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Abstract: Imitation learning (IL) has shown great success in learning complex
robot manipulation tasks. However, there remains a need for practical safety meth-
ods to justify widespread deployment. In particular, it is important to certify that a
system obeys hard constraints on unsafe behavior in settings when it is unaccept-
able to design a tradeoff between performance and safety via tuning the policy
(i.e. soft constraints). This leads to the question, how does enforcing hard con-
straints impact the performance (meaning safely completing tasks) of an IL pol-
icy? To answer this question, this paper builds a reachability-based safety filter to
enforce hard constraints on IL, which we call Reachability-Aided Imitation Learn-
ing (RAIL). Through evaluations with state-of-the-art IL policies in mobile robots
and manipulation tasks, we make two key findings. First, the highest-performing
policies are sometimes only so because they frequently violate constraints, and
significantly lose performance under hard constraints. Second, surprisingly, hard
constraints on the lower-performing policies can occasionally increase their abil-
ity to perform tasks safely. Finally, hardware evaluation confirms the method can
operate in real time.
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1 Introduction

Model-free learning has shown great success in the robotics domain, enabling robots to acquire
complex behaviors without explicit modeling of task dynamics. Among these approaches, offline
imitation learning (IL) has emerged as a powerful paradigm, allowing robots to learn from demon-
strations without the need for extensive environmental interactions or carefully designed reward
functions. Recent advancements in IL have demonstrated impressive generalization [1], perfor-
mance [2], and the ability to generate temporally consistent plans [3]. In this work, we aim to build
on top of effective IL frameworks.

That said, IL models still face significant challenges when deployed in real-world scenarios, partic-
ularly in safety-critical applications where performance must consider both task success and adher-
ence to safety specifications. These challenges stem from several factors. The absence of physical
interaction during training can lead to compounding errors when executing planned actions [4]. IL
models tend to be brittle when encountering scenarios beyond their training data [5, 4]. Pre-trained
models may struggle to adapt to dynamic changes in the environment during inference. In the worst
case, these factors can cause a robot to act unsafely by colliding with its environment and causing
damage. However, if we were to enforce hard safety constraints on a policy, it stands to reason that
we may simultaneously sacrifice performance.

This paper seeks to understand the potential impact of imposing hard constraints on an IL policy.
Doing so first requires a strategy for enforcing hard constraints on IL. To this end, we adapt tech-
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Figure 1: Our RAIL framework applied to a real-world robotic manipulation task. Left: A Franka
robot arm safely executes a pick-and-place task among delicate obstacles. Right: System diagram
illustrating how RAIL integrates an imitation learning policy with a safety filter, using plan valida-
tion and a failsafe planner to enforce hard constraints.

niques from model-based robot motion planning to propose Reachability-Aided IL (RAIL). Our
approach introduces a safety filter that acts as a supervisory layer over the learned policy by leverag-
ing recent advancements in continuous-time collision checking and reachability analysis to provide
robust safety guarantees in a three-dimensional workspace. To achieve this in a robotics manip-
ulation task, one critical challenge is efficiently computing the continuous-time swept volume of a
multi-link manipulator arm given the planned action sequence output by the motion policy, such that
the policy can run in real-time. We address this challenge with a novel extension of prior work on
polynomial zonotopes [6, 7] to overapproximate the robot’s swept volume for fast, accurate collision
checking in continuous time.

By integrating this safety filter with IL policies, we find that our method allows for the exploitation of
the strengths of learned policies in generating complex behaviors while enforcing hard constraints
over an infinite time horizon. Importantly, RAIL is composable with different state-of-the-art IL
frameworks, including Diffusion Policy [3] and ACT [8], suggesting broad applicability.

We evaluate the impact of hard constraints on IL via a series of increasingly complex tasks: nav-
igating a 2D maze in simulation, manipulating objects in clutter in simulation, and maneuvering
Franka arm hardware to transport a bottle while avoiding collisions with wine glasses and stacked
blocks. As expected, RAIL significantly improves policy safety across all tasks, achieving 0% col-
lision rates compared to 5-35% for baseline policies, while maintaining high task success rates. We
find that the highest-performing seeds from these baseline policies also suffer a performance drop
under hard constraints. However, RAIL, in some cases excitingly, aids IL policies in discovering
new behavioral modalities that safely complete the task, even when the IL policies alone fail to do
so. This demonstrates that incorporating hard safety constraints can lead to increased performance,
challenging the notion that they are inherently in opposition.

2 Related Work

Offline Imitation Learning. Offline imitation learning (IL) algorithms typically learn from demon-
strations through supervised regression [9, 10], offline reinforcement learning [11, 12, 13, 14], or
generative models [15, 16, 17, 18, 19, 20, 21, 22, 3]. Notably, Diffusion Policy [3] introduces a
powerful diffusion-based framework for offline IL. It learns the conditional distribution of action
trajectory given the history of observations and executes the planned action sequence in a receding
horizon fashion. While such policies can learn complex behaviors effectively, their practical deploy-
ment presents several challenges: (1) the absence of physical interaction results in compounding
errors while planning [4], and (2) these methods tend to be fragile when encountering scenarios be-
yond their training data [5, 4]. Consequently, such policies can be unsafe. To address these issues,



our method proposes a safety filter [23, 24] for offline IL policies to exploit the strengths of these
policies while guaranteeing safety.

Safety for Learned Policies. A wide variety of approaches seek to enforce safety with learned
policies. Many approximately enforce collision avoidance constraints (e.g., [25, 26, 27, 28, 29])
or more complex constraints (e.g., staying close to contact [30]); broadly speaking, the unifying
concept is to incorporate a safety specification as a penalty or loss in training or test-time inference.
Other methods focus on probabilistic safety constraints [31, 32], ensuring that the likelihood of
safety violations remains below a specified threshold. In contrast, our method focuses on enforcing
hard constraints as seen in [33, 34, 35, 36, 37, 38], including our prior work [39, 40]. The common
trend across these is to analyze invariant sets [34, 35, 36] or reachable sets [38, 37, 39, 40] of
the trajectories of an uncertain dynamical system, and develop strict fallback or failsafe policies
that can replace a learned policy’s actions (i.e., a safety filter). The key challenge across all such
safety methods is to balance safety against performance, which requires careful design of the safety
filter. While some hard constraint methods for reinforcement learning see a drop or no change in
performance [37, 38], others see an increase [40], suggesting the same may be true for IL.

Safety for Manipulators. Manipulator collision avoidance is a classical problem that is challenging
due to the nonlinear, set-valued map between state space and workspace [41], and due to the need to
represent collision avoidance in continuous time [42]. Recent progress in numerical representation
has enabled new ways to compute and differentiate through continuous-time collision checks with
polynomial zonotopes [6, 7, 43], capsules [44, 45], or learned collision functions [46, 47]. A further
challenge is to consider uncertain dynamics, which can be handled with polynomial zonotopes [7]
or control barrier functions [48]. In this space, we extend our recent work [6, 7] from parameterized
trajectories to trajectories planned by an IL policy.

3 Problem Statement and Preliminaries

To understand the impact of hard constraints on IL, we must first address the following:

Problem 1. Plan and control the motion of a robot to complete tasks while guaranteeing the robot
avoids collision with obstacles in continuous time as a hard constraint.

Robot, Environment, and Safety. We consider a robot with state x(f) € X C R" at time ¢ and action
a(t) € A (e.g., desired end effector poses), executed by the low-level controller (e.g., Operational
Space Controller [49].) The robot’s dynamics are represented as x(z) = f(x(¢),a(r)). The robot
occupies a workspace W C R? via a forward occupancy map FO(x(t)) C W. We denote workspace
obstacles Wops C W. The robot receives observations o(t) € O (e.g., joint states or RGB-D images)
at a fixed rate. We assume full observability, where observations o(¢) include privileged information
for safety verification, such as the true robot state, task-relevant object poses, and object physics.
Given a trajectory x : [0,00) — Q, safety means FO(x(¢)) N Wqps = 0 for all time, plus other task-
dependent constraints (e.g., max velocity).

Set Operations. We use the following operations to compute swept volumes (i.e., forward occu-
pancy) to enforce hard constraints. For py, p» € R”, we denote the line segment between them pj p;.
For a pair of set X,Y C R”, we make use of the Minkowski sum X &Y = {x+y|xe X,y €Y},
Cartesian product X x Y, set cross product X*Y = {x x y | x € X,y € Y}. For a matrix set X C R1xk
and a vector set Y C R¥, we define set product as XY = {XY e R" | X € X,Y € Y}. For a function
f> we denote f(X) = {f(x) | x € X}. We apply linear operations on the left or right as appropriate
(e.g., AX or XA). We numerically implement all set operations with polynomial zonotopes [50] as
per [7, §III-C]. These operations are detailed in Appendix A.1.

4 Framework Overview

We aim to incorporate hard safety guarantees in state-of-the-art imitation learning frameworks di-
rectly at inference. Our method adopts reachability-based trajectory design and continuous time



collision checking to guarantee safety while leveraging the multi-modal behavior learning of a base-
line motion policy. We provide the details for each design segment of our framework below.

4.1 Motion Policy

We consider the paradigm of offline IL where we have a dataset D = {(0,a)} containing pre-
recorded demonstration trajectories (sequences of observation-action pairs), of successfully com-
pleting the task objective. We seek to train an imitation learning policy that maps observations to
action motion plans 7 : O — A”» where T, € N is the plan length. Finally, we assume the obstacles
Wobs may not be present in the training data, or may change from training to test time, but can be
observed at test time. In this paper, we mainly consider Diffusion Policy [3] as our motion policy
and learn the target conditional distribution pﬂ(a,HTp |os). We note that our method can generalize
to any similar offline IL algorithms and include additional base algorithms in experiments.

4.2 Reachability-Assisted Imitation Learning

This section presents our first contribution: a framework that interfaces an imitation learning policy
with a model-based backup planner using reachability analysis.

We adopt receding-horizon planning, where the robot plans over a finite horizon 7,, but only exe-
cutes the first 7;, steps before re-planning.

The key idea is to maintain a safe failsafe [37] backup plan using reachability analysis while veri-
fying the safety of the proposed plan by imitation learning policy. Towards that, we build upon the
safety filter concept from [23, 24], where a safe policy intervenes only when the nominal policy is
verified to be unsafe. We especially override the definition of safety with not only the safety of the
plan proposed by the imitation learning policy but also verifying whether the backup plan can be
attached at the end of the plans to execute (i.e., ary17,.) The framework comprises two key safety
verification algorithms for the proposed plan a7,

Head Plan Verification. First, we introduce the head-plan safety verifier, which checks the
continuous-time safety of arbitrary plans from the imitation learning policy using reachability anal-
ysis. We verify the safety of the plan a,,7,, which we call as head-plan. We detail this verifier,
particularly for manipulators, in Section 5.

Backup Plan Creation. Second, we verify the existence of a backup plan, using a reachability-
based model-based planner similar to [51, 6]. This planner generates failsafe plans, parameterized by
low-dimensional (e.g., number of joints for a manipulator) parameter k, where a failsafe maneuver
is a stopping action. Note that the failsafe is not concerned with task completion, only safety, so
using a low-dimensional parameter is sufficient.

At each iteration, the planner solves the following nonlinear optimization problem to find a safe plan
parameter that satisfies the safety requirements:

k* = argmin f(xq,k) s.t. g(xp,k) <0 (1)
k

where f is an objective function and g is the reachability-based safety constraint. The objective
function includes, but is not restricted to the projection objective, meaning minimizing the difference
between the proposed plan from the imitation learning policy and the parameterized backup plan.
The solution of (1) compactly represents the desired trajectory x(z) whose initial state is xo and
safe throughout the horizon. By discretizing this trajectory and taking the desired state as the action
representation, and using a low-level controller to track this trajectory, we formulate a backup policy
as Mpgek : X — ATb, where Tj, is the horizon of the parameterized failsafe trajectory. The detailed
algorithm and pseudo-code are provided in Appendix B.



5 Continuous-Time Collision Checking

We now detail our approach to verifying head plan safety to enable hard collision-avoidance
constraints for IL. This addresses two key challenges. First, most IL policies output discrete
states/actions, but collisions occur in continuous time. Second, unlike in our past work on safe
RL for mobile robots [40, 39], we cannot simply replace the IL output with parameterized plans
(i.e., backup plans), because this would collapse the richness of the IL policy.

To solve these challenges, we propose a novel approach extension of our prior work [7, Sec. VIII-A]
to compute continuous-time swept volume for the head plan output by the IL motion policy. First,
we review forward occupancy, then explain our approach and implementation details.

Manipulator Forward Occupancy. We compute FO in the following well-known way (c.f., [41,
Ch. 3.3]). Suppose the robot has n revolute joints and configuration g € Q C (SO(1))". Suppose
that the robot’s j link has a local reference frame at the center of its joint with link j — 1 and rotates
about the local vector w;, and j = 0 is the baselink/inertial frame. For g € Q, let g; denote its 7
element. Then R:;fl(qj,wj) = D3 +sin(gj)w; + (1 — cos(qj))(w;)2 is the rotation from frame
j— 1 to frame j per Rodrigues’ rotation formula. Suppose tfl is the origin of frame j in frame
j—1l,andlet £; C IR? represent the volume of the j link in the j® reference frame. Then link j’s
forward occupancy is

FO,(q) = {1j(q)} ® (Rj(q) L)) W, )

where R;(q) = {ZIR;’l(qj) and 1;(q) = ;i:lRi(q)tf’I. Letting n = dim(Q), the forward occu-
pancy of the robot is FO(g) = j_; FO,(¢q).
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Figure 2: We overapproximate the sines and cosines of the robot’s joint angles along a trajectory to
enable overapproximating the robot’s swept volume.
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Method Overview. To proceed to overapproximate the rotation of a single joint using a box
(Lem. 2), which we use to overapproximate the joint’s rotation matrices (Lem. 3), and then the
forward occupancy (Thm. 4 and Cor. 5).

Lemma 2. Suppose a 1-D revolute joint travels counterclockwise (CCW) from an angle 6, to 6, >
01. Map this motion to the unit circle SO(1) as p; = (cos(6;),sin(0;)) and p, = (cos(6),sin(6,)).
Define p3 = L(p1 + p2) and ps = (cos(1(0y + 6,),sin(1 (61 +6,)))). Let ps = 3(p3+ pa). Then,
forevery 6 € [0y, 0:], we have

(cos(8),sin(8)) € box(0y,6,) :=P1p2 D (p3 — ps5)(pa — ps)-

Proof. See Appendix A.2 for proof. O

Next, we overapproximate the set of rotation matrices corresponding to a single revolute joint. To
enable this, we consider Rodrigues’ rotation formula as a function

RO(p,w) = L33+ paw™ + (1 — p1)(w*)? 3)
for a point p = (p1, p2) € R? and a rotation axis w € R>.

Lemma 3. Consider a revolute joint with local rotation axis w € R® rotating through an in-
terval [0~,0%]. Then, for any rotation matrix R corresponding to this rotation, we have R €
RO(box(67,07)),w)



Proof. This follows from Lemma 2, since Rodrigues’ formula is applied to every element of ®. [

Now we can overapproximate the swept volume of each link of the robot given bounded rotations
of each joint:

Theorem 4. Suppose each joint rotates through an interval ®; = [Gj_7 Gf] Let @ =01 X --- X 0O,
and define R ;(©) = {:1 RO(box(6;, Gf),wj) and Tj(0®) = {:1 R;(®)t~1. Then, for any g € ©,

FO;(q) C{T;(®)}® (R;(®,w;)L;), where R;(®,w;)L; is a set product.
Proof. This follows directly from Lemma 3 and the forward occupancy definition (2). O

Thm. 4 would be very conservative if applied for all joints along an entire trajectory, since the
joints are treated independent of time. We mitigate this by partitioning time, which reduces the
overapproximation as shown in Fig. 2:

Corollary 5. Consider a trajectory q : [0,t] — Q. Partition time into [0,t] = U [i8, (i +1)8]
with 6 = % and m € N. For eachi=1,--- ,m— 1, suppose for each j™ joint angle, we know its min
and max values: q;([i8,(i+1)6]) € ®;; = [q;i,qm. Then we construct ®; = @1 ; X --- X @, ; and
have '

n m—1
FO(4([0,])) € |J UATi(©)} & (R;(©i,w)) L) . 4)
j=1i=1

Proof. This follows directly from Thm. 4. O

The challenge with using Cor. 5 is bounding ¢(7) in each partition interval. For the head plan, we
know ¢(¢) at every ¢ and assume a maximum acceleration ¢ j» so we use the standard kinematic
equation: g;; > q;(i8) — 6¢;(i6) — %3}.52’ and q]fi similarly. The bound ¢; is found per joint from
demonstration data and augmented by a small € > 0.

6 Experimental Results

In this section, we seek to (1) confirm that RAIL does indeed enforce hard constraints on IL policies,
and (2) understand the impact of these constraints. We hypothesize that RAIL allows learning
policies that leverage the long-horizon reasoning capability inherited from a base imitation learning
policy while being robust to unseen danger using the short-horizon model-based reasoning of the
backup planner. It is worth noting, that our experiment does not assume that all safety definitions
are present in the offline training dataset. In addition, we consider that our model-based safety filter
is privileged with the safety specification at inference runtime.

Baselines. We consider two powerful imitation learning policies: Diffusion Policy (DP) [3] and
Action Chunking with Transformers (ACT) [8]. These policies are trained using offline datasets.
To understand the impact of soft constraints, we also formulate a Safety-guided Diffusion Policy
(SGDP) leveraging classifier-guided reverse sampling [52] (See Appendix C.2 for detail). Finally,
we also evaluate the performance of a reachability-based backup planner [53, 6] (BP) as a model-
based baseline with hard constraints.

Evaluation metrics. We evaluate the success rate as reaching the goal in the target environment
(Succ %). We measure the number of transitions that led to a collision between the agent and the
obstacles and report it as a percentage of all the transitions (Col %). Most importantly, we report
the percentage of successful episodes where none of the safety conditions were violated throughout
the trajectory (SSucc %). Lastly, to understand how efficient each agent is at completing tasks, we
report the average number of timesteps of the trajectories (Horizon).
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Figure 3: (Leftmost) Illustration of Can Pick-Place task: A can must be picked from a table and
placed in a target bin. (Rightward to Rightmost) Timelapse of an episode involving navigating
through a tight gap. A diffusion policy repeatedly proposed unsafe plans, until eventually RAIL
validated a safe path to picking. The IL policy again proposed unsafe plans to move the picked
object, until RAIL validated a safe path outwards to placing.

Table 1: Results on Maze Medium and Maze Large environments: We run each of the policies for
100 episodes and repeat for 3 seeds. We report the average values below.

(a) Maze Medium environment (b) Maze Large environment
Method Suce. Col. SSuce. | Horizon Method Suce. Col. SSuce. | Horizon
DP 100.00 5.17 15.00 | 278.39 DP 100.00 5.66 15.00 | 470.48
BP 58.00 0.00 58.00 | 691.62 BP 49.00 0.00 49.00 | 921.12
SGDP 100.00 4.64 18.00 | 284.84 SGDP 100.00 4.85 18.00 447.5
RAIL (Ours) 97.00 0.00 97.00 | 309.77 RAIL (Ours) 95.00 0.00 95.00 | 532.37

6.1 Simulation: Safe Planning in Maze

Setup. We evaluate our framework in the PointMaze environment [54], where the objective is for
a double integrator mobile robot to navigate a maze to a target position. The robot’s state is 2-D
position and velocity and its action is 2-D force. Safety means avoiding collision with the maze
walls and limiting velocity. We consider a diffusion policy trained on the offline DARL dataset [54]
as our baseline and [53] as our backup planner. We run experiments on Medium and Large mazes
to see how RAIL performs as task complexity increases. Details are found in Appendix C.3.

Results and Discussion. We see similar results in both the Medium (Table 1a) and Large mazes
(Table 1b). It is evident that even if DP can solve the task, it collides with the walls. In this
experiment, we specifically try to make this more obvious by deliberately sabotaging our policy
with a new safety specification at runtime (i.e., the offline dataset includes the trajectory colliding
with obstacles). On the other hand, BP [53] guarantees safety but shows a low success rate due to
lack of long-horizon reasoning capability. SGDP implicitly informs and guides the action sampling
from diffusion policy and hence leads to decrease the number of collisions, but cannot guarantee
constraint satisfaction. Our proposed method, RAIL leverages the conservative backup planner only
when diffusion policy suggests unsafe actions, enabling it to achieve the highest safe success rate
despite hard constraints.

6.2 Simulation: Safe Planning in Pick-and-place

Table 2: Pick-Place Results and Increase of SSucc Rate Comparison

(a) Pick-Place environment results (b) Increase of SSucc Rate per Policy Class
Method Succ. Col. SSuce. Horizon Method Min. Max. Mean.
DP 78.00 | 27.20 58.00 723.08 DP (T, = 8) 4.00 16.00 9.25
ACT 7400 | 3539 62.00 1434.98 DP (T, = 16) -14.00 | 10.00 225
RAIL + DP 68.00 | 0.00 68.00 1385.34 ACT (T, = 8) -4.00 8.00 2.00
RAIL + ACT 58.00 0.00 58.00 1294.18 ACT (T, = 16) -18.00 4.00 -7.20

Setup. We now consider a more complex task derived from robomimic [55] that involves a single-
arm manipulator picking up a can and placing it in a target bin. Safety means avoiding collisions
between the robot and the environment while obeying joint position and velocity constraints. To
enable picking, the collision constraint between the gripper and the can is ignored. Additionally,



the robot’s behavior can be broken down into reaching, picking, and placing; so, we impose phase-
specific constraints, especially in placing, where collisions between the can and the environment are
unsafe. We represent all objects as bounding boxes (see Figure 3). We consider Diffusion Policy [3]
and ACT [8] trained on 184 safe, successful demonstrations collected via robomimic, while we
consider ARMTD [6] as our backup planner. Detailed setup is provided in Appendix C.4.

Results and Discussion. We summarize results in Table 2a. We see that the diffusion policy and
ACT without RAIL have high success. This is because the task requires picking in clutter, so the
policy learns to push the clutter aside, leading to a high collision rate; the SSucc numbers confirm
this. On the other hand, with RAIL, the diffusion policy is able to perform many more tasks both
safely and successfully, indicating that many of the scenarios were possible to achieve without col-
lisions. We also see that RAIL incurs nearly twice the horizon of the unfiltered diffusion policy,
indicating the policy and safety layer often oppose each other (see Figure 3, Table 2a).

We make a key surprising finding by comparing the safe-and-success rate across seeds of diffusion
policy and ACT, shown in Table 2b. All of the policies considered had at least one seed (typically
not the highest-performing) that significantly improved its SSucc when integrated with RAIL. In
other words, enforcing hard constraints can sometimes increase the performance of an IL policy.
As suggested by Figure 3, this is likely because (a) the safety filter forces the policy to behave more
cautiously to carry out fine-grained tasks in clutter, where the constraints are always close to being
active, and (b) lower-performing seeds may oppose the safety filter less often.

7 Real World Evaluation

We demonstrate RAIL with a diffusion policy in the real world on a Franka Panda robot arm shown
in Figure 1. This indicates RAIL enforces hard constraints in real time and under sensing uncertainty.

Setup. The goal is to pick and place the target object at a goal while avoiding delicate wine glasses
and stacked blocks (represented for the safety filter as bounding boxes and detected with AprilT-
ags [56] via an Azure Kinect DK RGBD camera.) Other safety specifications are as in simulation.
We train a diffusion policy on 75 teleoperated, safe demonstrations (collected with Gello [57]), and
use ARMTD [6] serves as the backup planner. We assume all obstacles stay static. Details are
provided in Appendix C.5.

Results and Discussion. We found that the diffusion policy with RAIL solves the task safely as
expected (see Figure 1), while the vanilla diffusion policy failed to comply with the safety spec-
ifications. On average, RAIL’s computation time was 0.42 4 0.05 seconds per plan, based on 500
planning runs, demonstrating that it operates in real time. However, it is important to note that the
primary focus of this paper is not on achieving maximally efficient implementation, which we leave
to future work.

8 Conclusion and Limitations

This paper presented Reachability Assisted Imitation Learning (RAIL), a novel framework that com-
bines deep imitation learning with a reachability-based safety filter to enforce hard constraints. Sim-
ulated and real-world evaluations show that RAIL can indeed enforce hard constraints (0% collision
rate) on state-of-the-art IL policies in real-time. Excitingly, in some cases RAIL increases policy
performance, indicating hard constraints are not always a negative tradeoff.

Limitations. RAIL has two main limitations. First, it assumes access to predicted observations after
action execution, which can be a bottleneck for scaling to policies conditioned on high-dimensional
observations (e.g., images, languages) where making accurate predictions is challenging. Second,
applying RAIL can result in longer task completion times due to potential conflicts between IL
policy and the safety filters. A possible future direction is to incorporate safety filters directly into
the IL policy planning process to generate inherently safer plans and minimize these conflicts.
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A Notations and Proofs

A.1 Set Operations
For p1, p> € R", the line segment between them is

Pip2 = {peR" lp=api+(1—a)p, @ € [0,1]}.

Let X,Y C R". We use the Minkowski sum, Cartesian product, set product, and cross product (for
n=23):

XoY={x+y|lxecX,ycY},
XxY={(xy) eR"™ |xeX,yeY},

DCH:{XYER"X"\XGDC,YE%J},and

0 —x3 x X
:X:XH—{[)Q 03—§1]yeR3|{x;}€x,y€H}.
—X2 X1 0 *3

For a function f, we denote f(X) = {f(x) | x € X}. We apply linear operations on the left or right
as appropriate (e.g., AX or XA). We numerically implement all set operations with polynomial
zonotopes [50] as per [7, §III-C].

A.2 Proof for Lemma 2

Proof. Notice that p3 is halfway along the line segment between p; and p,. Similarly, p4 is the
projection of p3 onto the unit circle CCW between p; and p,. Thus, by construction and CCW
motion, Z (c,G) is a rectangle containing all four points and the arc from p; to p,, as in Fig. 2. [
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B Summary of RAIL Algorithm

Algorithm 1: Reachability Aided IL (RAIL)

Input: Observation og, IL policy 7, Backup Policy 7yack
1 // initialize plan and backup plan

2 (t,x9) < (0, stateEstimate(o))

3 Ao, < Tipack (X0)

4 (ao.7,,™*a) (o1, a1,:1,)

s while rask is not done do

6 Apply a7, to the robot for horizon of 7 to r + T,
7 /I execute lines below while applying actions

8 0141, < predictObservation(o;, a1 7,)

9 X141, < stateEstimate(o, 1, )

10 U+ T+ T,+T, < 717(0:+T,,)

n (@4 1421, ¥ a) < Filter(x; 41, a1 7,447, +1,, % a)
12 if %2k i empty then

13 /I robot stopped safely

14 Set up a backup plan as Line 2-4

Algorithm 2: Filter

Input: State x;, Nominal plan a7, Backup plan back
Output: Filtered plan a;.;,7,, Updated Backup plan back
Xrp+7, < predictState(x;,arr 7, )

if FO(X,;H,T”) NWops = 0 then

Qi+ T+ T,+ Ty < Toack (X+T,)
if dry1,:047,+7, is feasible then
return a1 1,, Q4 T,:0+ T, 4T,

m oA W N =

£

else
back back
L return °*° at:t+T,» ac At4-T,:end

=
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C Implementation Details

Figure 4: Evaluation tasks (left-to-right): (a) Maze-Medium: A point mass has to be taken to a
goal in a maze without hitting the walls. (b) Maze-Large: Similar to Maze-Medium, but larger and
more difficult to traverse. (c) Can Pick-Place: A can must be picked from a table and placed in a
target bin.

C.1 Algorithm: Continuous-Time Collision Checking

In this section, we provide the implementation details of the continuous-time collision checking
algorithm, first introduced in Section 5.

Per Cor. 5, we can overapproximate the forward occupancy of the robot over an entire trajectory
by considering a union over all links and all time intervals. Let P/‘\é(q( [0,%])) denote the right-hand
side of (4), so at runtime we check FAé(q([O,tf])) NWops = 0. We implement this with polynomial
zonotopes [50]. All functions used in the approximation are analytic and thus overbounded per
[50] (see [7, §III-C.5]), and polynomial zonotopes are closed under intersections. We represent the
unions in (4) by storing a polynomial zonotope for each time interval and arm link separately.

C.2 Algorithm: Safety-guided Diffusion Policy

We implement a Safety Guided Diffusion Policy as follows: (a) annotating the offline dataset with
safe and unsafe labels based on whether the resulting state is safe after executing the action or not
(b) training a classifier network to predict safety probability (c) following classifier-guided reverse
sampling [52] with pre-trained diffusion policy network.

C.3 Experiments Setup: Safe Maze Navigation

As our baseline IL policy, we train a Diffusion Policy [3] on the offline D4RL dataset [54] with an
action trajectory prediction horizon of 7, = 32; at test time we execute a horizon of T, = 16. The
observation space is the full state of the robot (i.e., robot position and velocity). The action space
is a 2D force input applied to the point-mass robot where the low-level controller directly outputs
the action. Additionally, we implement a diffusion policy guided by a safety probability prediction
classifier, following the method described in Appendix C.2.

To implement the backup planner, we adapt Reachability-based Trajectory Design (RTD) from
[53], where the desired trajectory defines the target position of the robot. A Proportional-Integral-
Derivative (PID) controller is then used to track this trajectory.

We access the predictions of state and observations by rolling out the model.

C.4 Experiments Setup: Safe Pick-and-Place

As our baseline IL policy, we train Diffusion Policy [3] and ACT [8] on 184 safe, successful demon-
strations collected via a robomimic [55]. For all policies, we sample action sequences with a horizon
of T, = (8,16), T, = 32. For diffusion policy, we use a DDIM [58] scheduler with 100 reverse de-
noising timesteps for sampling. The observation space is end effector pose, gripper position, and
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objects’ poses. We choose the delta end effector pose as an action abstraction, where an Operational
Space Controller [49] is employed as a low-level controller.

To implement the backup planner, we adapt ARMTD [6], where the desired trajectory defines the
target join position of the robot, and a joint position controller is used to track the trajectory.

Similar to the Maze example, we predict states and observations by rolling out the model.

C.5 Real World Evaluation Setup

As our baseline IL policy, we train Diffusion Policy on 75 safe, successful demonstrations collected
via a gello [57]. For all policies, we sample action sequences with a horizon of T, = 16, T, = 32.
The observation space is arm’s joint angles, gripper position, and objects’ poses. We choose the
desired joint angle as action representation, and joint impedance controller as low-level controller.

ARMTD [6] serves as the backup planner as in Appendix C.4.

To predict states and observations, we directly use the desired joint angles from the policy with an
empirically determined latency horizon to minimize the prediction error.
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D Additional Experiments
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Figure 5: (Left) Visual representation of RAIL in the Maze-Medium task. The diffusion policy’s
proposed plan (gradient line) is validated by checking the reachable set of head plans (magenta)
and the existence of a backup plan (green dotted line), with its reachable set (green tube). (Right)
Heatmap comparing the number of safety interventions by RAIL in the Maze-Large task over 100

episodes with random initializations, comparing diffusion policies at Epoch 1900 (Top) and Epoch
50 (Bottom).
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We further analyze how IL policy performance affects integration with RAIL by evaluating trained
models across different epochs. The number of safety interventions notably decreases in later epochs
despite no explicit safety training signal (see Figure 5).
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