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Key Takeaways

—> Al-Generated gestures show high visual
and semantic similarity to the real data.

— Synthetic data introduces meaningful
variability beyond lab settings.

—> Downstream task performance improves
when using hybrid data (synthetic + real).

— Image-to-video pipeline for generating deictic (pointing)
gestures.

— Zero-shot video synthesis (Vidu Diffusion Model).

—> Reference frames and structured text prompts to guide
the generation.

—> E2E pipeline to generate photorealistic
gestures on a scale from minimal real data.

— Data scarcity in gesture research.

— High cost of real data collection

- Emergence of video Generative Al models. - A novel SynthEtiC deictic geSture dataset.

—> Rigorous evaluation across visual fidelity,
semantic alighment, motion plausibility,
and downstream ML tasks.

—> Can Generative Al models augment and
complement human-generated gestures?
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