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A learned separation policy can resolve conflicts

SIMULATION - NO GNSS DEGRADATION (NOMINAL GNSS)

With nominal GNSS, the policy

produces a separation-preserving
action.

CTL M5=S5T
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10 km routes

Next: What information does the
policy receive, and how can GNSS
degradation corrupt it?
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How a decentralized learned separation policy works

1. LOCAL TRAFFIC 2. LOCAL OBSERVATION 3. POLICY TO ACTION
DETECTION RANGE . e .
S
F

Ownship ™. destination = Intruder 2: position, speed, heading =P | slow-down | |hold speed| | speed up
‘)r —Av +( + Ay

A
Intruder 3: position, speed, heading Av =~ 2.57 m/s per decision step
Intruder 3 Intruder 2

--------------------------------

1
Traffic within sensing range, : ...up to N in range :
broadcast over Remote ID 5 5 3 25 65 5 5 55 5 ) £ 515 5 5 253 5 5 53 69 5 5 ) ) 5 5 . y

heading follows the
structured route

A speed change by one UAS alters what its neighbors observe.
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The separation policy then acts on observation o, while safety is measured on true state s.
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ADVERSARIAL / ROBUST TRAINING RUNTIME FILTERING

® Acts during execution, independent of how the

® Shapes how the policy responds to corrupted or policy was trained
threatening observations
® Requires no retraining of the deployed policy

® Robustness depends on the assumed disturbances and
training distribution e Uses the current degradation bound at each
decision step

e A train-deployment gap can remain when real
degradation exceeds those assumptions ® Has no training-time knowledge and inherits
whatever the policy learned

How should a runtime filter attach to a learned policy?

Before the policy sees the state — or after it proposes an action?
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Both filters compute s* from the same safety margin /. However, only the action filter lets /1 veto the policy.
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Same estimate, different use. The discrete-time CBF condition applies only to the action filtering.
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Every setting tracks the nominal policy. Despite changing R, .., action filtering does not separate from the unfiltered baseline.
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With the same worst-case estimate, the observation filter performs better on its own.
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The filter is never told how bad the degradation really is.
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04 RESULTS

Action filtering breaks as a grows; observation filtering does not
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Action filtering breaks as a grows; observation filtering does not

ACTION FILTER

—*— a=1.0s a=10.0s
a=50s  —*— a = 20.0 s
1.00 E
re=] & e
0.75- ] E 300 \
o8] /’* / = %
S gt ] G e,
> t\,\*/*’ ok % % 200 e~ e . N ‘\.\
0.25- = s L N
0.001—— =1 i
000 025 050 075 1.00 0.00 025 050 075  1.00
Contamination Rate R Contamination Rate R

a = 20 s more than doubles the NMAC:s.
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Action filtering breaks as a grows; observation filtering does not

ACTION FILTER OBSERVATION FILTER
—*— a=1.0s a=10.0s —+— a=1.0s a=10.0s
a=>5.0s o+ a=20.0s a=>5.0s o a=20.0s
1.00 B 0.15. 400
o ——— g D L\.A./ —_ . 5]
- O \ Qg)
o5 & B LN :
$0507 ot / S . I S = 5
= o * o % % 200 s N * \.\ = | '%‘
# s 0.05 =
0.251 F— = . R ot
0.00—— 0 100 P 0.00] . 24
0.00 0.25 0.50 0.75 1.00 < 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 < 0.00 0.25 0.50 0.75 1.00
Contamination Rate R Contamination Rate R Contamination Rate R Contamination Rate R
a = 20 s more than doubles the NMAC:s. All a values' effects seem to coincide.
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Action filtering breaks as a grows; observation filtering does not

ACTION FILTER OBSERVATION FILTER
—+— a=1.0s a=10.0 s —+— a=1.0s a = 10.0 s
a=05.0s o o =20.0s a=D5.0s o a=20.0s

1.00

0.751 1

PP : *
r\*_/* =

0.25- —

NMACs
b 3
RN
vg. Separation Distance (m)
*

vg. Separation Distance (m)

N \
0.00 1 1o - - ‘ :
0.00 0.25 0.50 0.75 1.00 < 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 < 0.00 0.25 0.50 0.75 1.00
Contamination Rate R Contamination Rate R Contamination Rate R Contamination Rate R
a = 20 s more than doubles the NMAC:s. All a values' effects seem to coincide.

a is a barrier-function parameter. It matters only where the barrier can veto the policy’s action.
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05 WHY

The barrier looks one step ahead; the policy looks further

The CBF condition asks about one step

[

decision steps - 1 s apart

R R R,

The trained policy learned to resolve the encounter over many steps

-
Action filtering replaces multi-step reasoning with a single-step test.

\
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06 TAKEAWAYS

Preserve the trained policy’s decision authority

When a learned controller has internalized safety behavior,
informing it outweighs overriding its decision.
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ACTION FILTERING

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

Questions?
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