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GAN based Sign Language Synthesis Model
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1. Introduction
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2. Related Work
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3. Method

3.1. Model Architecture
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3.2. Objective Function
3.2.1. Adversarial Loss
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Lean(G, D) = E,[log D(y)] + E, [log (1 - D(6()) | (1)
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3.2.2. Overall Loss
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4. Experiments

4.1. Experimental Setup
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4.2. Qualitative & Quantitative Results
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5. Conclusion
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