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Multiple Hypotheses Prediction - Winner Takes All (WTA) Variants

& - The goals of agents are not observable. MDNs predict general WTA [4] Relaxed WTA [2] Evolving WTA (Ours)
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Our Contribution

All modes are matched.
Many hypotheses to the center.
>> still wrong distribution.

- Only one mode is matched.
- Many bad hypotheses.
>> wrong distribution.

- All modes are matched
- Only few bad hypotheses are introduced.
>> closer to the true distribution
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Sampling on CPI Datasets
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