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Figure 2. Overview of the proposed TTN framework. Table 1. Top-1 accuracy (%, mean * std) on ImageNet
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     y ^ u   ( A ) =  T A  (   x u w ) ,        y ^ u   ( B ) =  T B  (   x u w )  𝜔 A =   m a x c    y ^ u   ( A )  [ c ] ,      𝜔 B =   m a x c    y ^ u   ( B )  [ c ]    𝜔 ~ A =    𝜔 A   𝜔 A +  𝜔 B ,        𝜔 ~ B = 1 −    𝜔 ~ A


  l o g    y ^ u =    𝜔 ~ A l o g    y ^ u   ( A ) +    𝜔 ~ B l o g    y ^ u   ( B )


     y ^ u  [ c ] =      (     y ^ u   ( A )  [ c ] )     𝜔 ~ A    (     y ^ u   ( B )  [ c ] )     𝜔 ~ B   ∑ k  (      y ^ u   ( A )  [ k ]    )     𝜔 ~ A    (     y ^ u   ( B )  [ k ] )     𝜔 ~ B


   H  f u s e =    (     𝜔 ~ A  H A  − 1 +    𝜔 ~ B  H B  − 1 )  − 1


   𝜃 s ←  𝜃 s − 𝜂  H  f u s e  − 1  ∇   𝜃 s  L  t o t a l

