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4. Fully-connected Layer : FNN .

Used in follow-up models
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Change the feature map size,Max Pooling works the bestKernel idea : Coven bigger area ,
but also keep fine resolution on small informationX
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Another inductive bias in GNN : Shift Invariance ↓ Concatenation
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Total 22 layers , starts with some varilla layers (stem neworks
Convolution : Then9 stacked inception layers
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Auxiliary classification outputs to inject additional gradient at Lower layers
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Ep from the middle , propagate to lower layer& Res Net

Much more deepen 152 layersSince learnable parameters , convolution & cross-correlation
if simply stack more layersCan be considered the same

in deep bearing * Higher model capacity > Higher in BOTH training/test error !

does not LOOK !

Gradient Hard to propagate to lower layers


