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Abstract— In this paper, we present a novel probabilistic safe
control framework for human-robot interaction that combines
control barrier functions (CBFs) with conformal risk control
to provide formal safety guarantees while considering complex
human behavior. The approach uses conformal risk control
to quantify and control the prediction errors in CBF safety
values and establishes formal guarantees on the probability of
constraint satisfaction during interaction. We introduce an algo-
rithm that dynamically adjusts the safety margins produced by
conformal risk control based on the current interaction context.
Through experiments on human-robot navigation scenarios, we
demonstrate that our approach significantly reduces collision
rates and safety violations as compared to baseline methods
while maintaining high success rates in goal-reaching tasks and
efficient control. The code, simulations, and other supplemen-
tary material can be found on the project website: https:
//jakeagonzales.github.io/crc-cbf-website/.

I. INTRODUCTION

The safe deployment of autonomous robots in human

environments, from autonomous driving to service robots,

presents fundamental challenges in ensuring safety under

the unpredictability of human behavior. In particular, the

uncertainty in human behavior is multimodal, where there

could be multiple possible distinct behaviors (e.g., passing

to the left or right of someone), and history dependent,

where future behaviors depend on interaction history. Com-

mon approaches to safety-critical control in the presence

of uncertainty make simplifying distributional assumptions

(e.g. Gaussian) about the uncertainty and leverage chance

constraints to provide probabilistic safety guarantees [1].

While sampling-based methods can handle more complex

distributions, they lack formal safety guarantees and can be

computationally expensive for real-time applications [2].

A core challenge is in developing robot planning algo-

rithms that can handle the complex uncertainty associated

with human behavior without being overly conservative and

providing quantifiable confidence in constraint satisfaction.

Recent theoretical advancements in statistical verification

have provided powerful tools for establishing formal guar-

antees on complex predictive models, including deep neural

networks. In particular, conformal prediction [3] offers a

distribution-free framework for constructing prediction sets

with guaranteed finite-sample coverage properties, and has

been extended to the adaptive setting to maintain coverage
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Fig. 1: We develop a risk-aware adaptive safety filter that dynam-
ically adjusts robot conservativeness based on the uncertainty of
human behavior. The plots show the robot’s control space with
red regions indicating unsafe actions. In high-risk scenarios (top),
our approach increases the safety margin parameter λ, creating
more restrictive control constraints. In low-risk scenarios (bottom),
λ decreases, allowing less conservative behavior while maintaining
safety guarantees.

guarantees under arbitrary distribution shifts using adaptive

conformal prediction [4]. This extension is important for

robot decision-making in dynamic environments where adap-

tive conformal prediction allows you to recalibrate predic-

tion sets online, without requiring stationarity assumptions.

Conformal Risk Control (CRC) [5] further generalizes this

approach by directly controlling arbitrary prediction risks

through guarantees on the expected value of user-defined loss

functions, making it particularly suitable for safety-critical

applications where precise risk quantification is essential.

In this work, we present a principled framework that

combines conformal risk control with control-theoretic safety

constraints to achieve provable safety guarantees in human-

robot interactions. Specifically, we apply CRC to algorithmi-

cally tune a safety margin for a safety constraint, expressed

using Control Barrier Functions (CBFs). We devise a strategy

to tune the safety margin to meet a user-desired probabilistic

safety specification. We apply this technique to learn a model

using offline data to estimate the safety margin conditioned

on a given context, thereby resulting in robots that dynami-

cally adjust their conservativeness based on uncertainty. Fig-

ure 1 illustrates this concept. The practical implementation of

our approach does not rely on any distributional assumptions

or worst-case bounds, and is both computationally efficient

for real-time control and theoretically grounded.
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Statement of contributions. The contributions are multi-

fold: (i) a novel safe control framework combining CBFs

with CRC to provide high-probability safety guarantees for

human-robot interactions; (ii) rigorous theoretical analysis

establishing the connection between CRC-based uncertainty

quantification and probabilistic safety guarantees; (iii) an

assumption-light algorithm for dynamic uncertainty adapta-

tion of safety margins; and (iv) a practically implementable

and empirically validated approach to handle temporal de-

pendencies in human-robot interactions. To our knowledge,

this is the first use of conformal risk control to quantify

uncertainty in control-theoretic safety constraints for joint

human-robot systems.

A. Related work

Safe planning with CBFs. By enforcing control in-

variance, CBFs provide theoretical guarantees for safety-

critical control [6]. Yet, the practical implementation of CBFs

faces challenges. For example, manual construction of CBFs

is increasingly difficult for high-dimensional systems with

input constraints. This limitation has motivated learning-

based approaches to approximate CBFs [7]–[10].

Although CBFs have shown promise in single-agent set-

tings, their application to multi-agent scenarios—particularly

with human agents—remains underdeveloped. The inherent

stochasticity of human behavior and unknown policies of

opponents in multi-agent settings presents fundamental chal-

lenges that classical CBF formulations struggle to adequately

address. Towards this end, CBFs have been extended to

robust formulations [11]–[13] for a priori known bounded

disturbances, however this is not practical for real-world

deployment with complex and unbounded uncertainties due

to human interactions or other autonomous agents.

Safe planning with conformal prediction. To address

uncertainties in multi-agent settings with minimal assump-

tions, there has been a line of work on conformal prediction

in safety critical control. For instance, ignoring feedback ef-

fects, recent work [14] uses conformal prediction in a model

predictive control formulation to model opponent uncer-

tainty. In a follow-up work [15], the authors leveraged ideas

from adaptive conformal prediction to adapt to distribution

shift by quantifying uncertainty from past agent observations

without requiring stationarity assumptions on agent motion.

More closely aligned with our approach, [16] integrates

adaptive conformal prediction with CBF constraints in order

to safely adapt to uncertainty in multi-robot systems.

Conformal prediction methods create confidence regions

around other agents’ trajectories by calibrating prediction

sets for coverage. As such they lack the ability to directly

control the risk of safety constraint violations. Instead of

targeting fixed coverage, CRC aims to control the expected

loss (risk) under a user-specified loss function and poten-

tially adaptive or contextual thresholds. Indeed, our approach

addresses this limitation by leveraging CRC to explicitly

quantify prediction errors in safety values consequent of

uncertainty due to other agent behavior, and encoding this

directly into the safety constraints. This provides a more

precise and principled approach to managing the trade-

off between safety and performance. Parallel work by [17]

proposes a similar formulation that uses conformal decision

theory [18] to tune the conservativeness of the CBF con-

straint. A limitation of this approach, however, is that it

only provides guarantees on the average constraint violation

over time rather than probabilistic safety guarantees for each

timestep, arguably a crucial need for safety-critical control

involving humans. We establish this theoretical connection

and empirically evaluate our methods using human behavior

models trained on real-world pedestrian data.

II. PRELIMINARIES

Consider a human-robot joint dynamical system where the

goal is to design a control policy for the robot such that the

joint state x(t) ∈ R
n of the dynamical system remains safe

with high probability given the stochastic unknown policies

of all other agents.

Let R denote the index of the robot agent, and H =
{1, . . . , H} be the index set of all agents excluding the robot

agent. For any time t ∈ R+, define the joint state x(t) :=
(xR(t), xH(t)) where xR(t) ∈ XR ⊆ R

nR and xH(t) ∈ XH ⊆
R

nH , denote the robot and human states, respectively, and

let X := XR × XH define the joint state space. Analogously,

define the joint control input u(t) := (uR(t), uH(t)) where

uR(t) ∈ UR ⊆ R
mR and uH(t) ∈ R

mH denote the robot and

human control inputs, respectively, and let U := UR × UH
be the joint control space. Note that we drop the explicit

dependence on t where obvious from context.

Assumption 1: The joint control space U is non-empty,

closed, and convex set. Moreover, there exists strictly posi-

tive, finite constants bu and Bu such that buB ⊆ U ⊆ BuB

where B = {u ∈ R
m | ∥u∥ = 1} is the unit ball.

This assumption implies the set U is compact with a non-

empty interior; otherwise, we can map U to a lower di-

mensional space. Let n := nR + nH be the state dimension

and m := mR + mH be the control input dimension. The

dynamical system under consideration is given by

ẋ = f(x) +Bu, (1)

where B =
[
BR BH

]
. We make the following regularity

assumption.

Assumption 2: The map f : X → R
n is locally Lipschitz

continuous in x so that x(t) is Lipschitz continuous.

Let Lx ∈ [0,∞) be the corresponding Lipschitz constant.

A. Safety

As noted the goal is to give a guarantee on the state

remaining safe. To gain some intuition, let us consider a

deterministic control-affine system:

ẋ = f(x) + g(x)u (2)

where x ∈ X ⊂ R
n is the state, and u ∈ U ⊂ R

m is the

control input. Let S ⊆ X denote the set of safe states for

the system in (2). One way to characterize such a set is via

the 0-superlevel set of a mapping:

S := {x ∈ X | h(x) ≥ 0},

where h(·) is a continuously differentiable function.
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In this setting, the objective is to synthesize a feedback

control policy π : x 7→ u ensuring forward invariance of S
under closed-loop dynamics:

ẋ = f(x) + g(x)π(x).

That is, trajectories initialized in S at time t0 must remain

within S for all t ≥ t0. This is known as the safe planning

problem. One common approach to solving this problem is

to use CBFs [6].

Definition 1: The mapping h(·) is a CBF for the system

(2) if there exists an extended class-K∞
1 function K such

that

sup
u∈U

{Lfh(x) + Lgh(x)u+K(h(x))} ≥ 0, ∀x ∈ X , (3)

where Lfh(x) = ∇h(x)
⊤f(x) and Lgh(x) = ∇h(x)

⊤g(x).
For a given CBF h(·) and class-K∞ function K, the set of

admissible safe control actions is defined as

C(x) := {u ∈ U | Lfh(x)+Lgh(x)u+K(h(x)) ≥ 0}. (4)

Any locally Lipschitz continuous controller π(x) ∈ C(x)
guarantees forward invariance of the safe set S under

the closed-loop dynamics. This motivates the design of a

minimally-invasive safety filter:

π(x) := min
u∈U

∥u− unom(x)∥
2
2 (CBF-QP)

subject to Lfh(x) + Lgh(x)u+K(h(x)) ≥ 0,

where unom(x) represents a control input from a potentially

unsafe nominal controller. Given the control-affine struc-

ture of our system, C(x) forms a polyhedral set, reducing

(CBF-QP) to a convex quadratic program.

In the setting we consider, however, there are two addi-

tional practically motivated challenges:

• Discretization: Agent controllers generally operate in dis-

crete time due to sampling. Therefore we must discretize

the dynamics and synthesize a robust safe policy.

• Uncertainty: The human’s behavior is unknown a priori

to the robot. This means they do not have a deterministic

model of the control input uH, and must learn it from data.

B. Discretization & Robust Control Barrier Function

We discretize the continuous-time dynamics given in (1).

Let tk = k · ∆T for k ∈ N denote sampling instants with

fixed timestep ∆T ∈ R>0. Under this time discretization,

the controller operates using a zero-order hold control law:

for each k ∈ N, set

u(t) = uk, ∀t ∈ [tk, tk+1). (5)

Let xk := (xR(tk), xH(tk)) be the corresponding sampled

state2. Thus, discrete-time joint dynamics are give by

xk+1 = fd(xk) +BR,duR,k +BH,duH,k := Fd(xk, uk), (6)

where Bj,d := Bj · ∆T for j ∈ {R, H}. The discrete-time

dynamics fd(xk) are obtained through standard numerical

integration of f(x(t)) over the time interval [tk, tk+1] under

1An extended class–K∞ function K : R → R is continuous, strictly
increasing, satisfies K(0) = 0, and K(r) → ∞ as r → ∞.

2Under a zero-order hold control law as in (5) with compact set U ,
uniqueness of the maximal closed-loop solution xk is guaranteed [19].

the zero-order hold assumption on the control inputs. The

discrete-time dynamics fd(xk) are implicitly defined by

this integral using Gronwall’s inequality and the Lipschitz

continuity of f .

To ensure safety despite the time discretization, we con-

struct a robust CBF [20] and corresponding safe controller

set. We show first in the deterministic setting that the zero-

order hold controller remains safe on every interval [tk, tk+1]
as long as uk ∈ C(xk) and xk ∈ S . To this end, we make

the following regularity assumptions.

Assumption 3: The mappings h ∈ C1 and K ◦ h are Lh

and LK◦h Lipschitz continuous, respectively.

Observe that Lfh(x) and Lgh(x) are, respectively, LhLf

and LhLg Lipschitz continuous under Assumption 2.

Now, define the robust safe control set—which we will

use to select the control at each time tk—as follows: for the

current state and agent action (x(tk), uH(tk)), the robust safe

set for the robot is given by

C̃(x(tk), uH(tk)) = {uR ∈ UR | Lfh(x(tk)) + Lgh(x(tk))u

+K(h(x(tk))) ≥ η, u = (uR, uH(tk))}

where η := ∆T ·Lx(LhLgRu+LhLf+LK◦h) is a robustness

margin accounting for discretization.

Lemma 1 (Robust CBF): Consider the interval [tk, tk+1]
where ∆T = tk+1− tk. Suppose that the agent is employing

a zero-order hold policy, and that at each discrete time step

k, the proposed algorithm selects uR,k ∈ C̃(x(tk), uH(tk)) for

the current state and agent action. Further, suppose that the

robot uses a fixed control input uR(t) ≡ uR,k on [tk, tk+1] and

that the current state is safe—i.e., x(tk) ∈ S . Then x(t) ∈ S
for all t ∈ [tk, tk+1].

The proof of the preceding lemma is given in Appendix C.

Observe that this lemma provides a safety guarantee for the

entire discretized time interval.

In the deterministic setting—i.e., where the human behav-

ior policy is known to the robot—we could easily modify the

optimization problem in (CBF-QP) by replacing the control

barrier function constraint with the robust version defined

above: namely,

π(x(tk)) := min
uR

∥uR − unom(x(tk))∥
2
2

subject to uR ∈ C̃(x(tk), uH(tk))
(RCBF-QP)

However, in practice, such knowledge would not be available

to the robot.

C. Stochastic Human Behavior with Probabilistic Safety

Now that we have tackled the time discretization, we

can deal with the second challenge on the stochasticity of

the human policy. As noted above, the human’s policy is

unknown a priori. Indeed, since the human’s actions are

stochastic, we cannot optimize (RCBF-QP) since the robot

does not have uH(tk). Instead, we aim to ensure this condition

holds with high probability.

The following lemma establishes a probabilistic safety

guarantee by imposing constraints on the robots control

actions given a stochastic policy P (uH(tk)| x0:k) for the

human agents, where x0:k := (x(t0), . . . , x(tk)).
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Fig. 2: Multi-Agent Scenario. Example of the human crowd simulation setup. The CRC Safety Filter maintains the probabilistic safety
guarantees while the standard CBF exhibits unsafe behavior. The safety margin λ adapts based on human prediction uncertainty, ensuring
larger distances are maintained during uncertain interactions.

Lemma 2: Suppose the joint control space U satisfies

Assumption 1, the system (6) satisfies Assumptions 2 and

3, and both the robot and humans employ zero-order hold

control policies. Fix a confidence level γ ∈ (0, 1). Suppose

x(tk) ∈ S and the robot selects uR(tk) such that

Pr(uR(tk) ∈ C̃(x(tk), uH(tk))) ≥ 1− γ, (7)

where the probability is taken with respect to the distribution

of human actions uH(tk) ∼ P (uH(tk)| x0:k). Then, the joint

state remains safe for all t ∈ [tk, tk+1]—i.e.,

Pr ({x(t) ∈ S ∀t ∈ [tk, tk+1]}) ≥ 1− γ. (8)

This lemma trivially follows from Lemma 1 which implies

that if uR(tk) ∈ C̃(x(tk), uH(tk)) and x(tk) ∈ S , then x(t) ∈
S for all t ∈ [tk, tk+1].

Given the safety guarantee implied by Lemma 2, we

modify the (RCBF-QP) to incorporate this high probability

guarantee: namely,

π(x(tk)) := min
uR

∥uR − unom(x(tk))∥
2
2 (SRCBF-QP)

subject to Pr(uR(tk) ∈ C̃(x(tk), uH(tk))) ≥ 1− γ

This optimization problem now has a chance constraint.

III. ROBUST AND SAFE CONTROL POLICY SYNTHESIS

In this section, we describe a method to address the prob-

abilistic safety constraint in (SRCBF-QP). We reformulate

the CBF condition using CRC to quantify the risk associated

with the uncertainty in human’s stochastic policy.

A. Safety Barrier Certificates

Following [21], we define two safety barrier certificates,

the deterministic B(xk, uk) using ground truth states and the

predicted B̂(x̂k, ûk) using estimated states:

B(xk, uk) = Lfh(xk) + Lgh(xk)uk +K(h(xk))− η,

B̂(x̂k, ûk) = Lfh(x̂k) + Lgh(x̂k)ûk +K(h(x̂k))− η,
(9)

where uk = (uR,k, uH,k) and ûk = (uR,k, ûH,k). For safety,

we require B(xk, uk) ≥ 0, but can only compute B̂(x̂k, ûk)
during planning.

Assumption 4 (Bounded barrier prediction error): There

exists a finite constant ξ ∈ R>0 such that, for all time steps

k ∈ N, the difference between the true barrier certificate

B(xk, uk) and the predicted barrier certificate B̂(x̂k, ûk) is

bounded sup |B(xk, uk)−B̂(x̂k, ûk)| ≤ ξ. This bound holds

for all joint states at each timestep k.

Remark 1: While this assumption is used in the theoret-

ical analysis to establish statistically valid guarantees, the

proposed method does not require explicit knowledge of this

bound in practice since CRC implicitly learns the appropriate

margins from data.

B. Safety Margin Synthesis via Conformal Risk Control

To address the chance constraint in (SRCBF-QP), we

leverage nonexchangeable CRC [22], a statistical verification

technique that provides a flexible framework for quantifying

prediction errors in dynamic settings. Theoretical guarantees

for classical conformal uncertainty quantification methods

hold under the assumption that the data is exchangeable3

[23]. Data from controlled dynamical systems is not ex-

changeable since the current state depends on the past state

and control inputs. Non-exchangeable CRC accounts for

these dependencies by essentially reweighting the conformal

prediction sets. For brevity, we will refer to nonexchangeable

CRC simply as CRC from here on out.

To produce safety guarantees using the estimated barrier

certificate, we need to bound the estimation error. The pro-

cedure we develop to do this uses a safety margin parameter

that is selected based on the historical estimates of the safety

barrier certificates as we describe below.

Let λ ∈ Λ ⊆ R>0 be a safety margin parameter for

constructing Cλ that characterizes the set of safe robot

control inputs under uncertainty:

Cλ(x̂k, ûH,k) = {uR,k ∈ UR | B̂(x̂k, ûk)− λk ≥ 0}. (10)

For any λ, λ′ ∈ Λ, we have λ ≤ λ′ =⇒ Cλ′(·) ⊆ Cλ(·),
i.e., larger λ yields a more restrictive control space. The

safety margin essentially creates a buffer that accounts for

prediction uncertainty: as uncertainty increases, λ increases

to ensure safety by further restricting the set of permissible

controls, directly capturing the risk associated with the

human’s stochastic policy.

1) Conformal Risk Control Safety Filter: Now, we present

a risk-aware safety filter that enforces probabilistic safety

constraints through a quadratic program formulation. At each

discrete timestep k, the CRC safety filter computes a control

input that minimally deviates from a nominal robot policy

3Exchangeability is a slight relaxation of the well-known condition of
independent and identically distributed data.
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while ensuring safety with high probability:

π(x(tk)) := min
uR

∥uR − unom(x(tk))∥
2
2 (CRC-SF)

subject to Pr(uR(tk) ∈ Cλ(x̂k, ûH,k)) ≥ 1− γ

where unom(x(tk)) is the nominal robot control and

Cλ(x̂k, ûH,k) is the set of safe robot controls parameterized

by safety margin λ. We develop a method to update λ online

based on interaction context (Section IV). This formulation

provides single-timestep safety guarantees under human be-

havioral uncertainty (Theorem 1).

2) Optimizing the Safety Margin Parameter: To select the

safety margin parameter, we define a loss function L : Λ→
[0, B] that quantifies the barrier prediction error:

L(λ) = max{0, |B(xk, uk)− B̂(x̂k, ûk)| − λ}. (11)

This loss function is bounded under Assumption 4; this is a

technical condition that is needed for the theoretical analysis

of the CRC method. Further, this loss function quantifies

the amount by which the prediction error exceeds the safety

margin λ, and satisfies the key properties required by the

CRC framework: (i) non-negativity, (ii) boundedness by

Assumption 4, and (iii) monotonically non-increasing with

respect to λ.

To account for temporal dependencies in human-robot

interaction, we apply nonexchangeable CRC using geomet-

rically decaying weights. The optimal safety margin λ̂k is

chosen as the smallest value that ensures the weighted risk

remains below α with an appropriate correction term:

λ̂k = inf

{
λ :

1

nw + 1

nk∑

i=1

wiLi(λ) +
B

nw + 1
≤ α

}
,

(12)

where wi = ρnk+1−i are geometrically decaying weights

with ρ ∈ (0, 1), nk is the size of the calibration set (detailed

in Section IV), and nw =
∑nk

i=1
wi. This formulation ensures

E[L(λ̂k)] ≤ α+ β, (13)

where α ∈ (0, 1) is a user-specified risk level. Here β
represents the total variation distance that quantifies the

degree of non-exchangeability in the data. As discussed in

[22], in practice β is difficult to compute, but with a proper

choice of weights and gradual distribution shift such as that

in time series data, β is likely to be small.

C. High Probability Safety Guarantees

This formulation leads to the main theoretical results. First,

we establish that CRC guarantees on the barrier prediction

error translate to probabilistic bounds on the difference

between true and predicted barrier values.

Lemma 3 (Barrier Value Concentration): Given a risk

threshold α ∈ (0, 1) and confidence level γ ∈ (0, 1),
if we compute λ̂ using non-exchangeable CRC to satisfy

E[L(λ̂)] ≤ α+ β, then setting ϵ = (α+ β)/γ gives

Pr(|B(xk, uk)− B̂(x̂k, ûk)| ≤ λ̂k + ϵ) ≥ 1− γ. (14)

The proof of Lemma 3 is contained in the Appendix.

Building on this result, we establish our safety guarantee.

Algorithm 1 Offline Safety Margin Calibration using CRC

1: Input: Risk threshold α, human policy P (uH| x0:k),
nominal robot policy πnom, discount factor ρ, trajectories

per batch K, total trajectories M , horizon N
2: Initialize: Training dataset T ← ∅
3: for b = 1 to M/K do ▷ Each batch uses K trajectories

to compute one set of λ values

4: Db ← ∅ ▷ Calibration data for batch b
5: for j = 1 to K do ▷ Interaction trajectories

6: Initialize states: xR,0, xH,0
7: for k = 0 to N − 1 do ▷ Data Collection

8: Sample human action: ûH,k ∼ P (uH| x0:k)
9: Set uR,k = πR(xk, ûH,k) solving (RCBF-QP)

10: Update states: xk+1 = Fd(xk, uk) via (6)

11: Compute barrier certificates as in (9)

12: Db ← Db ∪ {(Bk, B̂k)}

13: for k = 0 to N − 1 do ▷ Risk Calibration

14: Db,k ← {(Bi, B̂i, ki) ∈ Db | k ≤ ki ≤ N − 1}
15: nk ← |Db,k| = K × (N − k)
16: wi ← ρnk+1−i for i = 1, . . . , nk

17: Compute λ̂b,k using (12)

18: Extract feature vector ϕb,k for each K trajectories

19: T ← T ∪ {(ϕb,k, λ̂b,k)}

20: return T

Theorem 1 (CRC-CBF Safety Guarantee): Consider the

human-robot system (6) with barrier certificates defined in

(9). Given a confidence level γ ∈ (0, 1) and risk threshold

α ∈ (0, 1), if we have the CRC guarantee such that λ̂ satisfies

E[L(λ̂)] ≤ α+β and set ϵ = (α+β)/γ, then the prediction

set defining the safe set of control inputs under uncertainty,

Cλ(x̂k, ûH,k) = {uR ∈ UR | B̂(x̂k, ûk)−(λ̂k+ϵ) ≥ 0}, (15)

ensures that Pr(h(xk+1) ≥ 0) ≥ 1− γ holds.

The proof of the above theorem can be found in the Ap-

pendix. This result shows that by bounding prediction errors

on barrier functions using CRC, we can construct control

constraints that guarantee safety with high probability.

IV. ALGORITHMIC DETAILS

In this section, we present the algorithmic details for

implementing the proposed probabilistic safety framework.

We begin with a brief high-level overview of the procedure.

The proposed method first trains a stochastic human behav-

ioral policy P (uH| x0:k) on real-world pedestrian data. The

interaction history x0:k = {x0, x1, . . . , xk} captures the joint

state evolution of all agents in the scene, enabling the human

policy to account for multi-agent dynamics through observed

interactions. While our theoretical framework supports con-

ditioning on robot control actions—through the development

of robot-aware human behavior models as in [24]—our cur-

rent implementation is trained on pedestrian datasets where

robot actions are not present [25]. Specifically, our human

behavioral model takes as input the positions and velocities

of all agents in the scene over the interaction history and

outputs a sequence of predicted human controls, following
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Algorithm 2 CRC Safety Filter with Online Updates

1: Input: Initial states (xR,0, xH,0), stochastic human policy

P (uH| x0:k), LSTM model Φ, timestep ∆T , horizon N
2: Output: Safe robot trajectory {xR,k}

N
k=0

3: Sample human trajectories: {ûH,k}
N
k=0 ∼ P (uH| x0:k)

4: Compute predicted human states {x̂H,k}
N
k=0 by integrat-

ing human dynamics

5: for k = 0 to N − 1 do

6: Compute B̂k using (x̂H,k, ûH,k) via (9)

7: Extract feature vector ϕk

8: Update safety margin: λ̂k = Φ(ϕk)
9: Solve (CRC-SF) to obtain uR,k

10: Apply control uR,k to the robot system

11: return {xR,k}
N
k=0

approaches similar to [26]. The learned human policy cap-

tures relative spatial information (e.g., distance to nearest

agents, relative velocities) that enables generalization from

the pedestrian-only training data to human-robot interaction

scenarios in our simulated environments.

The proposed method requires the specification of an a

priori nominal robot control policy πnom that governs robot

behavior during the offline calibration phase. The nominal

policy can be any reasonable control strategy chosen by the

user—for instance, a goal-reaching controller or any existing

deterministic safe control method. The nominal policy serves

as the robot’s baseline behavior around which we calibrate

our uncertainty quantification and safety margin adaptation.

In an offline phase, we use the learned human policy

together with the nominal robot policy to generate interaction

trajectories τ = {(xk, uk)}
N−1

k=0
that capture the joint evolu-

tion of human-robot state-action pairs over a finite horizon

N . For each trajectory, we compute both the true barrier

certificate values Bk using ground truth human actions and

the predicted values B̂k using actions sampled from our

behavior model. Then, we apply CRC to the collected barrier

certificate pairs {(Bk, B̂k)} to compute the optimal safety

margins {λ̂}N−1

k=0
. We then train a predictive model that maps

the current context in the scene to the appropriate safety

margins, with details outlined later in this section. In the

online phase, we use this model to dynamically adapt λ,

enabling risk-adaptive control.

Computing Optimal Safety Margin. We now detail the

offline CRC calibration procedure for computing optimal

safety margins as outlined in Algorithm 1. We adopt the

geometric weight decay approach from [22] to handle tem-

poral dependencies through re-weighting the loss function,

ensuring statistically valid risk control guarantees.

We generate M interaction trajectories by simulating the

stochastic human policy with a nominal robot policy πnom. In

our implementation, πnom solves the robust CBF optimization

problem (RCBF-QP) where unom(xk) is computed using a

goal-reaching control Lyapunov function. We process the M
trajectories in batches of size K, where each batch computes

safety margins {λ̂b,k}
N−1

k=0
. Each safety margin is computed

Fig. 3: Trajectories generated from 100 single-agent head-on
interactions with each method. Red trajectories indicate collisions.

by collecting all barrier certificate data from timesteps k
through N−1 across the K trajectories in that batch, yielding

nk = K × (N − k) total samples. We apply exponentially

decaying weights wi = ρnk+1−i to emphasize more recent

timesteps, then solve (12) to compute the optimal safety

margin. We then use these safety margins as ground truth

labels to train a predictive model to update λ online.

Online Updates. To enable dynamic safety margin adapta-

tion during deployment, we train a 2-layer LSTM network

with 32 hidden units, denoted Φ, that takes as input a

feature vector ϕ concatenating the robot state xR, human state

x̂H, Euclidean distance between agents ∥pR − pH∥, predicted

barrier value B̂, and timestep k. We choose an LSTM to

capture temporal dependencies in the interaction sequences,

though simpler models such as MLPs could also be used.

The LSTM is trained using MSE loss between the ground

truth safety margins from the offline calibration phase and

the predicted values from our model, which achieves low

error on the training and validation data. During online

deployment, we perform inference at each timestep k to

update λ̃k = Φ(ϕk) in (CRC-SF), allowing the robot to

dynamically restrict the set of admissible controls in (10)

based on the uncertainty in the stochastic human policy.

V. EXPERIMENTAL RESULTS

To demonstrate the effectiveness of our method, we eval-

uate CRC-SF through single-agent and multi-agent experi-

ments designed to answer the following research questions:

RQ1. How does CRC-SF compare in terms of safety and

performance to baseline methods?

RQ2. What impact does the online adaptation of the safety

margin have on balancing safety and performance compared

to fixed safety margins?

RQ3. How does our approach perform in complex multi-

agent scenarios where human behavior is modeled using a

prediction model learned from real-world pedestrian data?

A. Experimental setup

Choosing the risk threshold α. To demonstrate the ap-

plication of safety-critical control using our framework, we

choose α = 0.01 for all of the experiments. According to our

theoretical analysis, this should roughly relate to γ = 0.99,

seeking to provide high probabilistic safety guarantees.

Baselines. We compare our approach Online CRC-SF

against three baselines: (i) CBF-QP which does not consider

uncertainty in human behavior. This baseline provides a

direct comparison to show the benefits of incorporating
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human behavioral uncertainty into the safety constraints. (ii)

Fixed CRC-CF which uses a fixed λ value computed from

considering the entire future trajectory in the calibration

phase. This baseline method will help validate the use of an

online update scheme to adjust the safety margin to account

for different contexts. (iii) MPPI [2], a sampling-based

method that can handle complex uncertainty distributions,

but does not provide formal guarantees.

Metrics. We evaluate performance using five key met-

rics: (i) collision rate, measuring the percentage of sim-

ulations where the robot collides with a human; (ii)

safety constraint violation rate, measuring instances when

the robot violates the safe control constraint but not neces-

sarily resulting in collision; (iii) goal-reaching success rate,

capturing the percentage of simulations where the robot

reaches within a small neighborhood of its target position

within the allotted time horizon; (iv) control effort, quan-

tifying the magnitude of control inputs applied during the

trajectory execution; and (v) control smoothness, assessing

the rate of change in control inputs over time.

B. Single-agent scenario

We study a challenging head-on interaction between a hu-

man and robot, illustrated in Figure 3. The human randomly

chooses to pass either left or right of the robot, requiring

the robot to adapt its decisions in real-time. The scenario

mimics a corridor situation where the robot must pass the

human safely while minimizing deviation from its path to

efficiently reach the opposite side.

Simulation setup. Both the robot and human are modeled

using the dynamically-extended unicycle model with state,

x = [px, py, θ, v]
⊤ where (px, py) represents the 2D position,

θ is the heading angle, and v is the velocity. The control

inputs u = [u1, u2]
⊤ represent steering and acceleration,

bounded by u ∈ [−0.3, 0.3]× [−1, 1]. The safety constraint

is defined using a barrier function that maintains a minimum

squared distance between the agents h(xR, xH) = ∥pR −
pH∥

2
2 − R2 where R = 1.0m is the relative safety radius.

The class-K∞ function is a linear function KCBF(r) = r.

We set N = 8.0s (80 steps at ∆T = 0.1). The human’s

behavior is simulated using a stochastic policy that generates

noisy control inputs around a nominal goal-reaching trajec-

tory, with bounded Gaussian noise (σ = 1.2, clipped to ±0.5)

added to create noticeable uncertainty in the human’s future

states. We ran 100 test instances of the simulation.

Results. Metrics from this single-agent experiment are sum-

marized in Table I (bottom). This single-agent experiment

offers insight into RQ1 and RQ2. We observe that our

Online CRC-SF achieves the best safety-efficiency trade-off.

CBF-QP and Fixed CRC-SF, are either very efficient but

not safe, or vice versa. Both CRC-SF approaches perform

well regarding the safety metrics, which is to be expected,

but for Fixed CRC-SF, we see that it is very conservative

where safety violations are close to zero percent, but has

the worst efficiency by a significantly large margin. While

Online CRC-SF offers a “close-second” across all metrics;

Multi-Agent Scenario

Method
Coll.
(%)↓

Safety
Viol.(%)↓

Goal
(%)↑

Control
Effort↓

Control
Smooth.↓

CBF-QP 38.8 81.4 96.4 0.30 0.12
Fixed CRC-SF 10.2 49.0 31.6 0.53 0.23
Online CRC-SF 3.0 53.2 84.8 0.43 0.19
MPPI 34.4 81.2 77.6 0.65 0.46

Single-Agent Scenario

CBF-QP 16.0 57.0 100.0 0.31 0.12
Fixed CRC-SF 0.0 1.0 14.0 1.35 0.30
Online CRC-SF 2.0 15.0 78.0 0.59 0.20

TABLE I: Performance comparison between multi-agent and
single-agent human-robot navigation scenarios. The multi-agent
results represent averages across five different test configurations
(each with distinct initial and goal positions), with each configu-
ration run 100 times. The single-agent results represent averages
from 100 head-on simulations.

its safety and performance are significantly more similar to

the best performing method in each metric than the worst.

C. Multi-agent scenario

We evaluate our approach using real-world pedestrian

trajectory data recorded from crowd interactions [25].

Human Behavior Model. We adapt prior work [27] to

develop a diffusion model trained on real-world pedestrian

trajectory datasets. This enables us to sample multiple pos-

sible human action sequences conditioned on the interaction

history. Human states are then obtained by integrating these

predicted controls using known single-integrator dynamics

[24], [26]. This probabilistic formulation allows the robot to

reason about the distribution of possible future human states

and actions, which is essential for our safety-critical control

approach. By sampling from this learned distribution, we can

evaluate the probabilistic safety constraints and, crucially,

dynamically adapt the robot’s level of conservativeness based

on the uncertainty in human behavior predictions.

CBF construction. Rather than enforcing constraints with

respect to every human in the environment, which could

be computationally intractable, we define a neighborhood

around the robot within which safety guarantees must be

maintained. Given a robot state xR, we consider the set

of humans N (xR) = {xi
H

: ∥pR − pi
H
∥ ≤ RN } where

RN = 3m is the neighborhood radius. For each human i in

this neighborhood, we construct a corresponding joint barrier

function: hi(xR, x
i
H
) = ∥pR − pi

H
∥22 −R2.

Test scenarios. We performed experiments on five different

scenarios with different initial and goal positions for the

robot. For each scenario, we ran 100 different trials to

account for the stochastic nature of the prediction model.

An example of a multi-agent scenario is shown in Figure 2.

D. Discussion

Qualitative results. Figure 2 visualizes the trajectories from

Online CRC-SF and CBF-QP. We observe that since Online

CRC-SF method adapts its safety margin based on context, it

proactively “slows down and waits” for a pedestrian to pass

as it starts to turn and move perpendicularly to the direction

of motion (i.e., towards the bottom of the plot). However,
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Fig. 4: Efficiency versus safety results across five test scenarios
for the multi-agent setting. Darker markers with a black outline
indicate the mean value across the five test scenarios. Online CRC-
SF achieves the best safety-efficiency trade-off while maintaining
more consistent performance across scenarios.

CBF-QP, which does not account for uncertainty, “boldly

cuts across” collides with an oncoming pedestrian. The dis-

tance to the closest human over these interactions is shown in

Figure 2 (right). While Online CRC-SF occasionally violates

the safety radius, it consistently recovers without collisions,

unlike CBF-QP—suggesting future work to strengthen guar-

antees during temporary constraint violations.

Quantitative results. Metrics from the multi-agent experi-

ments are summarized in Table I (top). In answering RQ3,

we see that even with this more challenging multi-agent

setting and the use of a diffusion-based human behavior

prediction model, we find that Online CRC-SF performs

either the best or a close-second. These results reaffirm the

RQ1 and RQ2 takeaways from the single-agent experiments.

Figure 4 visualizes this safety-efficiency trade-off for each

of the five test scenarios. Not only does Online CRC-SF

offer the most desirable safety-efficiency trade-off, but its

performance is also consistent across the five test scenarios

whereas other methods exhibited higher variance.

VI. CONCLUSIONS

We propose a safe probabilistic robot control framework

for interacting with multiple human agents. The proposed

safe controller can dynamically adjust its conservativeness

based on the uncertainty on future human behaviors. We

achieve this by leveraging techniques from CRC to form

an online estimate of a safety margin for a CBF constraint

that will achieve the desired probabilistic safe constraint.

The experiments on synthetic and real-world interaction data

indicate that the approach achieves the best balance between

safety and efficiency compared to existing CBF methods.

Moreover, the dynamic adjustment of the safety margin

naturally induces proactive behaviors in situations with more

uncertainty.
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