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Diffusion policies [1] enable rich, multimodal robot behavior, but offer limited control at deployment time. In 
human-centric environments, it is a necessity to adapt behavior according to user preferences. While the desired 
behaviors may already exist within the learned distribution, policies are not able to reliably select these modes. We 
aim to enable inference-time steering of robot behavior based on Signal Temporal Logic (STL) [2] specifications.
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Universal Guidance (Bansal et al., 2023) [3]
→ Gradient-based diffusion guidance based on external signals
LTL-DOG (Feng et al., 2024) [4]
→ Temporal logic guidance within diffusion denoising using a
      policy that outputs both actions and states 
STLCG++ (Kapoor et al., 2025) [5]
→ Efficient differentiable STL robustness for gradient optimization
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Method Results

STL is a formal language to specify 
constraints over trajectories. It extends 
propositional logic with temporal oper- 
ators such as Always (G) and Eventually 
(F), and evaluates specifications using a 
continuous robustness score. Example:
F (transport_can)  &  G  (upright_can),
where ⍴(upright_can) = 5° - Θcan  

Signal Temporal Logic

Robomimic [6] (Can Transport)

CALVIN [7] (Switch on)

We enable STL-based inference-time steering of diffusion policies. 
However, current STL guidance methods face a horizon mismatch: 
policies predict short-horizon action chunks, while specifications 
often require long-horizon evaluation. To enable arbitrarily complex 
temporal tasks, we aim to use a high-level world model that predicts 
how actions change the atomic propositions, rather than future states.
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