ontrol Changes

Safety under Interaction-Driven Distribution Shift

Lars Lindemann
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Our vision for autonomous systems

Control systems that operate autonomously in complex and open-ended environments.

Autonomous driving Robotics Wildfire prevention Disaster recovery

> o ¥
e?stun UYM%X
&




Autonomous systems are a reality!

|
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1

\ - f ‘ MEDIUM RANGE VEHICLE CAMERA
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Boston Dynamics Kumar Lab (UPenn)
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But are they safe?

Boston Dynamics Tesla Kumar Lab (UPenn)



Autonomous systems in the wild

December 3, 2025, 3:15 PM

SSNEWS

Waymo driverless taxi takes passenger into
apparent police standoff

CAUGHT ON CAMERA E

SELF-DRIVING TAXI TAKES PASSENGER THROUGH POLICE ACTIVITY )

- =

S

Sept. 25, 2025

fLos Angeles Times

A delivery robot collided with a disabled man
on L.A. street. The aftermath is getting ugly

% | \ ACCESSIBLE ] 2

sclencealert

Viral Footage of Robot Headbutting
Woman Raises Safety Questions

TECH 28 February 2025 By CARL STRATHEARN, THE CONVERSATION

Al's Achilles Heel: Can We
*Prove* Plans Before They
Execute?

#ai #programming #research #logic

Arvind SundaraRajan
Posted on Nov 12, 2025

DEV

Plasma Lab

Statistical Model-Checker

Medium Apr 14, 2020

Distribution-Shift — the hidden
reason self-driving cars aren’t safe yet.

New UK study reveals how pedestrians react

to self-driving cars
October 30, 2025




Safe Control in Dynamic Environments with Conformal Prediction



The sate control problem in dynamic environments

! Compute control inputs so that the system avoids :

~dynamic agents with a probability of at least 1 — 4.

Challenges:

* Uncertain and interactive agents — uncertainty quantification

» Imperfect learning-enabled predictors in control is challenging

Existing work (references omitted): — ignores dynamic agents

* “Vanilla” motion planner (e.g., graph/sampling-based) no predictions,

/

* Reactive control (e.g., navigation functions, DWA, CBF) simple systems

e Predictive interactive and non-interactive methods

no safety guarantees, or
(e.g., deep RL, GP-based control) — Ys

simplifying assumptions

{How can we quantify uncertainty of learning-enabled predictors and design safe control laws?}

R



Uncertainty quantification of learning-enabled systems

How do we reason about safety , . o
Sensing, Perception, Prediction

of hich-dimensional systems?
S : y SysID, Planning, Control
an N

state estimates h(f&u) > —a(h(@))

How do we reason about noise

safety of stochastic system?

X Learned controls y

\.  ResNet-18 Y,

Controls

dynamic environment A

disturbance

Existing work (references omitted):
+ SMT/MILP techniques or hybrid systems reachability «———— Scalability issues

» SDP/LP relaxations or compositional approaches «———— 0verly conservative

[ Can we use efficient statistical tools to reason about safety of learning-enabled systems? J




Conformal Prediction



Conformal prediction in a nutshell

no assumptions needed

Uncertainty quantification under minimal assumptions: V4
* Distribution-free (u,z) ~D
* No assumptions on the predictor needed z = p(u)

X

Assumption: Availability of i.i.d. calibration data {(u¥, 2(9) no assumptions needed

Goal':
For a failure probability of 4 € (0, 1), we want to obtain a prediction region C' s.t. \
Prob(z € C(u)) > 1 -9

Example”:

. A e
{ -- - ; . "’ 5 - g 2= ‘\ .‘\ -
b= > ‘. ~ ‘-'\(‘ , - - : Q - oD
~ Z ‘\".-\ - 7 e
"_ Y’ e - 1 —~| - v B '” P ) » - >
‘ | . ; : 3 N - -
i & ': . \ ) . Squirrel (Alaska) Copyright 1998 - Mon
' gray | rain fox _
] sguirre. \ <, weas , beaver, poleca
{ rox sEirrel } { quirrel, fox, Pikets e o QUATQE: sauirrel, gink, v N s
0.99 0. 82 1.02 . .22 i

'Vovk and Shafer, “A Tutorial on Conformal Prediction”, JMLR, 2008.

2Angel()poulos, “A Gentle Introduction to Conformal Prediction and Distribution-Free Uncertainty Quantification”, subm., 2021.



Conformal prediction in a nutshell

test data calibration data  nonconformity score (e.g., prediction error)

Quantile(
lemma:

. R(k) k + 1 i.1.d. random variables. It holds thaf
Prob(R(O) < Quantilel_5(R(1), . ,R(k), oo)) >1—0

N\ J

The p := | (k+ 1)(1 — d) | -th smallest nonconformity score == computationally efficient

. , Formal Uerification and Gontrol
* Implicit data requirement: p < & With Conformal Prediction

PRACTICAL SAFETY GUARANTEES :©  LARSLINDEMANN®, YIQI ZHAO®, XINYI YU®,
FOR AUTONOMOUS SYSTEMS GEORGE J. PAPPAS®, and JYOTIRMOY V. DESHMUKH

more details

How much data
do we need?




Engineering nonconformity scores

+ Example (regression): the nonconformity score R := |2 — ;(u"))| results in

hrat
test data Prob(lz — ji(uw)] < Quantile; OO o)) > 1—6 calibration data

& Prob(z €||p(u) — Quantile, 5, u(u) + Quantile; _4|) > 1 —46
valid prediction region

* Simple, general, and efficient with the right nonconformity score!:

04 (b) Visualized F16 Region Ellipsoid Prediction Regions
Waitin 02 -
0 ft/se
3 =0.00 deg
ps = 0.00 deg/sec 0.14
. 0.04
T
o
~ -0.11
265 \ o
£6 w -
=0 § -0.2
/ : & _0.3-
5500 iz .
5251,(());),0 e ) ‘£125-Q()651800 s Test Residualls Liach
50, 0 oo i 8535;\“ " —— Convex Hull | Area: 0.08 .
I 00,750 g i 0.5 - ——— Hyperrectangle | Area: 0.14 L Sce l Area: 17.67
. —— Ellipsoid | Area: 0.12 -10 - ' __1 Spenchmark | Area: 53.41
-0.6 . . . . : : T I I “
-0.2 -01 00 01 02 03 04 -5 0 5
Altitude Error (ft) X (m)

1Tumu, Cleaveland, Mangharam, Pappas, and Lindemann, “Multi-Modal Conformal Prediction Regions by Optimizing Convex Shape Templates™, L4DC, 2024.



Marginal and calibration conditional guarantees

* Conformal prediction provides marginal coverage guarantees:

Prob (R < Quantile,_s5(R™, ...

,R(k),oo)) >1-—9

X
captures randomness 1n the draw over test and calibration data R(O), R(l), A R()
* This 1s 1n contrast to calibration conditional coverage guarantees: conditional probability

Prob (R(O) < Quantilel_(;(R(l), ...,R®),

o

)[RV, ..., RF )>1-90

captures randomness in the draw over test data R(?) = impossible to obtain

(Let R(O), R(l), .

, R"™ be k + 1 i.i.d. continuous random variables. It holds that!

Prob(R®) < Quantile, _s(R™, ..., R® oo)|RWM), ..., R <1> RW. ... R¥™)) ~ Beta(l — ¢, 1 /k) .

conditional probablhty

1Vovk, “Conditional Validity of Inductive Conformal Predictors

7, ACML, 2012.

/' el

mean variance



no 1nteraction

'

Safe Control in Dynamic Environments



Safe control using conformal prediction

* System Dynamics: well understood and can be modeled accurately
 Dynamic Agents: in general hard to model

* Data-rich: large datasets describing behavior of dynamic agents

* Prediction: learning-enabled algorithms

{We use conformal prediction to design safe and computationally efficient control algorithms.}
10




Overview

Offline trajectory dataset { Goal: Design a probabilistically safe controller. J

3+ @ A » Conformal Dynamics
k % Prediction Tiy1 = f(¢, ur)

learned, e.g., RNN safety constraint

Online observations

Trajectory Model|Predictive Control

Prob(c(z,y) >0)>1—6

predictor

Prediction region

Prob(y €@) > 1 -9

Key features:

How good are these estimates? | | |
* Computationally lightweight

* Probabilistic safety guarantees
 Distribution shift

» Temporal logic constraints



Uncertainty representation in dynamic environments

e Let (yo,¥y1,...) ~ D be arandom trajectory j{D xJ
\ R A
static for now, 1.e, no interaction D(x) k L D,
. Dy

mission horizon
» Consider a trajectory predictor that maps (Yo, ---,Yt) to (Yeg1s---, Z/AT‘,/

/! =

observations predictions of (Y¢+1,---,YT)
e For instance, social LSTM o
) U == Model-agnostic: generative or
A »_i ;i I ,L l | |  physics-based models could be used
kl P /'\l |
&) O, &)

Alahi et. al.

» Task: quantify uncertainty at the state prediction level J

| Trajectory]_ W
> >
Yy« . )
/’/L-/iz\\/y:; predictor Yi+1 P
Yt—-3

Y1 Prediction region 12



Uncertainty representation in dynamic environments

/ prediction error
* Define the nonconformity score RW = max &T|‘y§-i) — Af) |

re{t+1,...,T} \
normalization constant (see reference!)

and apply conformal prediction C' = Quantile, _ S(RW ... R®) x0)

Multi-step prediction regions: Prob(||ly. — 9.|| < C/a,, VT e {t+1,...,T})>1—-90

0.4
1.50 —— Our approach —— Our approach
03 Union bound 0.4 Union bound
1.25 1 ) 575 N \ W\LY 021 e Prediction Errors e Prediction Errors
2727 /1 [ TSRO AL 0.2 o
1.00 4 ///// [ | LT N , 0.1 - .
// /.'/ '/’/ 'l/' 1" | ™ 2 ! g/ 4 »
0.75 + [ || XA / 0.0 n 0.0
,‘ \ . o®
0504 | | \ A\ 57 : =0.4 ,
Actual locations . =0.2
0.25 1 « Predicted locations 0.2
0.00 Our approach -0.3 - -0.4
—Union bound
. v v ' 2 . 3 ' 2 » _04 T T T T T T T T T T T ]
0.0 0.5 1.0 1.5 2.0 -0.4 -0.2 0.0 0.2 0.4 -06 -04 -02 00 02 04 06
1.25 second ahead prediction error 1.8 second ahead prediction error

'Cleaveland, Lee, Pappas, and Lindemann, “Conformal Prediction for Time Series using Linear Complementarity Programming”, 4A4AAI, 2024.



Uncertainty-aware predictive control

Model predictive control': ( min ) J(x,u) robust safety constraint
| s.t. xTH:f(xT,uT),/ Tedt,..., T —1}
enforced via inf ez, y,) > 0, re{t+1,....t+H) A
c(xr,7;) > LC; yr €87 Br:={ys.t. [ly—g-| <C-}
ur €U, x:41 € X, red{t,..., T —1}

[If the MPC is recursively feasible*, we find a safe controller with a probability of at least 1 — § J

Toy example: Animated:

4 (oo

1Lindemann, Cleaveland, Shim, and Pappas, “Safe Planning in Dynamic Environments using Conformal Prediction”, R4-L, 2023.
*Stamouli, Lindemann, and Pappas, “Recursively Feasible Shrinking-Horizon MPC in Dynamic Environments with Conformal Prediction Guarantees”, L4DC, 2024.
3Yu, Zhao, Yin, and Lindemann, “STL Control Synthesis among Uncontrollable Agents with Conformal Prediction”, Automatica, 2026.



Case Study: CARLA

Results:
* 99.985 % correct one-step ahead predictions (at least 99.83 % expected)

* 99/100 test runs without constraint violation (at most 5 expected)

Comparison with Gaussian Process:

» Largely undercovers

Lindemann, Cleaveland, Shim, and Pappas, “Safe Planning in Dynamic Environments using Conformal Prediction™, R4-L, 2023.

15
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one 1nstance where “control changes the data

“

Safe Control in Interactive Environments



Interaction-induced distribution shifts

[ What if interaction between the control system and the dynamic agents changes the distribution?j

« Example: self-driving vehicles among pedestrians

N

no safety guarantees

 Chicken-and-egg problem:

Dynamics

Ti+1 — f(mt, Ut)

a function of

/ ()

u = m(Pred.Region(x)) Y1

Prediction Region

( Can we iteratively update our controller to break circularity? J




Iteratively breaking circularity

Collect data under 7(Cyp)

Y
x%&ﬁ

TI‘aJ ectory Controller m (C 0 )

Prab(( y) >0)>1-9

—>

predlctor

Prediction Region



Iteratively breaking circularity

Collect data under 7(Cyp)

£ @ A Conformal
k % Prediction

- TraJ ectory | Controller W(C())
predlctor Pmb( (z,y) >0)>1—-§

Pledlctlon Region




Iteratively breaking circularity

Collect data under 7(Cyp)

£ @ A Conformal
k % Prediction

- TraJ ectory | Controller 7 (C 1)
predlctor Pmb( (z,y) >0)>1—9§

Pledlctlon Region




Iteratively breaking circularity

Collect data under 7(C1)

£ @ A Conformal
k % Prediction

- TraJ ectory | Controller 7 (C 1)
predlctor Pmb( (z,y) >0)>1—9§

Pledlctlon Region




Iteratively breaking circularity

Collect data under 7(C1)
% @ A Conformal
k % Prediction
v C’Q
_ | Trajectory | Ya / Controller m(C)
predictor ?_—6\./. Prob(c(xz,y) >0)>1-19
Y3

Prediction Region

™~

rinse and repeat, until convergence!



Safe iterative control design

e Iterative controller updates: 7(C;) := argmin J(z,u) | | |
/ (w0, sur—1) iterative safety constraint
episode J s.t. Tri1 = flar, ur), /
- D ] >
Controller-agnostic: any yTIEanjﬂ_ c(x7,yr) 2 0
controller 7(C; ) could be used! )
\ J ) B, =Ayst. |[|ly—9.| <C;}

* Design goals: update the radius C; such that: trajectories under controller m(C';)

(1) Prob { c >0} > 1—4 forallj, «— episodic satfety
(2) Jiv1 < J; — ¢; forallj — improved performance
(3) C1j+1 ~ Cj aS ] — OO e CONvergence

[Can we use robust conformal prediction to update the radius C; safely? J




Robust conformal prediction for non 1.1.d. data

(Let R(O), R(l), . ,R(k) be|k + 1 i.i.d. random variables| It holds that\

Prob(R(O) < Qua,ntilel_(;(R(l ....R¥) 00)) >1—0

What 1f the data 1s dependent or not identically distributed?

. e e . . Formal Venfication and Gontrol
Conformal prediction in the non 1.i.d. case: With Conformal Prediction

* Adversarially robust conformal prediction , PRACTICAL SAFETY GUARANTEES | __ Lo syt v o s,
summary in '
 Distributionally robust conforinal prediction |

» Adaptive conformal prediction '

* Weighted conformal prediction

TRAJECTORY

Today!



Safe control with robust conformal prediction

* Adversarial conformal prediction!: Let sup R(y + A) < R(y) + M for all trajectories y.
A

[It holds that Prob (R(y(o) A) M, VA) >1—§ with g := Quantile, _s(R(y'Y, ..., R(y(k))]

* Our approach?: iterative robustification

ROb u Stify : Predicted trajectory
compute M [ a _,
1 ’. | | | : 2 ] B .
| R o -
-2 p S -2 i
e 0 ° -2 7 '*25 9 B '—2.5
Initialize: Update control.: o N
" 6 05 " o o / 6 05 " o
Safe Contr()ller ]T(q _I_ M) Conformal Tube: Episode #3, Radius 1.39 (m) Conformal Tube: Episode #5, Radius 1.13 (m)
oo oo
cees+ Predicted trajectory redicted trajectory
6
E
Deploy: E o2
0
collect data ; f 5
start conservative yet sate ,
2
Y

1Gendler, Weng, Daniel, Romano, “Adversarially Robust Conformal Prediction”, ICLR, 2022.

2Mirzaeedodangeh, Shekhtman, Matni, Lindemann, “Safe Planning in Interactive Environments via Iterative Policy Updates and Adversarially Robust Conformal Prediction™, L4DC, 2026.

Conformal Tube: Episode #1, Radius 3.79 (m) Conformal Tube: Episode #2, Radius 2.07 (m)

robustify

Calibrate:
compute ¢

calibrate




Algorithm for controller updates

* Collect new calibration data ?Jj(-l)a X ,?/J(-k) ~ D(x;)

Robustify: Ciy1 2 g+ My,
compute M,

Calibrate: Initialize: Update control:
compute 9; safe controller 7(Ciyy)

21



Algorithm for controller updates

(1)

* Collect new calibration data ¥; - - -

k
e

~ D(x)

Robustity:

compute MJ +1

safe controller

(

\_

Deploy:
collect data

\

W,

Update control:
71'( Cj+ 1)

21




Algorithm for controller updates

(1)

* Collect new calibration data ¥; * - -

* Apply conformal prediction g;

k
Ly~ D(xy)

= Quantile; _4(R\", ...

T
Anconformity score

(k)
7}27 y

(i)
Rj

o)

. — max

Te{l

Robustity:

compute M,

safe controller

lliiiiiiill

(

\_

Deploy:
collect data

\

W,

lys) — 59|

Update control:
71'( Cj+ 1)

21




Algorithm for controller updates

(1) (K)

* Collect new calibration data ¥; "5--.,Y; = ~ D(z;)

* Apply conformal prediction g;

= Quantile; _4(R\", ...

s

\

~
Calibrate:

compute 9

-

R .— max
J re{l,.... T}
Anconformity Score
(k)
y RJ ) OO)

Initialize:
safe controller

~ R
Deploy:

lys) —

collect data
\_ )

A(%)H

Update control:
71'( Cj+ 1)

21



Algorithm for controller updates

* Collect new calibration data ?Jj(-l)a X ,?/J(k) ~ D(x;)

+ Observe that R\, — R@ < L,||7m(Cit1) — m(C))||cc =

7+1

(i)
Rj

T
Anconformity score

* Apply conformal prediction q; = Quantilel_a(Rﬁ-”, X

R}, 00)

7+1

Lipschitz constant of dynamics

. — max

Te{l

lys) — 59|

[ Adversarially conformal prediction guarantees that Prob(R;+1 < ¢q; + M+1) > 1 -9 }

s

\

~
Calibrate:

compute 9

N

Initialize:
safe controller

\_

Deploy:
collect data

W,

Update control:
71'( Cj+ 1)



Algorithm for controller updates

(1)

* Collect new calibration data ¥; *» - - - (k)

y; "~ D(z;)

* Apply conformal prediction g;

+ Observe that R\, — R@ < L,||7m(Cit1) — m(C))||cc =

j+1

= Quantile; _4(R\", ...

(7) ._
R

Lipschitz constant of dynamics

— IMax
re{l,..., T}
Anconformity Score
(k)
y RJ ) OO)
7+1

lys) —

A(%)H

[ Adversarially conformal prediction guarantees that Prob(R;+1 < ¢q; + M+1) > 1 -9 J

~

-

s

\

~
Calibrate:

compute 9

-

\_

Robustity:

~

compute M,

_/

Initialize:
safe controller

v

(

\_

Deploy:
collect data

\

W,

Ci129+M,,

21



Algorithm for controller updates

Collect new calibration data ?Jj(-l), e

Apply conformal prediction g;

Observe that R\, — R@ < L,||7m(Cit1) — m(C))||cc =

j+1

k
Y~ D(ay)

= Quantile; _4(R\", ...

(i)
Rj

T
Anconformity score

R 00)

7+1

Lipschitz constant of dynamics

. — max

Te{l

lys) —

A(%)H

[ Adversarially conformal prediction guarantees that Prob(R;+1 < ¢q; + M+1) > 1 -9 J

This motivates the rule C;4+1 > q; + %{Mﬁ( 3+1

( The policy 7(C';+1) guarantees episodic safety. }

1. Solve via numerical solver (e.g., bisection)

2. Solvevia Cj11 > q; + L:L,|Cj41

- O

~

IIK'

\

Calibrate:
compute 4;

-

\_

Robustity:

~

compute M,

_/

Initialize:
safe controller

v

(

\_

Deploy:
collect data

\

W,

Ci129+M,,

21



Academic example: car-pedestrian collision avoidance

Empirical tube coverage Empirical safety coverage

100?—_\_ gt oactog i 2p | @100 AAAAAAA e e .
o0 ¥
g o Robust CP (explicit) A e B
> -l-Split CP >
S 50 *ng‘;;irélliCP i g0 |[ o RobE Ticit) | PTOb(C(CIZ‘j, y]> Z O) 2 ]. — 5
._ql; — Target (1 —a) R i?)ﬂ;t-ticje CP

© « Naive CP A
= L, . | & 0 et | . ._ Prob(mTax G- — vyl <Cj) >1-0
0 D 10 15 20 0 D 10 15 20
Episode (j) Episode (j)

Planned radius Planner cost

o Robust CP (explicit) | f o Robust CP (explicit) | Convergence COHditions
=5plit CP 0.014 sl : . .
15|  Questime CP o presented after simulations
< -
11
0.01+ :
0.5 L — ' 0.008 L ' ' - -
0 5) 10 15 20 0 5) 10 15 20
Episode (j) Episode (j)

22



* We use Quadswarm! with five uncontrollable dynamic RL agents

« Ego drone deploys 7(C;) filtered through a tracking CBF

e Metrics:

* Agent 2:

1Huang et al., “QuadSwarm: A Modular Multi-Quadrotor Simulator for Deep Reinforcement Learning with Direct Thrust Control”, ICRA (Workshop), 2023.

Tube coverage

Quadswarm drone simulator

Empirical tube coverage

4w [ 1 1 T 1 T
100 -~~~ e
98_ /
96 .
—l— Robust CP (explicit)
94 - = Split CP
One-time CP
92- —@®— Naive CP
o701 R ——— ---- Target (1 —a) |

0 2 4 6 8 10
Episode (3)

Prob(max ||g;» — y;|| < C;) >1 -6

Conformal Tube: Episode #1, Radius 3.79 (m)

—— Agent 2
— [Ego agent

Predicted trajectory

(m) z

Empirical safety coverage

1004 =—o—8—s—n—o—n—o—n—»—=n
)
%0 98 -
o
> 96- -
3 —— Robust CP (explicit)
> 941 —%¥— Split CP
:qj One-time CP
& 927 —@— Naive CP
70T ---- Target (1 —a) |

0 2 4 6 8 10
Episode (j)

Prob(c(zj,y;) >0) >1—-19§

Conformal Tube: Episode #2, Radius 2.07 (m)

—— Agent 2
— Ego agent

Predicted trajectory

() z

Planned radius

Cumulative reward

~—~3.04
8- ..
—l— Robust CP (explicit) é t/I *—5—5——S—N—3—3
—¥— Split CP = 2.5 : ~ 3 : : : : , :
i
. One-time CP S
0 | 22047 /7T
—®— Naive CP O
s =&~ Robust CP q; O 1.5-
4 : > —l— Robust CP (explicit)
=&+ Naive CP g; i
® 1.0 1 —¥— Split CP
g One-time CP
= 0.57 —®— Naive CP
1
O
T T T T T T T T T T T
0 2 4 6 8 0 2 4 § 8 10
Episode (j) Episode (j)
Conformal Tube: Episode #3, Radius 1.39 (m) Conformal Tube: Episode #5, Radius 1.13 (m)
—— Agent 2 —— Agent 2
— [Ego agent — Ego agent
""" Predicted trajectory ===+ Predicted trajectory
] 6
s 8) . (
i 0 =
)
L 00 . 71.5—2.0_2'5
/ 05 v 4 05 o
4 6 . 0.0 AN ) 6 0 0.0 N
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Radius update analysis

» Recall the radius update condition Cj11 > q; + Ly||7(Cit1) — 7(Cj)| oo
“closed-loop”gain k := L L,
e Consider the explicit update rule Cj+1 > C; + L. L, |C;11 — Cj

small gain condition / Cit1 = ¢
p )
el
/ q; + KU, if ¢; < C; (Shrinkage Branch)
Itf r < Lthenwehave Cj_|_1 — ,1—|_H;C'.
45 — ~hLy

if ¢; > C; (Expansion Branch)

1 — K
- \ y
C

j+1 >

[ Can we use these 1nsights to analyze convergence of our algorithm? J




Convergence analysis

* Consider the true quantile Q(C') := inf{t | Prob(R(y) <t) > 1 — ¢}

7

y ~ D(m(C)) under some additional

continuity assumptions
4 )

Assume that Q(C) admits the fixed point Q(C™) = C”. Then

-0 s (12_’£l{)j+ Co— 7] — K ZJ: (1 —m)j_m‘Q(Cj) ~ 4l

=0
- / J

can be bounded with high probability (see paper!)

* We can derive a performance bound |J; — J(C™) “_ £ (0) BT
i is monotone/continuous

1Mirzaeedodangeh, Shekhtman, Matni, Lindemann, “Safe Planning in Interactive Environments via Iterative Policy Updates and Adversarially Robust Conformal Prediction™, L4DC, 2026.
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