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Abstract— The interest in using reinforcement learning (RL)
controllers in safety-critical applications such as robot naviga-
tion around pedestrians motivates the development of additional
safety mechanisms. Running RL-enabled systems among uncer-
tain dynamic agents may result in high counts of collisions and
failures to reach the goal. The system could be safer if the pre-
trained RL policy was uncertainty-informed. For that reason,
we propose conformal predictive safety filters that: 1) predict the
other agents’ trajectories, 2) use statistical techniques to provide
uncertainty intervals around these predictions, and 3) learn an
additional safety filter that closely follows the RL controller but
avoids the uncertainty intervals. We use conformal prediction
to learn uncertainty-informed predictive safety filters, which
make no assumptions about the agents’ distribution. The
framework is modular and outperforms the existing controllers
in simulation. We demonstrate our approach with multiple
experiments in a collision avoidance gym environment and show
that our approach minimizes the number of collisions without
making overly conservative predictions.

I. INTRODUCTION

While impressive progress has been made in deep re-
inforcement learning (RL) for motion planning, it remains
challenging to ensure the safety of RL policies [1]–[5].
Developing safe policies for dynamical systems that op-
erate around dynamic agents is a fundamental challenge
in robotics. Other agents’ intents and policies are usually
unknown yet critical to any safe motion planning algorithm.
An increasingly popular approach is to use RL to learn
a reactive collision avoidance policy [2]. However, such
policies alone do not quantify uncertainty in a principled
way, provide no safety guarantees, and have been observed
to be unsafe. In these scenarios, when the RL policy is not
guaranteed to be safe, a predictive safety filter is desirable
that considers the uncertainty about the dynamic agents’
future motion. Such a safety filter will ideally guarantee
safety probabilistically while being minimally invasive, i.e.,
following the RL policy closely. Another motivation for our
work is that RL policies may have been trained in different
training environments or under different objectives, while a
safety filter can be trained independently.

In this paper, we learn a predictive safety filter for a given
RL policy that uses predicted agent trajectories, e.g., from
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Fig. 1. The system applies an RL policy π that may lead to a collision with
the other agents. Our proposed predictive safety filter π̂ uses predictions of
the three nearby agents (point dots) along with uncertainty intervals (shaded
circles) to obtain a series of future actions that avoids collisions.

long short-term memory networks [6], [7] or transformer ar-
chitectures [8], along with uncertainty intervals around each
prediction that are obtained using conformal prediction [9].
The result is an uncertainty-informed predictive safety filter.
Choosing to use conformal prediction, a distribution-free
statistical tool [10]–[14], we do not make any assumptions
about the distribution of the agent trajectories, e.g., being
Gaussian distributed. We highlight our main contributions in
this paper as such:

• We propose an algorithm to train uncertainty-informed
predictive safety filters for pre-trained RL controllers
using conformal prediction. The filter ensures proba-
bilistic safety and incentivizes imitating the RL policy.

• We evaluate our method in a widely-used RL collision
avoidance simulator in which we reduce collisions when
paired with an RL controller [2] by 80%, reduce fail-
ures (where the agent timed out) when paired with a
more conservative controller [15] by 67%, and produce
shorter paths when compared to a Gaussian-based safety
approach by 18%.

II. RELATED WORK

Planning in dynamic environments: Model Predictive
Control (MPC) is a popular planning approach that selects
a minimum-cost action sequence using predictions of the
agents conditioned on the current state and the history
seen so far [16]. Actions are implemented in a receding
horizon fashion where only the first action is applied before
new sensor measurements are obtained, and the process is
repeated. Reactive-based methods use geometric or physics-
based rules to ensure collision avoidance on each step
and rely on a fast update rate to react to changes in the
other agents’ motions [15], [17], [18]. Reactive-based RL
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controllers are computationally efficient but often generate
sub-optimal trajectories [3]–[5]. Predictive-based methods
first estimate the trajectories of other agents and then plan
the system’s actions. These methods often yield a smoother
plan but are more computationally expensive and may require
additional knowledge about the other agents. It is important
to note that predicted paths can be too conservative or
inaccurate and block the agent’s path, potentially slowing
down or deadlocking all agents, known as the freezing robot
problem [19]. Some predictive and behavior-based planners
mimic what a human (or another robot) would do, require
expert demonstrations, estimate the cost functions of other
agents, or perform some form of additional work to under-
stand the intents of other agents [20]–[26]. Learning-based
controllers attempt to predict the trajectories of pedestrians
that could be used in collision avoidance systems or predict
the reaction-based next step. An example from recent work
learns from complex and multi-modal distributions of agents’
motions and predictions in real-time for planning [27]. Other
efforts look to integrate machine learning and model predic-
tive control under uncertainty [28], [29].

Uncertainty Quantification: We use conformal prediction
(CP), see [9], for quantifying the uncertainty of trajectory
predictions [30], [31]. Alternative methods model the under-
lying distribution as a Gaussian distribution and use Kalman
filters or apply methods for finding safe sets such as forward
and backward reachability [32]–[37]. These alternatives can
be helpful but are often overly conservative, computationally
complex, or make unrealistic assumptions. Similar to CP,
a Bayesian framework provides probabilistic uncertainty
quantification but requires access to prior knowledge about
the distribution the data is sampled from, and probably
approximately correct (PAC) learning theory can be used for
producing upper bounds on the probability of error for a
given algorithm and confidence level, but the results often
involve large constants for the overall algorithmic error [38].

CP provides distribution-free uncertainty quantification in
such scenarios and has generally been used to quantify the
uncertainty of machine learning models [9], [39]–[41]. CP
is an increasingly popular approach to obtain guarantees
on a predictor’s false negative rate, estimate reachable sets,
and design model predictive controllers with safety guaran-
tees [10]–[14]. Recently, CP methods have been integrated
with policy training for safety [42], [43], time series forecast-
ing [31] and MPC of robots in dynamic environments [30],
[44]. Another work combines conformal prediction with
reachable sets for efficient and safe MPC [45]. These ap-
proaches integrate CP into an MPC, which reduces the
framework’s modularity and cannot be directly applied to
learning-based controllers.

Safety Filters: Most safety techniques in RL constrain the
search during training updates, train with noise or adversarial
agents, restrict the inputs to the policy, or attempt to learn
the uncertainty of the entire system [29], [46]–[49]. Work
exists in the safe exploration of action spaces, such as
filtering unsafe actions to prevent immediate negative conse-
quences [50]. The training safety methods have been shown

to perform negligibly better than non-safe RL methods, and
many robotic applications may prevent re-training, necessi-
tating safety methods for pre-trained RL controllers [50]–
[53]. While there could be an advantage in using CP during
the training of the RL policy, we design in this paper a
predictive safety filter for a pre-trained RL policy to enable
the use of high-performance, off-the-shelf controllers and to
increase generalizability to different applications as well as
provide stronger safety guarantees.

First introduced in [54], using safety filters for a con-
troller in a closed-loop system has seen continued growth.
Predictive safety filters assess if a proposed learning-based
control input can lead to constraint violations and modify it
if necessary to improve safety for future time steps. Many
techniques exist, such as control barrier functions for veri-
fying and enforcing system safety [35], [55]–[57], learning
frameworks integrated with control barrier functions [58],
[59], safety certification that continuously solves the opti-
mization problem for a safe set at every online step [60],
and model predictive control safety filters with system level
synthesis have been proposed [61]. These approaches can
provide system guarantees but require explicitly modeling a
system’s safety requirements which are not trivial to design
or implement, can be overly restrictive in the safe action sets,
and increase online computational effort.

III. PROBLEM FORMULATION: SAFETY FILTERING

We first define the safety filtering problem in which we
would like to find a control policy (the safety filter) that
closely follows a given policy (a pre-trained RL controller)
while ensuring that other dynamic agents are avoided. For
this purpose, consider the discrete-time dynamic control
system:

xt+1 = f(xt, ut), x0 := ζ (1)

where xt ∈ X ⊆ RN and ut ∈ U ⊆ RP denote the state
and the control input at time t ∈ N ∪ {0}. The sets U and
X denote the permissible control inputs and the system’s
workspace. The measurable function f : RN × RP →
RN describes the system dynamics and ζ ∈ RN is the
initial condition of the system. The system operates in an
environment with A := {1, 2, · · · ,m} dynamic agents whose
trajectories are unknown as they move from start to goal
locations. Specifically, let D be an unknown distribution
over agent trajectories, and let (T0, T1, · · · ) ∼ D describe
a random trajectory where the stacked agent states Tt :=
(T 1

t , · · · , T m
t ) at time t is drawn from R2m. In this paper,

each agent is assumed to operate in R2m with a two-
dimensional position, but we remark that our method is not
limited to R2. We use τt := {τ1t , · · · , τmt } when referring
to a realization of Tt and assume access to the history
of observations τ0:t := {τ0, · · · , τt} online at time t. For
example, the agent trajectories in Figure 1 can be described
by distributions D1, D2, D3 with a joint distribution D. We
make no assumptions on the form of the distribution D but
assume i) that D is independent of the system (1), and ii)
the availability of calibration data independently drawn from
D. We comment on these assumptions in our experiments.
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Assumption 1: For any time t ≥ 0, the control inputs
(u0, · · · , ut−1) and the resulting trajectory (x0, · · · , xt), fol-
lowing (1), do not change the distribution of (T0, T1, · · · ) ∼
D.

Assumption 1 holds approximately in many robotic ap-
plications, such as autonomous vehicles, where a car is
likely to behave in ways that result in socially acceptable
trajectories. In our experiments, we argue and show that the
system is unlikely to drastically change the behavior of other
agents, in which case conformal prediction still provides
valid guarantees [62]. We later comment on such distribution
shifts in more detail and reserve a thorough treatment for
future work. We also assume the availability of training and
calibration data drawn from D.

Assumption 2: We have a dataset of trajectories D :=
{τ (0), τ (1), · · · , τ (K)} in which each of the K trajectories
τ (i) := {τ (i)0 , τ

(i)
1 , · · · } is independently drawn from D.

Assumption 2 is not restrictive as large amounts of data
can be obtained from rapidly advancing high-fidelity simu-
lators or from robotic applications such as autonomous vehi-
cles where datasets are becoming widely available. Lastly, we
split the dataset D into training datasets DY train and Dtrain

from which we will train trajectory predictor and safety filter,
respectively, and a calibration dataset Dcal from which we
will quantify the uncertainty of the trajectory predictor.

For this system, we are given a pre-defined controller π :
RN × R2m → RP providing the control inputs

ut := π(xt, τt). (2)

Here, the policy π is an RL policy that aims to reach a
final location while avoiding collisions with agents in A.
However, RL policies may not always be successful at this
task. Our goal is to construct a predictive safety filter that
closely follows the RL policy while guaranteeing that the
probability of a collision is upper bounded by a desired
failure probability.

IV. CONFORMAL PREDICTIVE SAFETY FILTER

We provide an overview of our technique upfront in
Figure 2. The goal is to add a safety filter π̂ to the pre-
defined RL policy π that may not have any safety certification
or is only valid under certain assumptions, e.g., D being
Gaussian. Specifically, we use a trajectory predictor Y to
predict future agent trajectories from past agent observations
and conformal prediction (CP) to obtain uncertainty intervals
for these predictions. The predictive safety filter uses this
information to achieve the safety of the RL policy π while
minimally deviating from π. In the remainder, we explain
the offline training of our safety filter π̂, as summarized in
Algorithm 1. The online execution of π̂ is summarized in
Algorithm 2 and later explained and validated.

Trajectory Predictor: Given a prediction horizon H and
the history of agent observations τ0:t, we desire a trajectory
predictor Y : R(t+1)2m → R2mH that predicts the H future
agent states (Tt+1, . . . , Tt+H) as τ̄t+1:H := Y (τ0:t) where

Y (τ0:t) := (τ̄t+1, · · · , τ̄t+H). (3)

Fig. 2. Overview of our predictive safety filter that produces a control
policy π̂ for the potentially unsafe RL policy π .

In principle, we can use any trajectory predictor Y , e.g.,
long short-term memory networks [6], [7] or transformer
architectures [8]. For training Y , we independently sample
from D a dataset DY train with trajectories from time 0 to
time T , i.e., τ (i)0:T := (τ

(i)
0 , · · · , τ (i)t , τ

(i)
t+1, · · · , τ

(i)
T ) is the ith

trajectory in the dataset DY train. In this work, we implement
our predictor by training a long short-term memory network
by minimizing the following loss function over the training
set DY train (line 3 in Algorithm 1):

min
Y

1

|DY train|

|DY train|∑
i=1

∥τ (i)t+1:H − Y (τ
(i)
0:t )∥2 (4)

Conformal Prediction Regions: We use CP to construct
regions around the predicted trajectories that contain the
true but unknown trajectory with high probability. For a
general introduction to CP, we refer the reader to [9]. For
trajectory predictions, the authors in [30], [31] present a
technique to construct valid prediction regions applied to
recurrent neural networks, which we briefly summarize next.
Given observations τ0:t := (τ0, · · · , τt) at time t, where
τt := (τ0t , · · · , τmt ), we can use the trajectory predictor Y
to obtain predictions τ̄t+1:H := (τ̄t+1, · · · , τ̄t+H) for the
specified prediction horizon H . Given a failure probability
of δ ∈ (0, 1), we seek values Ct+1:H := (Ct+1, · · · , Ct+H)
as prediction intervals around each prediction such that:

Prob(||τt+h − τ̄t+h|| ≤ Ct+h, ∀h ∈ {1, · · · , H}) ≥ 1− δ
(5)

The approach is summarized in lines 4 - 10 of Algorithm 1.
First, we define the non-conformity score function Rt+h :=
||τt+h − τ̄t+h|| in line 7, and we evaluate the predictor
based on this function across a conformal calibration dataset
Dcal that we independently sample from the distribution
D. Note that a small non-conformity score corresponds to
accurate predictions, while a large score indicates that Y
is inaccurate. Second, we sort the non-conformity scores
from the calibration dataset Dcal in non-decreasing order and
append infinity as the (|Dcal|+1)-th value (see lines 8 and 9
in Algorithm 1). Third, we define p := ⌈(|Dcal|+1)(1− δ̄)⌉
(line 5 of Algorithm 1) and let the prediction interval Ct+h

correspond to the pth quantile over the sorted non-conformity
scores for each prediction step h ∈ {1, . . . ,H} (line 10 of
Algorithm 1). From [30, Theorem 1], we set δ̄ := δ/T
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Algorithm 1 Offline Training & CP Calibration
1: Input: Failure probability δ, horizons H and T , pre-

trained controller π, DY train, Dcal, Dtrain from D,
2: Output: Conformal Predictor Y , CPSF-controller π̂
3: Learn trajectory predictor Y from DY train as in (4)
4: δ̄ ← δ/T
5: p← ⌈(|Dcal|+ 1)(1− δ̄)⌉
6: for h from 1 to H do
7: R

(i)
t+h ← ||τ

(i)
t+h − Y (τ

(i)
0:t+h)|| # for each i ∈ Dcal

8: R
|Dcal|+1
t+h ← inf

9: Sort R(i)
t+h in non-decreasing order

10: Ct+h ← Rp
t+h

11: for instance i in Dtrain do
12: τ̄

(i)
t+1:H ,← Y (τ

(i)
0:t )

13: x̄
(i)
t+1:H ← simulate the system forward by H using π

14: D
(i)
sftrain ← (D

(i)
train, τ̄

(i)
t+1:H , ū

(i)
t:H−1, x̄

(i)
t+1:H , Ct+1:H)

15: Learn π̂, given Dsftrain as the solution of (7)

in line 4 to ensure collision avoidance with a probability
of at least 1 − δ across the steps. Finally, when we make
predictions online, we use the values Ct+1:H as prediction
intervals around each predicted trajectory τ̄t+1:H .

Training Predictive Safety Filters: Our approach to
training a predictive safety filter π̂ is to 1) forward simulate
the system from (1) under the nominal RL policy π from
(2) using the trajectory predictions from (3), and 2) enforce
that the trajectory of the system from (1) under the safety
filter π̂ imitates the trajectory under the RL policy π while
incorporating the conformal predictions regions Ct+1:H to
account for uncertainty in the trajectory predictions.

For the first step, we use the pre-defined RL policy π and
the predictions from Y to forward simulate the system dy-
namics under the RL policy into the future by H . We obtain
this nominal future trajectory x̄t+1:H := (x̄t+1, ..., x̄t+H) as

x̄t :=xt

ūt :=π(xt, τt)

x̄t+h :=f(x̄t+h−1, ūt+h−1), ∀h ∈ {1, ...,H}
ūt+h :=π(x̄t+h, τ̄t+h), ∀h ∈ {1, ...,H − 1}

(6)

Now, the safety filter π̂ : R2mH ×RHM ×RHN ×RH →
RHP optimizes the following objective:

min
π̂

H∑
h=1

||x̄t+h − x̂t+h||2

s.t. x̂t := xt

x̂t+h := f(x̂t+h−1, ût:H−1(h)), ∀h ∈ {1, ...,H}
ût:H−1 := π̂(τ̄t+1:H , ūt:H−1, x̄t+1:H , Ct+1:H)

||τ̄ jt+h − x̂t+h|| ≥ Ct+h + ϵ, ∀h ∈ {1, ...,H},∀j ∈ A
(7)

The (to be learned) safety filter produces ût:H−1 :=
π̂(τ̄t+1:H , ūt:H−1, x̄t+1:H , Ct+1:H), where ût:H−1 contains

Algorithm 2 Online Uncertainty Informed Safety Filter
1: Input: prediction and mission horizons H and T , con-

troller π, trajectory predictor Y , predictive safety filter
π̂

2: for t from 0 to T − 1 do
3: Sense xt and τt
4: Compute τ̄t+1:H , ūt:H−1, x̄t+1:H , Ct+1:H

5: Compute safety filter as ût:H−1 ←
π̂(τ̄t+1:H , ūt+1:H , x̄t+1:H , Ct+1:H)

6: Apply ût:H−1(1) to the system

control inputs for the next H time steps. We use the
notation ût:H−1(h) to access the control input for the hth
time step. The filter is recursively applied to the system
across timesteps T . Intuitively, the safety filter minimizes the
distance between the nominal RL trajectory x̄t+1:H and the
safety filter trajectory x̂t+1:H , i.e., the trajectory obtained un-
der the safety filter π̂. Additionally, the safety filter trajectory
x̂t+1:H should avoid the agent predictions τ̄ jt+h (for all agents
j ∈ A) and uncertainty intervals Ct+h. Specifically, we
enforce the safety constraint ||τ jt+h− x̂t+h|| ≥ ϵ, where τ jt+h

is unknown, and ϵ > 0 is a user-defined minimum collision
avoidance distance, where ||τ̄ jt+h − x̂t+h|| ≥ Ct+h + ϵ
holds. Since we know Prob(||τt+h − τ̄t+h|| ≤ Ct+h, ∀h ∈
{1, . . . ,H}) ≥ 1−δ, it is ensured that Prob(||τ jt+h−x̂t+h|| ≥
ϵ, ∀h ∈ {1, . . . ,H}) ≥ 1− δ.

In lines 11- 14 of Algorithm 1, we sample another
dataset Dtrain of independent trajectories from D to train
the safety filter. For each training trajectory, we construct
the corresponding predictions and nominal RL trajectories
(lines 12 and 13), from which we construct the combined
training dataset Dsftrain (line 14) that we use to solve (7).
Specifically, we train a multi-layer feedforward neural net-
work π̂ in line 15. In particular, we solve (7) approximately
over the training set Dsftrain and rewrite the constrained
optimization problem (7) into an unconstrained optimization
problem. Therefore, we augment the original cost function
with the constraints of (7) that we then minimize over to
convergence.

Online Execution: Once the safety filter is
trained, it can be used during runtime by first
computing the set of H next control inputs
ût:H−1 := π̂(τ̄t+1:H , ūt:H−1, x̄t+1:H , Ct+1:H). Specifically,
we apply the safety filter in a receding horizon fashion by
applying the first element ût:H−1(1) at each time step t. The
online execution is summarized in Algorithm 2. In line 4,
we pass the history of trajectories τ0:t to our predictor Y to
obtain predictions τ̄t+1:H , we also obtain the nominal RL
control inputs and trajectory ūt:H−1 and x̄t+1:H , as well
as the conformal uncertainty intervals Ct+1:H . In lines 5
and 6, we compute the safety filtered control input and
apply ût:H−1(1) to the system.

Guarantees: Under the assumption that the safety filter
achieves the objective in (7), we remark that our safety filter
guarantees probabilistic safety, i.e., that Prob(||τ jt − x̂t|| ≥
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Fig. 3. (Left) The average prediction error, with the conformal interval
at a timestep. (Right) Boxplots of the prediction errors by timesteps ahead,
with the conformal interval coverage displayed as a yellow vertical dashed
line.

ϵ, ∀t ∈ {1, . . . ,H}) ≥ 1 − δ as we use δ̄ := δ/T . This
follows the same reasoning as in [30, Theorems 1 and 3].
Note that these guarantees hold under idealized assumptions.
In practice, there may be reasons why we do not achieve
exact probabilistic coverage. One reason is the way we
approximately solve the optimization problem (7) over the
training set Dsftrain by rewriting (7) as an unconstrained
optimization problem. In our experimental results, however,
we observe that a safety filter π̂ trained with sufficient data
performs well in practice and that our method provides an
added layer of safety over the baseline RL policy.

Furthermore, we note that the prediction intervals Ct+h

naturally depend on the underlying distribution D, the
predictor’s accuracy, and the user-specified risk tolerance
δ. Without the intervals Ct+h, the safety filter π̂ would
only mimic the baseline RL controller π. Therefore, the
safety filter π̂ may perform differently than π. Additionally,
Figure 2 demonstrates the modularity of our approach. This
attribute enables the use of potentially different policies with
the learned safety filter, which we will investigate in future
work.

As per Assumption 1, we assume that the distribution of
trajectories does not change from offline training to online
testing. In practice, we argue that small distribution shifts
in D will not significantly affect our algorithm and its
guarantees. A supporting argument of our claim is given
in [62], where it is formally shown that small distribu-
tion shifts only lead to small deviations from the desired
conformal prediction guarantees. In our experiments, we
explicitly check that agent interaction does not introduce a
larger distribution shift, as we will verify in Figure 4. One
may increase the robustness of the prediction intervals using
adaptive conformal prediction [44].

V. EXPERIMENTAL EVALUATION

The experiments were run on a 5.0 GHz Turbo Intel
Core i9-9900K computer with 16GB RAM in the Collision
Avoidance Gym [2]. The multiagent gym environment is
open-sourced and provides pre-trained RL policies for nav-
igation from given start to goal locations. Agents can sense
the locations and velocities of the other agents. The gym
allows customizable dynamic models and supports quick
benchmark testing against future techniques. In [2], the au-
thors demonstrate the transferability of policies from training

in their gym simulator to deployment on real-world aerial
and ground robots in real-time with diverse sensors. For
the dataset generation and online experiments, we consider
bicycle system dynamics, a planning frequency of 10Hz,
and an agent radius of ϵ := 0.5. All dynamic agents use
CADRL, a collision avoidance RL policy trained to mimic
socially acceptable pedestrian movement [3]. We consider
three scenarios with sets of (2, 4, 6) dynamic agents A. For
each scenario, we ran 20000 instances of trajectories sampled
from D that we split equally between the predictor and safety
filter training datasets DY train and Dtrain, respectively. An
additional 1000 trajectories were collected for the conformal
calibration dataset Dcal.

We use GA3C-CADRL (GA3C) as our given RL policy
π around agents from D to train our safety filter. A pre-
trained policy for GA3C is available in the gym environment,
has received significant attention, and has demonstrated good
performance when transferred to a fully autonomous robot
moving around pedestrians. The authors note that collisions
still occur. For comparison, we generate a dataset and train a
second safety filter that uses the more conservative reciprocal
velocity avoidance algorithm ORCA controller [63]. The
flexibility of our method allows us to apply our safety filter to
both GA3C and ORCA controllers to produce CPSF-GA3C
and CPSF-ORCA.

For uncertainty quantification of our predictor, we set δ :=
0.01 to provide our safety filter 99% confidence during train-
ing. This can be tuned to produce larger avoidance actions or
smaller ones, depending on the level of conservatism desired.
The average length of an experiment is around 8 seconds,
i.e., T := 80, and we set H := 7. We tested various lengths
of prediction horizons H and found negligible improvement
beyond H := 7 future steps. We set the architecture for the
predictor LSTM to be 2 layers of 128 hidden units and the
safety filter network to be 3 layers of 128.

In Figure 3, we visualize our CP method performance
across the calibration dataset and observe the average interval
relative to all non-conformal scores. On the right, we see
the growth of the intervals with each step into the future.
The environment consists of only the system and the agents
sampled from the distribution D. The agents may approach
each other, and interactions in close proximity could produce
a change in the distribution D. However, to verify that
Assumption 1 approximately holds, we group trajectories
from a test set by their minimum inter-agent distances of
all agents into four categories [0, 1.5), [1.5, 2.5), [2.5, 3.5),
and [3.5,∞). We then plot the histograms of the prediction
errors for the 1, 4, and 7 step ahead prediction for each
category in Figure 4. We can see that the histograms between
the first three categories look nearly identical, indicating
no significant distribution shift. For the last category, the
histograms show differences. However, we note that there
were fewer trajectories in this category. Therefore, the his-
togram for that category may not be as accurate, and we
note that trajectories from this category are less likely to
occur in our experiments. The plot approximately justifies
the independence assumption of the trajectories made in CP.
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Fig. 4. For a set of test trajectories, we categorize each trajec-
tory based on the minimum inter-agent distance d between all agents.
We consider four different categories of minimum inter-agent distances
[0, 1.5), [1.5, 2.5), [2.5, 3.5), and [3.5,∞). We use this as a proxy for
analyzing agent interactions. We plot the histograms of prediction errors
for each category’s 1st, 4th, and 7th step-ahead predictions. We can see
that the histograms between the first three categories look almost identical,
indicating no significant distribution shift. For the last category, where
we consider larger inter-agent distances, we observe slightly different
histograms.

Fig. 5. The averaged performance across all agent set sizes.

Our safety filter method is not limited to CP for statistical
guarantees. By swapping out the CP for a standard Gaussian
process, which learns a mean and standard deviation around
each prediction as a safety guarantee, we can train a second
safety filter, GASF-GA3C.

VI. COMPARATIVE RESULTS FOR PREDICTIVE SAFETY
FILTERING

For the online experiments, we ran 1000 instances for each
set of agents (2, 4, 6). We present the average performance
across all agent test sets, comparing the percentage of colli-
sions and failures (where the agent timed out), the average

minimum distances to other agents, and the time to goal in
Figure 5. Table I lists the average performance across all
instances for the 4 agent case.

GA3C performs less conservative trajectories that lead to
a shorter time to goal but a higher number of collisions
than ORCA. However, ORCA performs overly conservative
trajectories that reduce collisions but increase failure to reach
the goal. Our conformal predictive safety filter minimizes
the negative side effects of each control policy, with fewer
collisions for CPSF-GA3C and fewer failures for CPSF-
ORCA. We highlight that the results match our risk tolerance
set by δ := 0.01, with the nonzero collisions under a
configurable threshold. GA3C, without the safety filter, has
the shortest distance from other agents and time to goal, but
our safety filter performs as well as the other algorithms in
time to goal and minimally impacts GA3C.

We acknowledge that the simulated gym environment
is dense, and the distances between agents can be small,
with subtle changes during key interactions. Fine-tuning the
hyperparameters or δ could produce more drastic changes
as desired. We note that the learned CPSF algorithms,
trained to mimic the original policies, may differ from the
expert policy due to conformal prediction constraints during
learning, imperfect training, and finite training data. Overall,
the CPSF algorithms outperform the non-CPSF algorithms in
the number of collisions and failures. The CPSF algorithms
maintain similar time to goals and distances from other
agents and show an awareness of the uncertainty in the
underlying approaches.

We ran an additional 1000 instances with CPSF-GA3C
and listed the results in Table II for 4 agents. The Gaussian
approach captures the prediction uncertainty but increases
the agent’s time to the goal. CP does not assume a Gaussian
distribution and can deliver a specified-risk level guarantee
that the predictions contain the true location of the agent,
resulting in a lower time to the goal.

Figure 6 visualizes the trajectories, showing a run of
the simulation in the collision avoidance gym. The agents
perform smooth trajectories that avoid collisions while effi-
ciently reaching their goals. Our method in a widely-used RL
collision avoidance simulator achieves 80% fewer collisions
when paired with GA3C-CADRL and 67% fewer failures
when paired with ORCA, while planning paths shorter by
18% than the Gaussian-based safety filter.

VII. CONCLUSION

While there has been impressive progress in RL for robot
motion planning in dynamic environments, RL policies are
often unsafe, and the rate of collisions can be at an undesir-
able level. We present a framework for learning predictive
safety filters for safe motion planning by predicting future
trajectories of other agents and quantifying prediction uncer-
tainty using conformal prediction. We evaluated our frame-
work for multiple dynamic agents in a collision avoidance
gym environment that has been shown to transfer to physical
robots. Our proposed predictive safety filter achieved fewer
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TABLE I
N=4 COLLISION AVOIDANCE EXPERIMENTS

System Controller Collisions Failures (timed out) Distance from Other Agents (m) Time to Goal (s)
ORCA 3 27 3.201 8.678
CPSF-ORCA 2 15 3.131 8.412
GA3C 49 14 2.835 7.503
CPSF-GA3C 10 8.0 3.057 8.278

TABLE II
N=4 SAFETY COVERAGE

Method % Inside Interval Distance from Other Agents (m) Time to Goal (s)
CPSF-GA3C 99% 3.057 8.278
GASF-GA3C 100% 3.860 10.05

Fig. 6. Our system (orange) starts at (−3, 3), (−2, −3), and (−1, −2) in each case, respectively. The path darkens as time increases.

collisions without increasing the time-to-goal or number of
failures to reach the goal.

In the future, we will test the predictive safety filter for
other controllers (not only RL controllers) and verify the
modularity, e.g., using the safety filter for a controller not
considered during training. Future work on applying adaptive
CP is a promising direction to relax some of the assumptions
made in this work, e.g., when distribution shifts occur in D.
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