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Introduction

In emergencies such as disasters, it is hard to find survivors and identify if they are in distress. Autonomous search robots can help, but they might have trouble
identifying if a person is in distress if no external injuries are observable. In this case, a Machine Learning (ML) model capable of recognizing emotions would
aid In determining if a person is In distress, or in good condition. Accordingly, our objective is to make a ML model which can recognize emotions better than
current models. To make our model, we will use LLAVA [1], a Multimodal LLM (Large Language Model), as the base. Then, we will fine-tune LLaVA on the
EMOTIC dataset [2], which has images of people in everyday context with annotations on their emotions, to make our model with better emotion recognition.
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Table 1 shows our model outperforms the
current SOTA for Emotion Recognition by 2%
on MAP (mean Average Precision), which
measures the performance of a model for
tasks such as object detection tasks and
information retrieval.

More specifically, Valence measures how positive an
emotion the person is feeling, while Arousal measures the
person’'s agitation level, and Dominance measures the
control level of the situation by the person.
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