
CuRobo: Parallelized Collision-Free Robot Motion Generation

Balakumar Sundaralingam∗, Siva Kumar Sastry Hari∗, Adam Fishman, Caelan Garrett, Karl Van Wyk,
Valts Blukis, Alexander Millane, Helen Oleynikova, Ankur Handa, Fabio Ramos, Nathan Ratliff, Dieter Fox

Batched Generation 

Generated Trajectory GoalStart

Fig. 1: We present an approach to perform motion generation for a manipulator to move from a start config to a desired gripper pose (shown as green box
in the image) while avoiding collisions with the environment. Our approach leverages parallel compute to solve many instances of motion optimization
from different seeds on the GPU to obtain a solution within an average time of 53ms.

Abstract— This paper explores the problem of collision-free
motion generation for manipulators by formulating it as a
global motion optimization problem. We develop a parallel
optimization technique to solve this problem and demonstrate
its effectiveness on massively parallel GPUs. We show that com-
bining simple optimization techniques with many parallel seeds
leads to solving difficult motion generation problems within
53ms on average, 62x faster than SOTA trajectory optimization
methods. We achieve SOTA performance by combining L-BFGS
step direction estimation with a novel parallel noisy line search
scheme and a particle-based optimization solver. To further
aid trajectory optimization, we develop a parallel geometric
planner that is atleast 28x faster than SOTA RRTConnect
implementations. We also introduce a collision-free IK solver
that can solve over 9000 queries/s. We are releasing our GPU
accelerated library CuRobo that contains core components for
robot motion generation. Additional details are available at
sites.google.com/nvidia.com/curobo.

I. INTRODUCTION

Safe navigation is fundamental to robotics [1], but high-
dimensional motion generation can quickly become pro-
hibitively challenging as the dimensionality of the C-space
and sophistication of criteria and constraints increases. Ma-
nipulators, for instance, can have many articulations, com-
plex link geometries, entire goal regions beyond a single
configuration, task constraints, and nontrivial kinematic and
torque limitations. There has been a long history of problem
decomposition in this field to mitigate complexity leading
to standard approaches that often first plan collision-free
geometric paths [2, 3] and then smooth those paths for
dynamic efficiency [3, 4]. But increasingly, research into the
interconnections between optimization and planning [5–12]
has shown that optimization can be a powerful tool well
beyond trajectory smoothing, and trajectory optimization
alone now has a breadth of applications [13–16]. Our modern
understanding of this robot navigation problem is that it is a
large global motion optimization problem [17, 18].
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The global optimization literature suggests that finding the
true global minimum is usually impractical, but strategies
for robustly finding high-performing local minima can be
effective [19]. Many strategies follow the simple pattern
of selecting many seed candidates and performing a local
optimization for each. This sample and optimize process can
often realize substantial gains by leveraging distributed com-
putation. However, most motion generation systems today
remain sequential and slow, following a CPU-based design.
State-of-the-art motion generation solutions take 0.5s to 10s,
depending on the task’s complexity, on modern CPUs [20].
This runtime is even slower on edge devices that operate
under limited power budgets. This limitation mostly resulted
in pipelined systems whereby a motion planner computes a
single best candidate seed which is passed to an optimizer
to perform a single local optimization [3]. Such systems
fundamentally limit their ability to find better local optima
by betting on a single seed.

The insights used to improve the speed and quality of
the solution for global optimization problems may apply
well to the problem of global motion generation. In this
work, we present a collection of techniques and implemen-
tations to leverage parallel processing to accelerate motion
planning and optimization, and for running many optimiza-
tion instances in parallel to robustly address these global
optimization problems more effectively. Existing literature
supports these algorithmic principles and has shows that that
(1) the heuristic initialization to the problem can be effective,
and (2) many restarts with randomized noise of the initial
seed can dramatically improve performance. For instance,
[9] studied the utility of heuristic initialization, and [21]
effectively sampled many seeds in sequence using periodic
random perturbations.

Massively parallel GPUs have become pervasive in both
high- and low-powered configurations as they offer high
throughput and energy efficiency, making them an important
tool for parallelizable compute intensive problems. Even for
the initial collision-free motion planning phase, paralleliza-
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Fig. 2. Our approach to global motion generation takes as input a goal pose Xg , initial joint configuration θ0, and computes θb,T solutions by running
many parallel inverse kinematics optimization instances. We then generate seeds for trajectory optimization by linearly interpolating from the start joint
configuration θ0 to the IK solved goal configurations θb,T . We use more than one IK solution in generating the seeds by leveraging the diverse IK solutions
obtained from the previous step. We also generate seeds that pass through a robot retract configuration if available. We also have the option to use a
Parallel Geometric Planner to get a collision-free geometric path to use as a seed on very hard problems. We then launch parallel optimization instances
and choose the best trajectory θt∈[0,T ] from the optimization solutions. Our Batched optimization solver first performs a few iterations of particle-based
optimization to move the seed to a good region and then uses L-BFGS to converge quickly to the minimum.

tion can be effective. For example, a prior work leveraged
FPGAs to implement special circuits to accelerate Probabilis-
tic Road Map (PRM) pruning leading to many orders of mag-
nitude speedup [22]. GPUs offer superior programmability
and flexibility to map sophisticated computations of motion
optimization to hardware, allowing us to parallelize the
entire motion generation pipeline. We achieve similarly high
speedups using GPUs compared to serial implementations.
While we demonstrate the benefits of using parallel compute
for motion generation using NVIDIA GPUs, the approach
should be applicable to other parallel architectures. Our main
contributions are as follows:
Parallel Optimization: We develop a GPU batched L-BFGS
optimizer, that uses an approximate parallel line search
scheme, and a particle-based optimizer to solve difficult
motion generation problems. Our solver is 42x, 85x, and
116x faster for inverse kinematics, collision-free inverse
kinematics, and collision-free trajectory optimization respec-
tively when compared to existing CPU based solvers.
Parallel Geometric Planner: We implement a geomet-
ric planner with a parallel steering algorithm to generate
collision-free paths within 23 ms on average, 28x faster than
existing RRTConnect implementations.
Performant Kinematics and Signed Distance Kernels: We
develop high-performance CUDA kernels for robot kinemat-
ics and signed distance computation which are up to 10,000x
faster than existing CPU based methods.
Validation on a Low-Power Device: We evaluate our GPU
accelerated motion generation stack and existing CPU based
methods on a NVIDIA Jetson AGX ORIN at different power
budgets. Results show that our approach is 31x and 16x faster
on average for motion generation problems when the device
was set to 60W and 15W budgets, respectively.
Library: We have developed CuRobo, a suite of GPU-
accelerated robot motion generation algorithms. We plan to
release this library to enrich roboticists with the necessary
tools to explore large-scale robot motion generation.

II. MOTION GENERATION AS OPTIMIZATION

We define the problem of motion generation as the task
of moving from an initial joint configuration θ0 to a final

joint configuration θT , at which state a task cost C(θT )
is below a desired threshold. Additionally, the transition
states from θ0 to θT must also satisfy system constraints.
In this paper, we focus on the task of collision-free motion
generation to reach a goal Cartesian pose Xg ∈ SE(3) with
the robot’s end-effector. Specifically, we want to obtain a
joint-space trajectory θ[0,T ] that satisfies the robot’s joint
limits (position, velocity, acceleration), doesn’t collide with
itself or the environment, and reaches the goal pose Xg at
the last timestep T .

We formulate this continuous-time motion problem as a
time discretized trajectory optimization problem,

argmin
θ[1,T ]

||Xg −Ke(θT )||2 +
T∑

t=1

γ1||θ̈t||2 (1)

s.t., Cw(Ks(θt)) ⪯ 0,∀t ∈ [1, T ] (2)
Cr(Ks(θt)) ⪯ 0,∀t ∈ [1, T ] (3)

θ− ⪯ θt ⪯ θ+,∀t ∈ [1, T ] (4)

θ̇− ⪯ θ̇t ⪯ θ̇+,∀t ∈ [1, T ] (5)

θ̈− ⪯ θ̈t ⪯ θ̈+,∀t ∈ [1, T ] (6)

θ̇T = 0 (7)

where Ke(·) is the kinematic function that computes the pose
of the end-effector given the joint configuration θ. The kine-
matic function Ks(·) computes the location of the spheres
that fill the robot’s volume. These spheres are used to check
collisions with the world Cw and with the robot itself Cr.
These collision functions (Cw, Cr) return the distance to the
closest obstacle. We obtain the joint velocity θ̇ and joint ac-
celeration θ̈ through central difference. The first term in Eq. 1
is the pose cost. All cost terms and constraints are described
in our website (sites.google.com/nvidia.com/curobo).

A good initial seed can speedup convergence in the
above defined trajectory optimization problem. One common
way [14] to initialize the seed is to first optimizing only
for the terminal joint configuration θT and then initialize
the trajectory with a linear interpolation from the start
configuration θ0 to the solved terminal configuration (in-
terpolating through a predefined waypoint has also shown
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to be helpful [9]). In our problem setting of reaching a
goal pose Xg , the terminal state optimization problem boils
down to a collision-free inverse kinematics (IK) problem
containing the pose cost, the collision constraints Eq. 2-Eq. 3
and the joint limit constraint Eq. 4. Our overall approach is
shown in Fig. 2.

III. PARALLEL OPTIMIZATION SOLVER

There are several techniques to solve the optimization
problem defined in Sec. II, from sampling-based optimiza-
tion [8] to gradient-based optimization [7, 9, 12, 21] methods.
In particular many trajectory optimization methods [7, 12,
21] have approximated hard constraints as soft constraints
by treating them as cost terms with large weights to trans-
form the optimization problem from one with nonconvex
constraints to a box-constrained nonconvex optimization
problem. Motivated by these successes, we also approxi-
mate our constraints as cost terms and implement a quasi-
newton solver to solve this nonconvex optimization problem.
Specifically, we want a solver that can achieve superlinear
convergence on our difficult optimization problem.

L-BFGS, a quasi-newton optimization method that can
solve very large optimization problems, is a common pow-
erful method shown to achieve superlinear convergence by
estimating the Hessian using evaluated gradients. Our opti-
mizers are built around L-BFGS because of its combined
performance and relative simplicity which enables easier
parallelization. Gauss-Newton solvers are also ubiquitous
and important in robotics [10, 23, 24], but after an initial
exploration we decided to focus our experiments on L-BFGS.
Many formulations of Gauss-Newton restrict their presenta-
tion to the nonlinear least-squares problem [10, 25] where
performance is best understood, but that’s unduly restrictive
in our setting. These methods can be generalized as a form
of natural gradient descent [11] and related formulations
of iLQG [26] demonstrate their empirical utility on more
general costs using quadratic approximations, but appropri-
ately leveraging the problem structure with the GPU is not
straightforward and the band-diagonal solve commonly used
is inherently sequential leaving a number of open questions
we would need to resolve. Our benchmarks indicate that
even the simpler L-BFGS show significant improvement over
the state-of-the-art when the GPU is properly leveraged; we
leave a full exploration of Gauss-Newton to future work.

A. Parallel L-BFGS Optimization

Our L-BFGS optimizer has two steps, we first com-
pute the step direction given the current optimization vari-
ables Θ = θt∈[0,T ] and the gradient ∆Θ with respect
to the sum of the cost terms using the standard L-BFGS
steps as described in Nocedal and Wright[25]. We pro-
vide a detailed description of these steps in our web-
site (sites.google.com/nvidia.com/curobo).

Given this step direction ∆Θ, we perform line search
by scaling the step direction with a discrete set of mag-
nitudes α ∈ Rn and computing the best magnitude from
this set using Armijo and Wolfe conditions as shown in

Algorithm 1: Parallel Noisy Line Search
Param: Θ,∆Θ, α = [0.01, ...]

1 Θl ← clip(Θ + α∆Θ) ▷ get bounded variables
2 c0, cl ← c(Θ0), c(Θl) ▷ compute cost for magnitudes
3 δΘl ← δcl ▷ compute batched gradients
4 a← cl ≤ c0 + η1α∆Θ ▷ Armijo Condition
5 if Wolfe then
6 if Strong then a2 ← abs(δΘlα) ≤ η2∆Θ
7 else a2 ← δΘlα ≥ η2∆Θ
8 a← a && a2
9 end

10 i← largest true(a) ▷ returns 0 when none is true
11 ĉ, Θ̂, δΘ̂← cl[i],Θl[i], δΘl[i] ▷ return best

Alg. 1. Our approach of trying a predefined discrete set of
magnitudes instead of iteratively searching for the largest
magnitude that satisfies the condition enables us to more
effectively use parallel compute as the cost and gradient for
the discrete set can be computed in parallel. For the case
where none of the values in our discrete set satisfies the
line search conditions, we use a very small magnitude (0.01)
which acts as a noisy step update. This noisy step update also
prevents NaN values in the the step direction computation as
there is always a perturbation in the optimization variables
between iterations. After every optimization iteration, we
update our best estimate as the optimization can diverge
because of the noisy perturbation in line search.

B. Particle-Based Optimization

To encourage L-BFGS to reach a local optima, we devise a
strategy combining particle and gradient-based optimization.
This is inspired by strong theoretical results in stochastic
gradient Markov Chain Monte Carlo [27, 28], and sampling-
based MPC controllers such as MPPI [29]. In our method, we
first run a few iterations of particle-based optimization over
the initialization before sending to L-BFGS. Given an initial
mean trajectory of joint configurations Θµ = θ[1,T ] and a
covariance Θσ , we sample n particles θn,[1,T ] from a zero
mean Gaussian and then update θn,[1,T ] = Θµ+

√
Θσ∗θs. We

then compute the cost for these particles C(θn,[1,T ]) ∈ Rn.
We calculate the exponential utility w = eci∑n

i=0 eci , where c =
−1.0
β C(θn,[1,T ]). We then update the mean and covariance,

Θµ = (1− kµ)Θµ−1 + (kµ)w ∗ θn,[1,T ], (8)

Θσ = (1− kσ)Θσ−1 + w ∗ (θ2n,[1,T ] −Θµ−1). (9)

We found that the use of particle-based optimization to
initialize L-BFGS led to better convergence and reduced
the number of seeds needed by L-BFGS. To further reduce
the number of seeds required to converge, we generate a
collision-free geometric path between start to goal using a
parallelized geometric planner, described in the next section.

IV. PARALLEL GEOMETRIC PLANNER

We use a geometric planner to generate a collision-free
path from the start configuration θ0 to the goal config-
uration θT . This generated path is specified by a list of
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w waypoints θ[0,w] through which the robot passes in a linear
fashion. To efficiently leverage parallel compute in geometric
planning, we develop an algorithm to steer from s ver-
tices θs,0 in a graph with s sampled new configurations θs,k
in parallel as described in Alg. 2.

Algorithm 2: Parallel Steering
Input: e = [θs,0, θs,k]
Parameters: r, dw

1 g⃗ ← distvec(θs,0, θs,k) ▷ distance between nodes
2 n← max(|⃗g|/r) + 1 ▷ find largest distance
3 d⃗← d[: n+ 1]/n ▷ discretize based on largest distance
4 l⃗← θb,0 + d⃗ ∗ g⃗/dw ▷ get disretized edges
5 mask ← mask samples(⃗l) ▷ check for validity
6 h← first false(mask)− 1 ▷ first collision index/edge
7 h[h == −1]← n
8 vnew ← l[h] ▷ store last valid point/edge
9 d← dist(θs,0, vnew) ▷ store distance value in edge

10 graph add(θb,0, vnew, d)

Equipped with this parallel steering method, we develop
a geometric planner as shown in Alg. 3 that first performs
heuristic planning by checking if we can steer from start
to goal configuration directly [30] or through a predefined
retract configuration θr (lines 1-7). If this heuristic fails, we
sample collision-free configurations vnew from an informed
search region that samples within cmax of the straight line
distance between start and goal similar to BIT∗ [31] (line 11).
We then find the kn nearest neighbours from the existing
graph and try to steer from the graph nodes to the new
vertices (lines 12-13). We repeat these steps until we find a
path with only one waypoint (line 16). Between re-attempts
we grow the number of sampled nodes pn, the number of
nearest neighbours kn, and the search region cmax to grow
the exploration space of the geometric planner (lines 19-21).
We implement a shortcut path() function that tries to
connect each waypoint with every other waypoint in the path
to try to find a shorter path.

We can also use this geometric planner to find paths
between a batch of start and goal configurations or from a
single start to a goal set. This can be achieved by randomly
choosing a query index (for which a path does not exist yet)
and sampling in this query region to expand the graph (lines
10,11).

V. IMPLEMENTATION DETAILS

We implement the full stack in PyTorch (v1.12) motivated
by recent libraries that have been able to leverage GPU
acceleration in robotics [32–34] while also enabling easy
programming of new tasks. Additionally, our PyTorch-based
stack can leverage CUDA Graphs [35] as we use reference
pointers for most of our tensors. Using CUDA Graphs lowers
the GPU kernel setup and launching overhead, which can
be a significant factor for short running kernels. This also
reduces the overhead of using Python as our programming
language.

Algorithm 3: Parallel Geometric Planner
Data : θb,0, θb,g
Param: gmax, grefine, cmax,cdefault, krefine,

kexplore, pinit, prefine, pexplore
Result: path found, path(Θb,[0,w])
Init : kn ← kexplore, cmax ← cdefault,

pn ← pexplore, i← 0
1 e = [[θb,0, θb,g], [θb,g , θb,0], [θb,0, θr], [θr, θb,0],

[θb,g , θr], [θr, θb,g]]
2 steer connect(e) ▷ Connect start, goal, and retract
3 path found, path, min len ← shortest path(θb,0, θb,g)
4 if path found then
5 path, min len, cmax ← shortcut path(θb,0, θb,g)
6 if min len == 2 then return path
7 end
8 cmin ← dist(θb,0, θb,g)
9 while not path found or i < grefine do

10 id←random(!path found) ▷ Pick an index from the
set of queries that do not have a path yet.

11 θs,k ← sample nodes(θ0, θg, cmax, pn) ▷ sample
nodes within ellipse

12 e← near(kn, θs,k) ▷ Find kn nearest samples θs,k
to existing nodes in graph

13 steer connect(e) ▷ Steer and connect to graph
14 path found, path, min len ← shortest path(θb,0,

θb,g)
15 i+ = 1
16 if path found && min len > 3 then
17 path, min len, cmax ← shortcut path(path)
18 else
19 cmax[id]← cmax[id] + cmin[id] ∗ ηexplore
20 pn+ = ηexplore ∗ pn
21 kn+ = ηexplore ∗ kn
22 end
23 end
24 return path found, path

We implement custom CUDA kernels for the L-BFGS step
direction computation, robot forward and backward kine-
matics, robot-environment and robot-self distance queries.
Our environment can be represented with oriented bound-
ing boxes, meshes and depth images + camera poses of
the environment. We implement a highly optimized CUDA
kernel for Sphere-OBB distance queries and integrate with
an existing CUDA kernel from nvblox [36] for distance
queries from a mapped environment (map built with a
depth camera attached to the robot’s end-effector). For
distance queries with meshes, we write CUDA kernels in
NVIDIA’s warp library and integrate it with PyTorch. We
go into extensive details on our CUDA kernels in our
website (sites.google.com/nvidia.com/curobo).

VI. RESULTS

We validate our approach for all benchmarks on the Franka
Emika Panda robot which has 7 actuated joints. Runtimes
are measured using Python’s time utility. We evaluate on
two compute platforms and three total configurations. We
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use a PC with an intel i7-7800X CPU and NVIDIA RTX
4090 GPU, and an NVIDIA Jetson AGX Orin 64GB system
configured to operate at MAXN (60W) and 15W power
budgets. We evaluate motion generation on 8 scenes from
the motion benchmaker dataset [37].

A. Kinematics and Distance Queries

We plot the number of queries per second (Hz) it takes
to compute forward kinematics and distance queries in
Fig. 3 and compare that to a PyTorch implementation of
forward kinematics from STORM [32, 33], KDL’s forward
kinematics available through tracikpy and Pinocchio [38],
which is a state of the art for CPU-based methods. We
additionally show the effect of CUDA Graphs in calling
GPU methods by adding a suffix “-CG”. For distance queries,
we compare with two prior methods – PyBullet which uses
Bullet to compute the signed distance [39] and STORM. Our
method is significantly faster starting at a batch size of 1000
for forward kinematics. For distance queries, we are faster
beginning at a batch size of 1 as our approach uses many
parallel threads on the GPU to compute distance across many
obstacles.

B. Inverse Kinematics

We compare the performance of our inverse kinematics
solver against TracIK [40]. We perform two sets of ex-
periments: (1) without collision checking and (2) with self
and environment collision checking. We chose an instance
of the bookshelf-small-panda scene from motion bench-
maker [37] for the collision checking experiment. We sample
feasible joint configs from a Halton Sequence and average

KDL

Pinnochio

Storm

Storm-CG

CuRobo

CuRobo-CG

Robot-World Signed Distance

Robot Kinematics

1 10 100 1000 10000 100000
Batch Size

103

104

105

106

107

108

Q
u
e
ri

e
s 

Pe
r 

S
e
co

n
d
 (

h
z)

PyBullet

1 10 100 1000 10000 100000

104

106

108

Q
u
e
ri

e
s 

Pe
r 

S
e
co

n
d
 (

h
z)

Fig. 3. In the top plot, we see our forward kinematics match CPU methods
at a batch size of 100 and becomes faster by upto 891x on 100k. In the
bottom plot, we see that our distance queries is upto 16,000x faster than
PyBullet as the batch size grows to 100k. Note that the y-axis is in log
scale.

the results across 5 trials for different batch sizes. Since
TracIK does not account for collisions, we perform rejection
sampling with PyBullet, allowing 10 reattempts. For all
CuRobo IK queries, we run 30 seeds in parallel and return
the best solution from these seeds. We evaluate IK with 5
different batch sizes – 1, 10, 100, 500, and 1000. For a single
query (batch size=1), CuRobo takes 3.64ms while TracIK
only takes 2ms. However, as we increase the batch size of
IK queries, we see a speedup starting from a batch size of
10.

For collision-free motion generation, we found a batch
size of 100 for IK to sufficiently solve most problems in
the motion benchmaker set. For the standard IK problem,
we can generate upto 12600 solutions per second when we
use a batch size of 100 while TracIK can only generate 300
solutions, 42x slower than our method. When we compare
collision-free IK, our method (CuRobo-Coll-Free) can com-
pute 9520 compared to rejection sampled Trac-IK (TracIK-
Coll-Free) which can only obtain 112 collision-free solutions
per second in our experiments, 85x slower than our approach
to collision-free IK as shown in Fig. 5-B. While literature
suggests that BioIK [41] can solve IK in 0.7ms, it is not clear
whether the runtime includes collision-free IK. In either case,
our method is still faster at 0.12ms for collision-free IK and
0.06ms for kinematic IK.

C. Trajectory Optimization Analysis

Before we compare our motion generation with existing
methods, we analyze the impact of different components in
our stack on the cage-panda environment shown in Fig. 1.
We specifically show in Fig. 4 that increasing the number
of parallel seeds significantly reduces the planning time,
especially in difficult problems as indicated by the shorter
lines on the tail end of the plot (i.e., closer to 100% on y-
axis). We also show that increasing the parallel seeds to very
large values such as 100 (Opt-100) results in much slower
planning times throughout the test set. Through this analysis,
we found the best performance in success rate and compute
time can be achieved when we use 4 parallel seeds and use
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Fig. 4. We show how convergence rate is affected by the number of
parallel seeds (suffixed number) we use in our optimizer. We show that
adding a graph search based fallback (Opt-1-GP) does not significantly
reduce planning time while increasing number of parallel seeds reduces
the planning time on the tail end.
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Fig. 5. We compare motion generation methods in (A), compare speedup of different components on PC in (B) and compare compute time across compute
devices in (C). In (A), we see that CuRobo’s curve is always to the left of Tesseract across the full test set. In (B), we see the speedup across different
components in CuRobo, where MG-Py shows the speedup when accounting for python overhead and post processing while MG referes to the speedup we
achieve when only timing the optimization parts. In (C), we see our method CuRobo outperforming Tesseract across all devices, including on ORIN when
running on only 15W.

geometric planning to seed only as a fallback after 3 random
restarts. On harder problems (table-pick-panda, table-under-
pick-panda), using 6 seeds gave us the best performance.

D. Motion Generation

We compare our method with geometric planning methods
RRTConnect [42] which is a bidirectional feasible planner
that is shown to be the fastest in finding a path (while the path
may not be optimal) and AITStar [43] which is an asymp-
totically optimal planner that is proven to converge to the
shortest path given infinite time. We use their implementa-
tions from Open Motion Planning Library (OMPL) [44]. We
use PyBullet [39] for collision checking in these methods and
hence call them PyBullet-RRTConnect and PyBullet-AITStar,
respectively. These methods are commonly used in many
research efforts as they are accessible from Python [45].

We also compare to Tesseract [20] which uses Bullet’s
continuous collision detector [39], OMPL [44] for geometric
planning, and TrajOpt [9] for trajectory optimization. We
use two motion planning methods from Tesseract, one that
only performs geometric planning which we call Tesseract-
GP and one that uses the geometric plan as a seed to
Trajopt for trajectory optimization which we call Tesseract.1

We compare these baselines to two versions of motion
generation from CuRobo, one that only does geometric
planning CuRobo-GP and the other that does Trajectory
Optimization CuRobo. For all methods, we timeout at 30 sec-
onds and allow random restarts until then. For PyBullet and
Tesseract, we use TracIK-Coll-Free to obtain a collision-free
goal config. For our methods, we use our IK solver (CuRobo-
Coll-Free) with 100 parallel seeds.

As seen in Fig. 5-A, our geometric planner CuRobo-
GP’s path length is significantly shorter than AITStar while
also taking only 27ms on average across the full dataset.
When compared with Tesseract-GP, our geometric planner
is 28x faster while obtaining paths that are 3.5 radians (60%)
shorter in C-space on average. When comparing trajectory

1We also tried Tesseract’s TrajOpt integration with a linear seed but it
failed to find solutions on most problems.

Fig. 6. We show the UR10 robot avoiding an obstacle by using CuRobo
for motion generation in combination with a ESDF map that was built with
nvblox.

optimization methods, we first observe that both Tesseract
and CuRobo get significantly shorter paths than geometric
planning methods as seen by the gap between these methods
and the others in x-axis of the C-Space path length plot in
Fig. 5-A. In the middle plot of Fig. 5-A where the x-axis
is plotted in log scale, we see that CuRobo is 62x faster,
taking only 25ms on median to solve these problems, com-
pared to 2.04s needed by Tesseract. We now run Tesseract
and CuRobo on low-power NVIDIA Jetson AGX Orin to
evaluate motion generation on an edge device that has power
envelope similar to that of on-robot computers. As seen in
Fig. 5-C, our approach is 31x faster at 60W and 16x faster
at 15W on average.

We also demonstrate our approach on an UR10 robot,
where we first scan the world using a realsense D-415 camera
attached to the end-effector and build an ESDF map using
nvblox [36, 46]. We then generate motions for the robot to
go around obstacles using CuRobo as shown in Fig. 6.

VII. CONCLUSION

We formulated the global motion generation problem as
an optimization problem and introduced techniques from
global optimization literature to efficiently solve these motion
generation problems leveraging parallel compute. Our ap-
proach achieves a 62x speedup compared to existing motion
generation methods on average and can plan motions within
25ms on median. However, our 98% planning time is at
312ms while 52x faster than baselines is still much slower
than our median time of 25ms. Our future work will explore
reducing this gap between median and 98% planning time
leveraging learning to seed optimization.
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