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Overview

Trajectory optimization (TO) and policy learning (PL) offer comple-
mentary strengths for controlling complex dynamic systems.

Control problem:

min
θ

E
ξ∼P ,

X,U∼πθ

J(X,U ; ξ) =

T−1∑
t=0

ℓt(xt, ut; ξ) + ℓT (xT ; ξ)

s.t. xt+1 = f (xt, ut), x0 = x̂(ξ),

First idea:
• For a fix ξ, TO solvers find local minima from initial guesses

(1) Collect some trajectories using a TO solver [1]

(2) Train a diffusion policy [2, 3]

(1’) Repeat, but use the policy to get initial guesses for the solver

Second idea: gradient based solvers generate feedback gains [1],
we integrate this first-order information in the policy training loss,
similar to what [4] did with standard policies
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For stochastic Sobolev [5], using nproj random vectors vi:
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Compounding error issue

We compare our Sobolev Diffusion Policy (SDP), to standard Diffu-
sion Policy (DP)[2, 3], and to ProxDDP[1] with interpolation-based
initial guesses, referring to it as TO alone.

TO alone DP SDP (ours)

Sobolev diffusion policy

Training:

Initialize: Diffusion policy network τθ; Buffer D = ∅
1 for nalgo do

// Collect new trajectories

2 if reset buffer then D = ∅
3 for ntraj do
4 Sample ξ ∼ P
5 Xnaive, Unaive = Interpolate(x0, xtarget)

6 Xpol, Upol = PolicyRollout(τθ, ξ, Ta, Krollout)

7 X,U, ∂ut∂xt
, ∂xt+1

∂xt
= ArgminCost (

8 TrajOpt(Xnaive, Unaive, ξ),

9 TrajOpt(Xpol, Upol, ξ))

10 D ← D ∪ {(X,U, ∂ut∂xt
, ∂xt+1

∂xt
)}

// Policy learning

11 for npl epochs do
// Sample by batches

12 t ∼ U(0, T − Th)
13 Sample ξ, τ0, xhist, ohist and derivatives in D
14

∂τ0
∂xhist

= ChainRule(∂xt+1

∂xt
, ∂ut∂xt

)

15 k ∼ U(1, Ktrain); ε ∼ N (0, I)

// Apply noise and inpainting

16 τk =
√
ᾱkτ0 +

√
1− ᾱkε

17 τk[1 : To] = ahist

// Compute loss LSDP
18 τ

θ,k
0 = τθ(τk, k, ξ, ohist)

19 Take gradient descent step on ∇θLSDP(θ)

Policy rollout:
Input: τθ, ξ, Ta, Krollout
Initialize: t = 0, ohist, ahist

1 while t < T do
// Full reverse denoising process

2 τK ∼ N (0, I)
3 for k = Krollout to 1 do
4 τk[1 : To] = ahist // inpainting

5 τ
θ,k
0 = τθ(τk, k, ξ, ohist)

6 τk−1 ∼ N (µ̃k(τk, τ
θ,k
0 ), β̃kI)

// Play predicted actions

7 for s = 1 to Ta do
8 if t + s > T then stop
9 if a is u then ut+s−1 = τ0[s]

10 else ut+s−1 = InvDynamics(xt+s−1, τ0[s])
11 xt+s = Dynamics(xt+s−1, ut+s−1)

12 Update ohist and ahist ; t = t + Ta

Output: X , U

Learning capacities
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Inverted pendulum

Mean cost on test instances w.r.t ntraj, the number of trajectories
in the dataset. Here nalgo is fixed to 1. Curves with the same color
but different line styles differ in the number of training epochs npl.

Full algorithm evaluation
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To study the impact of the prediction horizon, both DP and SDP
are tested with Th=32 and Th=64, and various action lengths Ta.
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