MThe Power of Many: Multi-Agent Multimodal Models
MICHIGAN For Cultural Image Captioning

Longju Bai*, Angana Borah*, Oana Ignat*, Rada Mihalcea

Contact: longju@umich.edu

Motivation Multi-Agent Collaboration Framework
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Democratic—a concept from psychology)
e Multi-agent collaboration has proven to be highly capable

for solving complex tasks.
e Culture is strongly tied to our group-oriented human nature
- culturally enriched image captioning task as a “social task.
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1. We create a multi-agent framework ‘MosAIC’ using

different cultural personas for better cultural generations. randomized.
2. We form a comprehensive evaluation pipeline for .
. . . Round 3.
culturally enriched image captioning task .
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Summarizer Agent summarizes s°,s',s® as final image caption.

Fig. The Moderator presents questions to the Social agents, who engage in three conversation
rounds. The Summarizer creates the final image caption by compiling the conversation summaries

Dataset from the Social agents.
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e Correctness: Both correctness for image contents
caption, and the correctness of the cultural description Main Takeaways

e [nteraction-based multi-agent collaboration system outperforms single model.
e Multi-agent system has better data and time efficiency than single model fine-tuning.

ithub.com/MichiganNLP/MosAIC T e Task-wise generalization: multi-agent for simulation or task solving, tool-based agents.
aper Lin




