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Motivation

 Existing efficient Vil methods often overlook the latency of FFN layers,
which can contribute to more than 60% of the inference latency in large- we keep some channels idle without being activated. Nx b
scale ViT models. As a result, these idle channels form a linear pathway . {;‘-;'::::ﬂ ; h

through the activation function.
*  Vanilla FFN layers: 0(2pNC?)

1.X"™ = LN(X)Ww'n

2. XAt = Act(x™)

* The proportion of FFN layers in the total inference latency escalates as
model size increases.
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 Structural reparameterization technique can simplify neural networks
by linear algebra operations. However, its effectiveness on condensing

1. X™ = BN(X)IW™

Act _ I Idl
2. XA = Act(X[. ,01), X'4€
3. XtOM = Concat(XAct, xldie)
4.Y = BN(XCon)wout + x
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FFN layers has barely been studied. PSP o ‘ / *
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