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Performane (1/3)As an assoiative memory
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Performane (2/3)Classi�ation
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Comparison of apaities of our network and of the Hop�eldonePerformane (3/3)
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Blurred messagesLimitationPartial messages must ontain perfet information.Noise model
? ?Soft deoding
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PerformaneSimulations
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