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i?{}’ﬁ;flé&‘;{ Motivation: Average metric can miss latent risk

Baseline Ours

Standard metrics

Reach goal v v
No collision v v

7
N

Reachability check

Reachable set
clears obstacles X 4

—— Actual trajéctory
——— - Baseline reachablese

‘ |:":| Ours reacl{able set

Average metrics see the trajectory, not the risk around it.
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Can reachability analysis
expose risks missed by
average cost?

Does tail-risk training
improve navigation safety?

Does the policy transfer
to a physical robot?

)| Reachability verification ‘ Sim-to-real validation
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max Jp(m) s.t. CVaR,(C™) <b
T

Average cost E[C]

(all episodes) where b > 0 is the predefined cost threshold.

__________________________________________________________________

— Maximize reward while keeping the average cost of the worst
episodes below budget b.

S |
2 |
° | CVaR, = average cost of the worst (1 — a) episodes
> CVaR, 00 _, 0 -
= (average of the worst 10%) eg.a=0.9 the worst 10% of episodes
g
o worst 10% of episodes Example: 100 episodes
(@=0.9) 95 safe (cost 0) - 5 crashes (cost 20)
\;’ Average cost =1.0 — looks safe
VaR, Episode cost CVaRO_g =10 — risk exposed

CMDP: Altman, Constrained Markov Decision Processes, Routledge 1999



ﬂ{}/ﬁ;\sﬁgéﬂ VIA Framework: Risk-Aware Training + Reachability Verification

Robot Navigation Environment / Critic Module \
/” Actual Verified Ve Y
CVaR Cost Critic V,
Reachable Set Repla}'r B“Her a r[“ ::123 quantiles
& ~ / (5,a,7,¢,5',e)
Adaptive Parameters }L \Nuncmssing Quantile Netwnrli/

4 u, A (Eq.15, 18)
b | Task Critic Qf

Standard TD3 Twi
Trained o \ sl 010> -2 /

POLAR Safety Verification
Post-training Taylor Model Reachability Analysis

@ VaR adaptation @ Lagrange Multiplier a CVaR-Constrained Policy Optimization

uktt =yk + B, - [ﬁ(C > uk) —(1- a)] FLa g Projjoa,. .| [/1" . (b —uk— C_k)] m)lin max E[Q$(§,n(§))] -1 (IE[VE(§,7T(§))] —-b+ u)

TD3: Fujimoto et al., ICML 2018 - Non-crossing quantile network: Zhou et al., NeurlPS 2020

VaR adaptation: Zhang et al., TNNLS 2025 - POLAR: Huang et al., ATVA 2022
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0 Perturbed observation e Policy network e POLAR action set ° Collision check over At
observation s - o o b w
] — @] ®o o e
] ] O O
B - < O O oV | X |
O L (] L J .
e 4 o o o w = | |
o ® e o
H O o O y
O o >
S =s;+e€z;, z;€ [-1,1] : : : A(s, €) bounds every output All 9 motions keep = d
' ' v Trained policy  (fixed) — 9 sampled actions — state verified safe v

e Repeat for every state on every trajectory

reachable tube Q O

T
1
Safety Rate = ?Z I[Safe(s;)]
t=1

fraction of verified-safe states
tube hits obstacle

:| e verified safe e not verified

POLAR: Huang et al., ATVA 2022
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Method Success 1 Collision | Avg Clost ! Safety.(CoII.) 1
% % per episode verified, %
TD3 76.7 4.7 15.0 :76 — 85.2 :53
Unconstrained
TD7 78.0 175 12.0175 - 84.7 32
e . SAC-Lagrangian 64.0 +4.9 36.0 +4.9 3.52 +6.42 86.4 :48
xpectgtlon-
constrained RCPO 90.0 8.9 4.0 149 1.17 +1.46 ] 91.7 02
WCSAC 88.0:75 12.0 175 1.79 +4.29 88.1 :4.4
o CVaR-CPO 76.0 249 24.0 249 3.22:316 87.2+27
VIA (Ours) 98.3 149 1.7 z49 1.52 1153 94.4 .02

Mean * std over 5 seeds x 10 start—goal pairs.

Lowest average cost (RCPO) # safest under verification (VIA: 94.4% vs 91.7%)

TD3: Fujimoto et al., ICML 2018 - TD7: Fujimoto et al., NeurlPS 2023 - SAC-Lagrangian: Ha et al., CoRL 2021 - RCPO: Tessler et al., ICLR 2019 -

WCSAC: Yang et al., AAAI 2021 - CVaR-CPO: Zhang et al., TNNLS 2025
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TD3 RCPO VIA(Ours)

X Long detour X Long detour v Direct path

X No cost constraint v/ Lowest avg cost (1.17) v/ Low avg cost (1.52)
X Collision rate (15.0%) X Collision rate (4.0%) v Collision rate (1.7%)
X Safety rate (85.2%) X Safety rate (91.7%) V' Safety rate (94.4%)

TD3: Fujimoto et al., ICML 2018 - RCPO: Tessler et al., ICLR 2019
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VIAa =09

Success 1 Collision | Safety (Coll.) 1 Overall Safety 1 Reach. widthv Reach. width w
% % verified, % verified, % m/s rad/s
Simulation 98.3 :4.9 1.7 +4.9 94.4 :02 99.1 06 0.019 +0.003 0.087 0.018
Real robot 90.0:623 8.0 4.0 91.0:22 99.2 06 0.020 :0.003 0.099 :0.014

VIA (a = 0.9), mean % std. Simulation: 5 seeds x 10 start—goal pairs; real robot: 500 trials on a Clearpath Jackal.
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Tail-risk training
improves safety
Highest success rate (98.3%)

and lowest collision rate (1.7%)
among all methods.

Risk-sensitive training

Reachability exposes
hidden risk

RCPO has the lowest average
cost (1.17), yet lower Safety
(Coll.) than VIA (91.7% vs
94.4%).

The policy transfers to a
real robot

On a Clearpath Jackal: 90.0%
success rate and 99.2% overall
safety.

Reachability verification ‘ Sim-to-real validation
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     max 𝜋 ⁡   J R  ( 𝜋 )   s.t.     CVaR 𝛼  (  C 𝜋 ) ≤ b


  b   >   0  


   u  k + 1 =  u k +  𝛽 u ⋅  [  P ^  ( C ≥  u k ) −  ( 1 − 𝛼 ) ]


     min 𝜆 ⁡     max 𝜋 ⁡  𝔼  [  Q 𝜓 R  (  s - , 𝜋  (  s - ) ) ] − 𝜆 ⋅  ( 𝔼  [    V C ^  (  s - , 𝜋  (  s - ) ) ] − b + u )


   𝜆  k + 1 =   Proj   [ 0 ,  𝜆  m a x ]  [  𝜆 k −  𝛽 𝜆 ⋅  ( b −  u k −    C k - ) ]


     s i ~ =  s i + 𝜖  z i ,       z i ∈  [ − 1 , 1 ]


  Safety Rate =  1 T   ∑  t = 1 T  𝕀  [ Safe  (  s t ) ]


  𝜶 = 0 . 9

