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• A train-deployment gap can remain when real 
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Before the policy sees the state — or after it proposes an action?
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enumerate 
a ∈ {−Δv, 0, + Δv}

build corrected 
 from o⋆ s⋆

s⋆

run the policy on it  
a = π(o⋆)

keep the policy 
output unchanged

test 
h(s̄⋆

next) ⩾ (1 − γ)h(s⋆)
keep the feasible action 

closest to ’s outputπ

identical up to here

Same estimate, different use. The discrete-time CBF condition applies only to the action filtering. 
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 is a barrier-function parameter. It matters only where the barrier can veto the policy’s action. α
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Action filtering replaces multi-step reasoning with a single-step test.

The CBF condition asks about one step

The trained policy learned to resolve the encounter over many steps

decision steps  1 s apart⋅
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When a learned controller has internalized safety behavior, 
informing it outweighs overriding its decision. 

ACTION FILTERING

No measurable safety gain; highly 
sensitive to the filtering assumptions.

OBSERVATION FILTERING

Could be more effective depending 
on how the policy was trained.

THE COST

Conservatism, e.g., earlier and more 
frequent slowing down.
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Contact: a.zongo@gwu.edu

45th Digital Avionics Systems Conference  2026⋅

Thank you!

Questions?

Runtime Safety Filtering for Learned Small UAS 
Separation Policies under GNSS Degradation

Alex Zongo  Peng Wei⋅
Department of Mechanical and Aerospace Engineering 
George Washington University, Washington, DC, USA.

Preprint: arXiv:2607.10014

mailto:a.zongo@gwu.edu

