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Motivation and Problem Statement

@ Need for Fine-Grained Multimodal Understanding

o Limitations of Generic Visual Recognition (e.g. COCO-trained models)
e Challenge of Domain Adaptation

o Goal of the Research

o To bridge the gap between object-centric visual features and linguistic
inference for fine-grained multimodal tasks




Related Work and Background

© Contrastive Language-Image Pre-training (CLIP) Framework
o Aligns image and text in a shared embedding space
o Employs separate image/text encoders with contrastive loss to keep
matched pairs close and non-matched pairs apart.

© Commonly Used Datasets and Models
o Detectron2 and Yolact for object detection
o COCO (objects in context), WebImageText, WebText




Dataset Creation and Ontology

o MIC21 Multilingual Image Corpus
o 21,000 images and 200,000 annotations collected from diverse public
sources
o 700+ categories into 130 thematic subdomains
o Linked to WordNet and supporting 25 languages
@ Annotation Workflow
o Automated image segmentation followed by manual refinement

o Automated caption and description generation followed by manual
refinement




Dataset Creation and Ontology
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Model Architecture Overview
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Training Strategy

Epoch 3.,4:

. : essessess Ch Ch Ch
o Visual processing backbone Chusedessessess Ch Ch Focused

© Frozen Components

o Textual embedding layer.

Epoch 10:

o Trainable Components Ch Conessessess Contemplating

o Projection layer

Epoch 90:
o Transformer decoder Intense Chess Concentration: A Player's Deep Thought

o Objective Function
o Negative log-likelihood of the target token sequence conditioned on the
image and preceding tokens. Fim i, 18] =
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Experimental Results
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BLEU-1 071 079
BLEU-2 0.53 0.64
BLEU-3 0.47 0.53
BLEU-4 0.39 043




Conclusion

o Future Work
o Extend the MIC21 ontology to include dynamic interactions between
objects to capture richer scene understanding.
o Integration with pre-trained language models

o Compare against state-of-the-art models 1n generation and tagging tasks

o Apply to practical, domain-critical applications
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