SOBOLEV DIFFUSION PoLICY

Théotime Le Hellard!*, Franki Neuimatsia Tiofackl*, Quentin Le Lidec!+? 5.:':3“@5 -,
| 1 FRANGCAISE ’Zéa/—

and Justin Carpentier e

Egalité

"Willow, Inria - Département d'Informatique de I'Ecole normale supérieure ENS, PSL Research University, e P R Al R | E

2N€W York UﬂiV@fSity, theotime.le-hellard@inria.fr, franki.nguimatsia-tiofack@inria.fr Paris School

Overview Sobolev diffusion policy

Trajectory optimization (TO) and policy learning (PL) offer comple-
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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 T'O alone.

N
N
(O]
o

To study the impact of the prediction horizon, both DP and SDP
are tested with T3, =32 and T}, =64, and various action lengths 7.

Mean cost
N
o
Mean cost
Mean cost
N
o

=
(0]
w
o

TO alone DP SDP (ours) o )
. . . 3 5 8 12 16 20 BT 20 30 40 50 R S 8 12 16
1 . . X - ; N¢rajs - Number of Trajectories Trained on N¢rajs - Number of Trajectories Trained on N¢rajs - Number of Trajectories Trained on R f
| _» % o /) URS5 (7 ini=0,115=0) Quadrotor Inverted pendulum eierences
,_ e | [1] Wilson Jallet et al. “ProxDDP: Proximal constrained trajectory optimization”. In: IEEE Transactions on
N T T Mean cost on test instances w.7.t Ny , the number of trajectories Robotics (2025).
« X =

[2] Michael Janner et al. “Planning with Diffusion for Flexible Behavior Synthesis”. In: International Con-

in the dataset. Here n algo is fixed to 1. Curves with the same color ference on Machine Learning. PMLR. 2022.
but different line styles differ in the number of training epochs n

J- [3] Cheng Chi et al. “Diffusion policy: Visuomotor policy learning via action diffusion”. In: arXiv preprint
p arXiv:2303.04137 (2023).

[4] Quentin Le Lidec et al. “Enforcing the consensus between Trajectory Optimization and Policy Learning
for precise robot control”. In: 2023 IEEE International Conference on Robotics and Automation (ICRA).
IEEE. 2023.

[5] Wojciech M Czarnecki et al. “Sobolev training for neural networks”. In: Advances in neural information
processing systems 30 (2017).




