. 1: VLM-Based Emotion Recognition Pipeline 

 

I. INTRODUCTION 

Emotion recognition is central to developing machines that 

can understand and interact with humans naturally. Traditional 

emotion recognition systems use facial expression analysis, 

audio signal processing, or physiological signals to detect 

affective states [4], [6]. However, human emotion is deeply 

contextual, depending on background information, situational 

cues, and semantic interpretation of surroundings. 

Recent advancements in artificial intelligence, particularly 

Large Vision-Language Models (VLMs), offer a promising 

solution [1]–[3]. These models integrate visual and textual data 

to produce richer and more accurate semantic representations. 

By considering both what is seen and what is said, VLMs 

can interpret emotional context in a way that mimics human 

understanding more closely. 
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Fig. 2: Performance Comparison: Traditional vs. Vision- 

Language Models 

 

II. BACKGROUND AND MOTIVATION 

Emotion recognition has long relied on Ekman’s six basic 

emotions (happiness, sadness, anger, surprise, fear, disgust) and 

extended frameworks like Plutchik’s wheel. However, 

conventional machine learning approaches often fail to capture 

the deeper semantic meaning or the environment in which 

emotions are expressed. 

The motivation for using VLMs stems from their ability to 

link textual descriptions with visual content, allowing for a 

more comprehensive understanding of emotional states. For 

example, interpreting a smile in a funeral scene requires con- 

textual awareness — something traditional facial recognition 
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models might misinterpret. VLMs help to bridge that semantic 

gap by leveraging paired image-text datasets and powerful 

attention mechanisms. 

 

III. THEORETICAL FOUNDATIONS 

 

Contextual emotion recognition is grounded in theories of 

affective computing and multimodal semantics. The key 

theoretical frameworks include: 

• Appraisal Theory: Emotions arise from evaluations of 

events based on relevance, implications, and coping po- 

tential. 

• Multimodal Communication Theory: Emotions are ex- 

pressed through gestures, expressions, speech, and lan- 

guage, requiring unified processing. 

• Cognitive-Affective Integration: Emotion understand- 

ing requires cognitive models capable of interpreting 

environmental cues and past experience. 

 

IV. VISION-LANGUAGE MODEL ARCHITECTURES 

 

A. CLIP (Contrastive Language-Image Pretraining) 

Developed by OpenAI, CLIP learns visual concepts from 

natural language supervision. It aligns image and text embed- 

dings in a shared latent space, enabling zero-shot classification. 

Though not emotion-specific, CLIP’s general understanding 

enables it to infer emotions when fine-tuned. 

 

B. Flamingo 

Flamingo is a few-shot learning model trained on vast 

web-scale image-text data. It incorporates vision encoders and 

autoregressive language decoders for tasks requiring fine- 

grained understanding, including emotion detection in social 

scenes. 

 

C. LLaVA and GPT-Vision Models 

LLaVA and other GPT-4V models extend LLM capabilities 

to visual inputs, supporting question answering, captioning, 

and contextual understanding. These models have the potential 

to extract emotional states based on dialogues, scene settings, 

and character expressions. 

 

V. FUSION TECHNIQUES FOR CONTEXTUAL EMOTION 

UNDERSTANDING 
 

• Early Fusion: Combines image and text inputs at the 

feature level. Suitable for emotion classification in multi- 

modal datasets. 

• Late Fusion: Processes visual and textual data separately 

and merges predictions. Useful in ensemble learning. 

• Cross-Attention: Allows one modality to attend to the 

other, as in Transformer-based architectures. 

VI. DATASETS 

 

TABLE I: Common Datasets for Vision-Language Emotion 

Recognition 
 

Dataset Modalities Application 
EMOTIC Image + Context Labels Visual emotion detection 
MELD Video + Dialogue Multimodal emotion in conversations 
AVE Audio + Video + Text Affective event detection 

GHOUL Image + Captions Social scene understanding 

 

VII. EVALUATION METRICS 

To evaluate contextual emotion recognition, several metrics 

are used: 

• Accuracy and F1-Score: Measure overall correctness 

and balance in class predictions. 

• Mean Average Precision (mAP): For multi-label classi- 

fication problems. 

• Emotion-wise Confusion Matrix: Helps identify confu- 

sion among similar emotions. 

• BLEU, ROUGE, CIDEr: For evaluating descriptive 

emotional captioning. 

VIII. APPLICATIONS 

• Healthcare: Monitoring patient mood or detecting de- 

pression from images and messages. 

• Education: Adapting content delivery based on student 

emotion. 

• Social Media: Analyzing user sentiment based on image- 

caption pairs. 

• Robotics: Emotional navigation in human-robot interac- 

tions. 

• Security and Surveillance: Detecting agitation, stress, 

or threat levels in public spaces. 

IX. CASE STUDIES 

A. Case Study 1: Emotion-aware Tutoring System 

A multimodal VLM-based tutoring system dynamically 

adapts explanations based on visual feedback of students’ 

confusion or engagement. Early trials show increased retention 

and satisfaction rates. 

B. Case Study 2: Mental Health Companion App 

An app integrated with GPT-Vision assesses facial and 

textual cues from journal entries and selfies to provide mood 

summaries and well-being tips. 

X. COMPARATIVE ANALYSIS 

Compared to traditional CNN+LSTM pipelines, VLMs of- 

fer: 

• Better generalization: Especially in unseen domains. 

• Improved robustness: Against background noise and 

ambiguity. 

• Transfer learning potential: Easily adapted to new tasks 

with minimal data. 
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XI. LIMITATIONS OF EXISTING WORK 

• Overfitting to Visual Cues: Some models neglect the 

linguistic context. 

• Cultural and Linguistic Biases: Pretrained datasets 

often lack diversity. 

• Temporal Resolution: Emotion dynamics over time are 

poorly captured. 

XII. REAL-TIME EMOTION RECOGNITION 

To meet real-time demands in AR/VR or live interactions, 

models must be optimized for: 

• Latency reduction via quantization or pruning. 

• Edge deployment using TensorRT or ONNX runtimes. 

• Streaming data pipelines for continuous input. 

XIII. ROLE OF MULTIMODAL TRANSFORMERS 

Multimodal Transformers like Perceiver and BLIP-2 use 

unified attention blocks to handle multi-modal fusion. Their 

architectural flexibility allows real-time contextual emotion 

reasoning and personalized emotion summarization across 

sessions. 

XIV. MULTILINGUAL AND MULTICULTURAL EMOTION 

ANALYSIS 

Cross-cultural emotion recognition remains underexplored. 

Language and visual cues differ significantly across cultures. 

Multilingual models and culturally inclusive datasets are vital 

to avoiding bias and achieving broader generalization. 

XV. ETHICAL AND SOCIETAL CONSIDERATIONS 

Building ethical emotion recognition systems requires at- 

tention to fairness, transparency, and informed consent. Mis- 

classification may lead to emotional harm or discriminatory 

outcomes. Inclusive dataset curation and explainable AI ap- 

proaches are essential for building trust. 

XVI. FUTURE DIRECTIONS 

• Integration of physiological signals (EEG, GSR) with 

vision-language models. 

• Federated emotion learning to preserve privacy across 

devices. 

• Emotion-aware conversational agents with long-term 

memory. 

• Building multilingual, multicultural emotion datasets. 

• Use of synthetic data for emotion diversity augmentation. 

XVII. CONCLUSION 

Large Vision-Language Models mark a new frontier in 

contextual emotion recognition. By combining multimodal 

inputs and powerful pretraining strategies, they enhance emo- 

tion detection accuracy and relevance. Continued research is 

needed to make these models more interpretable, fair, and 

scalable for real-world applications. 
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