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filters with multiple sizes operate on the same level
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f(↵, β) = L(✓⇤ + ↵δ + β⌘)
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dh(t)

dt
= f(h(t), t, �)

Residual Network ODE Network

Figure 1: Left: A Residual network defines a
discrete sequence of finite transformations.
Right: A ODE network defines a vector
field, which continuously transforms the state.
Both: Circles represent evaluation locations.
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�

�
da(t)

dt
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Algorithm 1 Reverse-mode derivative of an ODE initial value problem

Input: dynamics parameters θ, start time t0, stop time t1, final state z(t1), loss gradient ∂L/∂z(t1)

s0 = [z(t1),
∂L

∂z(t1)
,0|⇥|] ⇤ Define initial augmented state

def aug_dynamics([z(t), a(t), ·], t, θ): ⇤ Define dynamics on augmented state
return [f(z(t), t, θ),⇥a(t)T ∂f

∂z ,⇥a(t)T ∂f
∂⇥ ] ⇤ Compute vector-Jacobian products

[z(t0),
∂L

∂z(t0)
, ∂L
∂⇥ ] = ODESolve(s0, aug_dynamics, t1, t0, θ) ⇤ Solve reverse-time ODE

return
∂L

∂z(t0)
, ∂L
∂⇥ ⇤ Return gradients



      

x` = H`([x0,x1, . . . ,x`�1]),





(a) ResNet-110, no skip connections (b) DenseNet, 121 layers
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